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Abstract 
 

The concept of service engineering has emerged in terms of the design and development of innovative 

services, adopting more technical-methodological approaches and utilizing existing engineering 

know-how in the area of product development. In contrast to the extensive body of literature 

regarding the development of service engineering approaches for use in the pre-launch stages, 

relatively little attention has been paid to the post-launch stages. A major research gap remains in the 

literature as to how to facilitate service improvement from the perspectives of customers and value 

creation. Recognizing the value of customer reviews as a comprehensive source of the customers’ 

voice, this dissertation develops models and methods for customer review analytics for customer-

centric continuous service improvement. The dissertation comprises three issue papers, each 

concerning a critical issue in continuous service improvement. 

The first issue paper focuses on the dynamics of services given that different improvement 

strategies should be implemented along with different life cycle stages. This study develops a 

stochastic service life cycle analysis to gauge where a service is in its life cycle and to provide 

forecasts about its future prospects. The number of customer reviews is used to customer-attention-

based service maturity and a hidden Markov model is employed to estimate the probability of a 

service being at a certain stage in its life cycle. Based on this, we also develop three indicators to 

represent the future prospects of a service’s life cycle progression. The main advantages of the 

proposed approach lie in its ability to model different shapes of life cycles without any supplementary 

information and to examine a wide range of services within acceptable limits of time and cost. 

Furthermore, a case study of the mobile game services in the Apple App Store is presented.   

The second issue paper focuses on correcting the existing defects for continuous service 

improvement. This study develops an integrated approach of sentiment analysis and statistical process 

control to monitoring customer complaints and detecting potential service failures. The sentiment 

analysis enables the systematic identification of customer complaints from customer review data. 

Statistical process control facilitates the early detection of significant customer complaints that may 

lead to service failures. The integration of these methods enables the detection of customer complaints 

from customer reviews and prevents service failures that might occur if customer complaints are not 

resolved properly. Additionally, we presented a case study regarding the mobile game services in the 

Apple App Store is presented. 

The third issue paper focuses on the establishment of long-term strategies for continuous 

service improvement. This study presents an approach to identifying competitors and benchmarks and 

developing service benchmarking guidelines based on customer perception. The proposed approach 

includes (1) topic modeling to identify service attributes from customer reviews; (2) index and 
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sentiment analysis to measure the importance of service attributes and the focal company’s 

performance in the same attribute; (3) clustering and the technique for order of preference by 

similarity to ideal solution (TOPSIS) to select competitors and best practices as benchmarks based on 

customer perception; and finally (4) importance-performance competitor analysis to develop a 

strategic action plan. The proposed approach enables the quick identification of key aspects of the 

focal company’s service and its competitors’ services and assessment of the performance of the focal 

company and benchmarks within acceptable time and cost limits. A case study of hotel services in 

Bangkok confirms that the proposed approach is valuable as a complementary tool for customer-

oriented service benchmarking.  

The contributions and utilities of this dissertation are three-fold. First, from a theoretical 

perspective, this dissertation contributes to service engineering research by developing quantitative 

models and methods for use in the post-launch stage. Second, from a methodological perspective, the 

dissertation extends prior expert- and customer survey-approaches to data-driven approaches, thereby 

enabling the quick analysis of the focal company’s and competitors’ services. Finally, from a practical 

standpoint, we automated the proposed approaches to allow non-specialists who are unfamiliar with 

customer review data and complex algorithms to benefit from the analysis results. Although further 

testing of a wider range of services is required, the systematic processes and quantitative outcomes of 

the proposed approaches offer a substantial contribution to both current research and future practice 

and service as a starting point for the development of more generalized models. 
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1 Introduction 

1.1 Background and motivation  

As innovation cycles become shorter and service systems become more complex, the systematic 

development and management of services have become more important as innovation cycles become 

shorter and service systems become more complex (Maglio and Spohrer, 2008). The concept of 

service engineering has emerged in this context to design and develop innovative services, adopting 

more technical-methodological approaches and utilizing existing engineering know-how in the area of 

product development (Bullinger et al., 2003). Service engineering facilitates the entire process of 

development and management of services ranging from service design in the pre-launch stages to 

service improvement in the post-launch stages.  

A variety of models, methods, and tools for service engineering have been presented for 

different contexts including the identification of new service opportunities (Lee and Lee, 2015), the 

generation of new service ideas (Kuusisto et al., 2013), and the evaluation and selection of new 

service concepts (Lee et al., 2012). However, in contrast to the extensive body of literature regarding 

the development of service engineering approaches for use in pre-launch stages, relatively limited 

attention has been paid to post-launch stages. Although some studies have attempted to develop 

service engineering approaches for use in post-launch stages (Kim and Lee, 2017), a major research 

gap remains in existing literature as to how to facilitate service improvement processes from the 

perspective of customers and value creation (Wemmerlov, 1990).  

Service improvement, which aims to correct existing defects while establishing long-term 

strategies to secure sustainable competitiveness (Schweitzer and Aurich, 2010) – is a crucial activity 

in the post-launch stage for sustainable businesses. Given the distinctive characteristics of services, 

the nature of service improvement differs from that of product improvement, as follows. First, the 

characteristics of services, namely intangibility and simultaneity, make it difficult to improve service 

quality since the results of services cannot be observed. Second, with respect to the first issue, service 

is a perspective on value creation and that value creation is best understood from the lens of the 

customer (Parasuraman et al., 1988; Edvardsson et al., 2005), since customers are active participants 

in service delivery processes. In this context, the term service quality has been used interchangeably 

with customer satisfaction (Johnston, 2005), and customer satisfaction has been considered as the key 

factor that should be considered in service improvement (Aguwa et al., 2012; Johnston, 2005). Finally, 

the modification of services is more frequent and relatively easier than that of products since services 

are more closely related to business processes than products.  

Regarding the use of methods for service improvement, the dominant approaches rely on 
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expert knowledge or experience and customer surveys (Chen et al., 2014; Park et al., 2015). While the 

results of previous studies have proved quite useful for different purposes, such expert-centric and 

survey-based approaches have become extremely time-consuming and labor-intensive (Groves, 2006). 

Moreover, the quality and reliability of analytical processes and results strongly depend on expert 

panels (e.g., expert selection and panel size) (Bi et al., 2019), survey questionnaires (e.g., contents, 

complexity, and length) and the willingness of respondents to participate (Groves, 2006). Although 

some prior studies have presented engineering-centric approaches to service improvement using 

quantitative data and scientific methods such as data envelopment analysis (DEA) (Lee and Kim, 

2014) and multi-criteria decision-making methods (Fu et al., 2011; Min, 2010), the scope of these 

analyses and their potential implications were limited as they focused on financial or operational 

indicators from the perspective of service providers rather than that of customers (Shamma and 

Hassan, 2013) 

These drawbacks have necessitated the development of new service engineering approaches 

to service improvement. Three main issues are central to this problem and need to be addressed. First, 

different service improvement strategies should be implemented along with different life cycle stages. 

At its core, this issue involves the dynamics of services, i.e., a service is introduced to a market, grows 

in popularity, and is then removed as demand drops. To perform meaningful analysis and derive 

recommendations for actions regarding service improvement, it would be useful to measure the 

dynamics of services and then take this as a basis for developing service improvement strategies. 

Second, in contrast to tangible products, services have distinctive features such as intangibility and 

heterogeneity, which create special aspects and issues for service improvement. It has been widely 

accepted that service is a perspective on value creation and that value creation is best understood from 

the lens of the customer based on the value in use (Edvardsson et al., 2005). However, prior studies 

have tended to draw from existing approaches in the product development domain from a provider-

oriented perspective, and little effort has been made to incorporate customer-centric aspects when 

developing service improvement strategies. Hence, any approaches developed need to place customer 

perception and value creation in the center of service improvement, taking into accounts the 

distinctive characteristics of service (Wemmerlov, 1990). Finally, service improvement is not a one-

time activity but a continuing process (Eccles and Durand, 1998). Some improvement activities such 

as service failure detection and recovery should be performed proactively. Moreover, some 

improvement activities to establish mid- and long-term plans may require the analysis and assessment 

of a wide range of competitors’ services. This is especially important in recent business environments 

wherein the number of services (or competitors) is increasing dramatically, service systems are 

increasingly complex and customer needs are becoming diversely segmented. Therefore, it is crucial 

to secure the applicable quantitative data and develop a systematic framework, enabling the quick 
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analysis of the key aspects of services to facilitate decision making with acceptable limits of time and 

cost.  

Researchers have begun to utilize customer reviews as a source of the comprehensive voice 

of the customer (VoC) to capture customer attention, complaints, requirements, and satisfaction for the 

purpose of service improvement (Hu et al., 2019). There has been a significant increase in attempts to 

develop models and methods for purpose-specific customer review analytics. While previous studies 

have proved quite useful for identifying service attributes and measuring service performance, they 

are subject to certain limitations, as follows. First, previous studies do not provide implications on the 

types of service improvement strategies to be implemented. In order to be able to perform meaningful 

analysis and derive recommendations for actions regarding service improvement, it is useful to 

measure the maturity and/or dynamics of services and take them as a basis for developing service 

improvement strategies. Second, previous studies are limited to retrospective approaches that develop 

service improvement strategies based on past performance and consequences at a certain point in time. 

Lastly, previous studies are limited to examining financial and operational aspects in the 

benchmarking process especially when selecting competitors (or best practices) as benchmarks.  

To tackle these problems, this dissertation constructs a framework for continuous service 

improvement. The proposed framework enables to understand the current life cycle stages of a service 

in its life cycle, defects that must be fixed for short-term improvement, and strategies should be 

established for long-term improvement. It is designed to be executed in three discrete steps: 

understanding necessary improvement strategies; correcting existing defects; and establishing long-

term improvement strategies. To support each step, three research issues were defined as follows.  

The first issue is concerned with the dynamics of services given that different service 

improvement strategies should be offered along with different life cycle stages. Despite the apparent 

potential of life cycle analysis for application as a systematic tool for use in the service sector, the 

analytical framework and procedures for service life cycle analysis have rarely been discussed in 

previous research. Although some studies have presented the concept of service life cycles, the 

implications of these studies cannot be directly linked to service improvement, since they are designed 

to support the planning of new service development based on case-specific conceptual frameworks. 

This dissertation extends previous expert-centric conceptual service life cycle analysis for use in the 

pre-launch stage to customer-centric data-driven service life cycle analysis for use in the post-launch 

stage. 

The second issue is associated with service failure monitoring as a tool to correct existing 

defects for service improvement. Recognizing the utility of statistical process control (SPC) in service 

sectors, several attempts have been made in previous research to integrate SPC into service quality 

management (Wood, 1994). However, the scope of analysis and potential implications were limited in 
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that they only focused on monitoring and managing the physical aspects of service operations, such as 

waiting and response time, from the perspective of service providers rather than that of customers. 

This dissertation extends previous provider-oriented static assessments (i.e., diagnosing and assessing 

service quality at a certain point in time) to customer-oriented dynamic assessments (i.e., monitoring 

service failures based on customer complaints). 

The third issue deals with service benchmarking as a tool for establishing long-term service 

improvement strategies. Previous survey-based approaches might miss unexpected but important 

service attributes that are difficult to identify in the design of survey questionnaires. Furthermore, the 

quality and reliability of the analysis results strongly depend on the contents, complexity, and length 

of survey questionnaires as well as the willingness of respondents to participate (Groves, 2006). 

Although customer review-based approaches have enabled the identification of service attributes to be 

considered and the evaluation of service performance, they are limited to only examining the financial 

and operational aspects in the benchmarking process. This is especially true for the selection of 

competitors (or best practices) as benchmarks. This dissertation extends previous financial and 

operational indicator-based approaches to customer-centric approaches.   

These drawbacks provide the underlying motivation of individual issues papers and are fully 

addressed in this dissertation. The systematic processes and quantitative outcomes of the proposed 

approaches developed in this dissertation are expected to offer a substantial contribution to both 

current research and future practice. Research background  

 

 

1.2 Purpose 

This dissertation aims to develop models and methods for the purpose of customer review analytics 

for customer-centric continuous service improvement. The dissertation consists of three issue papers, 

each of which is concerned with a critical problem for continuous service improvement, as shown in 

Figure 1.  
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Figure 1. Research issues in this dissertation 
 

The first paper is concerned with the dynamics of services given that different service 

improvement strategies should be established along with different life cycle stages. This study 

proposes a stochastic service life cycle analysis to gauge where a service is in its life cycle and to give 

forecasts about its future prospects. The number of customer reviews is employed to measure 

customer attention-based service maturity and a hidden Markov model (HMM) is used to estimate the 

probability of a service being at a certain stage of its life cycle progression. The main advantage of the 

proposed approach lies in its ability to model different shapes of life cycles without any 

supplementary information and to examine a wide range of services within acceptable time and cost 

limits.  

 The second paper is associated with service failure monitoring as a tool for correcting 

existing defects for service improvement. This study develops an integrated approach of sentiment 

analysis and SPC analysis to monitor customer complaints and to detect potential service failures. The 

sentiment analysis enables systematic identification of the level of customer satisfaction from 

customer review data. The SPC allows early detection of significant customer complaints and 

prevents the relevant service failures. The integration of these methods enables the detection of 

customer complaints from customer reviews and prevents potential service failures that may arise 

from the improper resolution of customer complaints. 

The third paper deals with service benchmarking as a tool for establishing long-term service 

improvement strategies. This study presents an approach to identifying competitors and benchmarks 

and developing service benchmarking guidelines based on customer perception. The proposed 

approach includes (1) topic modeling to identify service attributes from customer reviews; (2) index 

and sentiment analysis to measure a service attribute’s importance and the focal company’s 

performance in the same attribute; (3) clustering and TOPSIS to select competitors and best practices 

as benchmarks from the perspective of customers; and finally (4) importance-performance competitor 
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analysis to develop a strategic action plan. The proposed approach enables the quick identification of 

THE key aspects of the focal company’s and competitors’ services and assessment of the performance 

of the focal company and benchmarks within acceptable time and cost limits. 

 

 

1.3 Scope and framework 

This dissertation comprises three issue papers regarding customer-centric continuous service 

improvement in the post-launch stage. The theoretical and methodological scope of this dissertation is 

shown in Figure 2. From a theoretical perspective, given that different service improvement strategies 

should be implemented along with different life cycle stages, the first paper on service life cycle 

analysis guides organizations toward understanding necessary service improvement strategies. The 

second and third papers develop methods for continuous service improvement, focusing on the 

maturity stage of service life cycles. Specifically, the second paper develops a method for service 

failure monitoring to understand existing defects for service improvement, and the third paper 

develops a method for service benchmarking to aid long-term strategy development for service 

improvement.  

From a methodological perspective, recognizing the value of customer reviews as a source of 

the comprehensive VoC, this dissertation extends previous provider-centric qualitative approaches to 

customer-centric quantitative approaches. Moreover, the dissertation adopts and integrates various 

approaches, such as natural language processing, machine learning, multi-criteria decision making, 

and information visualization to facilitate continuous service improvement within acceptable time and 

cost limits. We emphasize the systematic process of the developed approach in terms of inputs, 

throughputs, and outputs, allowing those unfamiliar with complex algorithms to benefit from the 

research results. 
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Figure 2. Theoretical and methodological scope of the dissertation 

1.4 Outline  

The remainder of this dissertation is organized as follows: Chapter 2 presents the research background 

regarding service improvement and customer review analytics. This chapter summarizes the results of 

previous studies and the differences between previous methods and the proposed approaches. 

Chapters 3, 4, and 5 form the main body of this dissertation as shown in Figure 3. Each chapter 

includes the introduction section, the background section, and summary and discussions section to 

clarify the necessity, motivation, and implications of the issue papers. Finally, Chapter 6 concludes 

with the contribution and limitations of this dissertation and suggests direction for future research. 

 

Figure 3. Structure of main bodies of the dissertation 
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2 Literature reviews  

2.1 Service improvement  

The general need for continuous service improvement is not controversial in theory and practice since 

every service system is created based on incomplete information and thus fallible. Moreover, firms 

need to respond to customers’ changing and evolving needs to secure sustainable advantage and to 

establish long-term strategies (Schweitzer and Aurich, 2010). In this context, virtually all service 

companies in today’s competitive and dynamic marketplace recognize continuous service 

improvement as the most crucial activity for differentiation and competitive advantage (Dickson, 

2015; Lages and Piercy, 2012). 

Given the distinctive characteristics of services, the nature of service improvement differs 

from that of product improvement, as sated in the introduction. As far as the models and methods for 

service improvement are concerned, the literature shows a trend towards extending previous 

qualitative approaches to quantitative approaches. The results of major qualitative studies are 

summarized as follows. Kingman-Brundage (1989) mapped the activities in a service process from 

the perspective of customers for redesigning the service process and reducing service failures. 

Ballantyne (1991) proposed the use of a fishbone diagram that represents a work process with 

potential cause and effect relationships to prevent service failures. Cantwell et al. (1997) identified 

problems and causes influencing the efficiency of operating rooms through brainstorming and 

fishbone diagrams to improve the quality of medical services. Similarly, Duckett and Nijssen-Jordan 

(2012) convened an expert workshop for addressing the problems of long waits in emergency 

departments to improve the quality of medical services.  

Regarding the quantitative approaches to prioritizing service attributes to be improved, Chen 

(2016) employed the quality function deployment (QFD) to transform customer demands to 

management techniques and utilized the failure mode and effect analysis (FMEA) to determine 

improvement priorities of customer demands. Liou et al., (2011) applied modified VIKOR (in Serbian: 

VIseKriterijumska Optimizacija I Kompromisno Resenje, meaning multi-criteria optimization and 

compromise solution) method that to determine improvement priority of service attributes. Focusing 

on competitor analysis and benchmarking, Park et al. (2015) suggested a dual quality function 

deployment (QFD) by relocating the benchmarking matrix to the main body of the original QFD for 

comparative assessment of the activities of two firms (i.e., focal company and its competitor). Johns et 

al. (1997) employed data envelopment analysis (DEA) to develop the benchmarking guidelines on 

improving the productivity of hotel services. Specifically, four input variables (i.e. the number of 

rooms, total labor hours, food and beverage costs, and utility cost) and three output variables (i.e. the 
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number of rooms sold, total cover served in the restaurant, and beverage revenue) were used. Lee and 

Kim (2014) proposed an integrated approach of DEA and SERVPERF for identifying whom to 

benchmark and examining what degree service quality should be improved. Specifically, they used the 

five dimension values of SERVPERF models as outputs of the DEA to provide a single measure of 

overall service quality and benchmarking guidelines for inefficient decision-making units (i.e., service 

units). Albayrak (2015) proposed an importance-performance competitor analysis that considers two 

types of gaps: the one is the gap between the importance of service attributes and the focal company’s 

performance in the same service attribute, and the other is the gap between focal and competing 

companies’ performance scores. Hemmington et al. (2018) developed an extended importance-

performance analysis (IPA) to determine improvement priorities of service attributes based on the 

linear relationship between competitors’ value and own value.  

However, while prior studies have proved quite useful for different purposes, they rely 

heavily on customer survey data, thereby time-consuming and labor-intensive (Ziegler et al., 2008). 

Furthermore, the quality and reliability of analysis results strongly depend on the contents, complexity, 

and length of survey questionnaires as well as the willingness of respondents to participate (Groves, 

2006). These drawbacks have led to a significant increase in attempts to use quantitative data and 

scientific methods. Among others, one attempt is to analyze customer review data which will be 

discussed in the next section.  

 
 
2.2 Customer review analytics  

The increased availability of online platforms and the introduction of intelligent computational 

algorithms have meant that service improvement no longer depends solely on expert knowledge and 

customer surveys, but can exploit a great deal of information that can be collected on the web. Among 

others, customer review data as a source of the comprehensive VoC has received increasing attention 

from researchers and industrial practitioners (Hu et al., 2019). Customer reviews data has advantages 

in that it is publicly available, easily collected, low cost, spontaneous, and insightful, but also simple 

to monitor and manage (Guo et al., 2017). Moreover, the use of customer reviews for service 

improvement is applicable to a wide range of services as many firms operate online platforms and 

forums to interact with customers (Bickart and Schindler, 2001). If properly analyzed, this database 

can provide organizations with rich and credible insight into customer perceptions and opinions on 

their services.  

Customer review data can be obtained from many different sources, including online forums 

and platforms and social network services. Although the structure and content of customer reviews 

may differ across data sources, they generally provide information on overall ratings and review 
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contents as well as basic information such as customer profiles and review dates. In particular, overall 

ratings are used as a proxy for overall service quality or customer satisfaction while contents are used 

to identify service attributes and to measure the service performance. 

Early research on customer review analytics has led by researchers in disciplines such as 

computer science and applied statistics (Dave et al., 2003). For instance, Hu and Liu (2004) measured 

the sentiment scores of customer reviews through part-of-speech tagger by extracting the nearby 

adjectives of the product- and service-related features to summarize customer reviews. Popescu and 

Etzioni (2007) introduced an unsupervised information-extraction system that improves Hu and Liu 

(2004)’s feature-based summaries of customer reviews. Quan et al., (2015) proposed a self-

aggregation based topic model that aggregates short texts based on general topic affinity of texts 

rather than particular heuristics. Xiong et al. (2018) proposed a word-pair sentiment-topic model to 

detect sentiments and topics simultaneously from the contents of customer reviews. Vinodhini and 

Chandrasekaran (2016) compared the performance of neural network-based sentiment classification 

methods, probabilistic neural networks (PNNs), and a homogeneous ensemble of PNNs and 

concluded that PNNs outperform in classifying the sentiment of customer reviews. Similarly, 

Hartmann et al. (2019) compared the performance of different methods for sentiment analysis across 

41 social media datasets and concluded that random forests and naïve Bayes perform best among ten 

algorithms (five lexicon-based algorithms and five machine-learning algorithms). However, prior 

studies have used customer reviews as a data source of short texts and thus lack important details 

about value creation and implications for service improvement. 

Recognizing its value, there has been a significant increase in attempts to align customer 

review analytics with the issues associated with service improvement. The results of major studies are 

summarized as follows. First, focusing on the contents of customer reviews, Kang and Park (2014) 

proposed a framework for measuring customer satisfaction by combining sentiment analysis and 

VIKOR. They assessed customer satisfaction for each service attribute via a sentiment analysis of the 

contents of customer reviews and measured the degree of customer satisfaction using VIKOR. 

Similarly, Song et al. (2016) proposed an analytical framework and procedure for analyzing customer 

reviews tailored to diagnosing service quality. They conducted a sentiment analysis of the content of 

customer reviews to capture customer perceptions and expectations at the service-feature level. Gitto 

and Macuso (2017) classified customer reviews into two classes (i.e. aviation related reviews and 

non-aviation related reviews) and compared the proportion of positive, negative, and neutral reviews 

in each class to improve airport services. Gao et al. (2018) identified the perceived quality of a focal 

firm’s and its competitors’ service via sentiment analysis. Min et al. (2018) classified customer 

reviews into two classes (i.e., positive and supplementation-required reviews) and plotted the two 

types of customer reviews to investigate Kano model dynamics, showing that customer requirements 
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for certain functions change over time.  

Second, some research has employed both the overall ratings and review contents to identify 

service attributes and measure the importance and performance of each attribute. Duan et al. (2013) 

employed LDA to classify customer reviews of hotel services into five SERVQUAL dimensions, 

namely, tangibles, reliability, responsiveness, assurance, and empathy. They found that the tangibles 

dimension has the strongest impact on service quality, as measured by overall ratings. Similarly, 

James et al. (2017) used LDA to identify six core topics, that is, staff and timeliness, physician 

compassion, experience, family, surgery, and diagnosis, from patient reviews of healthcare services. 

They identified physician compassion (i.e., whether the physician is perceived to be kind and makes 

the patient feel comfortable) as having the greatest effect on service quality. Guo et al. (2017) utilized 

LDA to identify key attributes of hotel services from the contents of customer reviews and a stepwise 

regression analysis to estimate the relative importance of the attributes using the sub-ratings on five 

dimensions (i.e., location, cleanliness, room experience, service quality, and value) as independent 

variables and the overall rating as the dependent variable. Luo and Tang (2019) applied the Latent 

Aspect Rating Analysis (LARA) to identify service attributes in accommodation sharing platform 

services (e.g., Airbnb) and to measure the importance of these attributes to reviewers’ inclusive 

satisfaction (i.e. overall rating).  

.
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3 Service Life Cycle Analysis based on Customer Attention 

3.1 Introduction  

The systematic development and management of services have become strategically more important 

as innovation cycles become shorter and service systems become more complex (Maglio and Spohrer, 

2008; Song et al., 2013). However, while there have been various discussions about scientific models, 

methods, and tools for use in the fuzzy front end of new service development processes (Kuusisto, 

Kuusisteo and Yli-Vitala, 2013; Lee and Lee, 2015; Lee, Kim and Park, 2010; Lee et al., 2012; Lee et 

al., 2013; Lee et al., 2009; Son et al., 2015), prior literature has not so far paid enough attention to the 

operational back end, especially for the post-launch review stage. There still remains a major question 

for decision-makers: how to support coordinated and systematic management of service after its 

launch using quantitative data and scientific methods. 

At its core is the dynamics of services –service is introduced to a market, grows in popularity, 

and is then removed as demand drops. The desire for sustainable businesses in practice has thus 

resulted in a need to implement different business strategies in different stages of service maturity. 

We suggest that a life cycle analysis, which was originally based upon a biological analogy, could be 

a good solution for guiding organizations towards building effective post-launch strategies as a 

service becomes mature. For decades, life cycle analysis has been regarded as a useful tool to assist 

decision making in operational, marketing, and innovation issues (Aitken, Childerhouse, and Towill, 

2003; Cox, 1967; Cunningham, 1969; Fuglsang, Sundbo and Sørensen, 2011; Hammer, 1981; Kotler, 

1965; Scheuing, 1969; Sundbo, 1997), and indeed is in intensive use in the product and technology 

sector under the label ‘product life cycle analysis’ (Scheuing, 1969; Rink and Swan, 1979) and 

‘technology life cycle analysis’ (Gao et al., 2013; Haupt et al., 2007). However, despite its apparent 

potential for application as a systematic tool for use in the service sector, the analytical framework 

and procedures for service life cycle analysis have rarely been scrutinized. Although a couple of 

studies presented the concept of stakeholder-driven service life cycles (Gu and Lago, 2007) and life 

cycles of mobile networks and relevant services (Van Den Ende, 2003), the implications of these 

studies cannot be directly linked to post-launch service strategies, since they are designed to support 

the planning of new service development based on case-specific conceptual frameworks. 

These drawbacks necessitate the development of a new method for service life cycle analysis, 

so that such analysis can more adequately inform decision making. Three main issues need to be 

addressed to fully attain the benefits of life cycle analysis of the post-launch review stage of new 

service development processes. First, in terms of the scope of the analysis, life cycle analysis is a tool, 

which focuses on three major functional aspects: planning, monitoring, and control (Hammer, 1981). 
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However, previous studies on service life cycle analysis have focused only on the planning aspect, 

and thus cannot facilitate stage-customized decision-making as a service becomes mature. Hence, any 

approach that is proposed needs to take the monitoring and control aspects into account, gauging 

where service is in its life cycle and giving forecasts about its future prospects – which are crucial in 

setting up the post-launch strategies for the service. Second, with respect to the idiosyncratic aspects 

of service maturity, different services present different rules of evolution. The classic bell-shaped 

curve is the most common pattern in the product and technology life cycle literature (Gao et al., 2013; 

Haupt et al., 2007; Rink and Swan, 1979), but very few services follow such a prescriptive cycle in 

reality. Although many other patterns – such as a cycle-recycle, rapid penetration, and innovative 

maturity – have been identified in the product sector (Rink and Swan, 1979), these cannot easily be 

used for service life cycle analysis due to the lack of theoretical understanding of patterns of service 

life cycles and the fundamental differences in nature between products and services (e.g. degree of 

tangibility and perishability). Thus, any approach that is proposed needs to model the different 

patterns of service life cycles flexibly. Last but not least, from a practical standpoint, expert-centric 

approaches are time-consuming and costly, and moreover, have difficulty in gathering the expert 

group and cultivating knowledge and experience in many different fields (Haupt et al., 2007). The 

current competitive marketplace accentuates the importance and necessity of quick analysis of in-

company and competitors’ services (Lee and Lee, 2015; Lee et al., 2013). Empirical experience has 

also shown that procedures and methods become established more easily in practice if they can be 

supported by information technology (Bullinger et al., 2003). Therefore, any approach that is 

proposed needs to secure applicable quantitative data and to employ computer-supported engineering-

centric methodologies so as to allow for the speedy analysis of a wide range of services at acceptable 

levels of time and cost. 

Considering these factors, we propose a stochastic service life cycle analysis to gauge where 

a service is in its life cycle, and to give forecasts about its future prospects. As a data source, we 

employ customer reviews to measure the customer-oriented service maturity for the following reasons. 

Firstly, previous studies have found that customer reviews are significantly related to customer 

attention (Yang and Fang, 2004) as well as service performance such as customer satisfaction (Kang 

and Park, 2014) and service quality (Bickart and Schindler, 2001), and so can provide insight into the 

implications of customer-focused post-launch strategies that are of particular importance in the 

service sector (Alam and Perry, 2002). In particular, previous empirical studies have identified that 

the number of customer reviews for an item is a good proxy for the item’s popularity or customer 

attention to the item, in that popular items are discussed more frequently than less popular items 

(Chevalier and Mayzlin, 2006; Duan et al., 2008; Zhu and Zhang, 2010). Secondly, it can provide 

information about a service’s entire life, from the launch of the service to its extinction. Finally, it can 
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be applicable to a wide range of services, as nowadays many service firms are operating channels to 

interact with customers (Verhoef, 2003). In this context, the proposed approach is based on the 

premise that the significant changes in the number of customer reviews can provide valuable 

information on the stages of a service’s life cycle progression. Specifically, HMM, which is an 

unsupervised machine learning technique based on a doubly stochastic process, is used to estimate the 

probability of a service being at a certain stage of its life cycle from the number of customer reviews. 

The HMM is considered the most appropriate method for analyzing the dynamic behavior of a system 

(i.e. service) with unobserved states (i.e. life cycle stages). Taken together, our method incorporates 

the three issues stated above into service life cycle analysis. Furthermore, a software system is 

developed to automate our method, allowing even those who are unfamiliar with customer review 

analysis and complex stochastic models to benefit from the research results. It is expected that the 

proposed approach can assist the formation of post-launch service strategies such as pricing and 

promotion, and further serve as a starting point for developing more generic models. Table 1 

summarizes the difference between previous research and the proposed method. 

 

Table 1. Comparisons of previous research and the proposed method 

Factor Previous research  Proposed method 
Objective  Service planning   Service monitoring and controlling 
Perspective Service developers or providers  Customers 
Approach Expert-based approaches Stochastic approaches 
Data Experts’ judgments Customer reviews 
Methods Case-based conceptual analysis HMM which is an unsupervised 

machine learning technique 
Outputs and 
implication  

General guidelines for new service 
development 

Stage-customized post-launch service 
strategies based on the service’s life 
cycle progression and its future 
prospects 

 

This chapter is structured as follows. Section 3.2 presents the background of service life cycle 

analysis and HMMs. The research framework is explained in Section 3.3, and then illustrated with a 

case study of mobile game services in the Apple App Store in Section 3.4. Finally, Section 3.5 offers 

our conclusions.  

 

3.2 Background 

3.2.1 Service life cycle  

A considerable amount of literature has been published on life cycle analysis to support decision 
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making in operational, marketing, and innovation issues at the various levels (e.g. product, industry, 

and technology). Of these, product life cycle analysis has been at the center of attention since its first 

introduction by Dean (1950). Although variations exist in the literature, this method generally deals 

with the unit sales curve for a product, extending from the time it is first placed on the market until it 

is removed (Bass, 1969; Bauer and Fischer, 2000; Kotler, 1965; Scheuing, 1969). Following this, a 

variety of issues and suggestions – such as the determinants of product life cycles (Scheuing, 1969), 

patterns of product life cycles (Bauer and Fischer, 2000), forecasting models of unit sales curves 

(Bass, 1969), role of product life cycles in the strategy formulation (Aitken et al., 2003; Scheuing, 

1969) – have been presented. 

However, contrary to the extensive body of literature on product life cycle analysis, the 

analytical framework and procedures for service life cycle analysis have rarely been investigated; due 

mainly to the inherent characteristics of services such as intangibility and insubstantiality. We can 

summarize the major studies’ results as follows. Barras (1996) built the foundation of the service 

innovation life cycle theory, suggesting the concept of reverse product cycles to describe the 

innovation process in the service sector. He divided the service life cycle into improved efficiency, 

improved quality, and new services stages according to the change of innovation frequency over time. 

Potts (1988) defined a service as follow-up management of a product, and presented the service life 

cycle that comprises rapid growth, transition, maturity, and end of life stages, in accordance with 

changes in product sales over time. Van Den Ende (2003) divided the life cycle of mobile networks 

and relevant services into transitional/mature and fluid phases, and developed a framework for the 

governance mode in different phases of the life cycle based on the degree of uncertainty and urgency 

involved in the networks and service development processes. Finally, Gu and Lago (2007) proposed a 

stakeholder-driven service life cycle model which consists of design time, run time, and change time 

for service-oriented architecture to represent the activities associated with the stakeholders and 

interactions and cooperation between them.  

While previous studies took the first step in the research on service life cycle analysis, they 

focused only on the planning of new service development or service innovations at the macro level. 

As a result, the implications of these studies lie mainly in the general guidelines for new service 

development, and thus cannot be directly linked to the post-launch strategies for a specific service. 

These drawbacks provide our underlying motivation and are fully addressed in our proposed approach 

by considering the issues regarding the scope of analysis, idiosyncratic aspects of service maturity, 

and practicality, as stated in the preceding section.  
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3.2.2 Hidden Markov model 

A hidden Markov model (HMM) is an unsupervised machine learning technique used to examine 

processes that are not fully observable. This method is based upon a doubly stochastic process in 

which an underlying process (i.e. state sequence) is not directly observable, but can be observed via 

another process (i.e. observation sequence). Because of these characteristics, the HMM has been 

widely used in research areas such as machine failure detection (Tai, Ching, and Chan, 2009), human 

activity recognition (Wong and Stamp, 2006), DNA recognition (Churchill, 1989), protein folding 

(Stigler, Ziegler, Gieseke, Gebhardt, and Rief, 2011), and technology growth analysis (Lee, Lee, and 

Yoon, 2011; Lee, Lee, and Yoon, 2012).  

A graphical representation of the HMM is represented in Figure 4. In the figure, each state 

variable depicted with an oval takes a discrete state value, S = {s1, s2, ..., sN}, while each observation 

variable, represented with a rectangle, takes either a discrete or continuous value, V = {v1,v2, …, vM}. 

The directed arcs indicate the dependency relationships between the states, and between the states and 

observations. Specifically, the states are related through a Markov process, and each state has a 

probability distribution over the possible observations. Hence, the observation sequence generated by 

an HMM gives information about the state sequence. 

 

 
Figure 4. Graphical representation of the HMM 

 

Three probability distributions – such as state transition probabilities (A), observation 

probabilities (B), and initial state probabilities (Π) – need to be estimated to build an HMM (Rabiner, 
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1989). Firstly, the state transition probability matrix A = [aij] represents the probabilities of a system 

moving from state si to state sj. This is generally based on the first-order Markov property where the 

state qt+1 depends only on the state qt, and is defined as: 

 

A = [aij] = P(qt+1=sj | qt=si); i, j = 1, …, N---------------------------------------------Eq. (1) 

 

where qt is the state at time t, and N is the number of states. Here, the optimal number of states is 

determined by using qualitative analysis or such quantitative tools as Bayesian information criterion 

(BIC), according to the circumstances. Secondly, the observation probability matrix B = [bj(m)] 

indicates the probabilities for the observation vector vm given the hidden state sj, and is defined as: 

 

B = bj(m)= P(ot=vm | qt=sj);  j = 1, …, N-----------------------------------------------Eq. (2) 

where ot is the observation at time t. Finally, the initial state probability vector Π denotes the 

probabilities that the first state in the sequence is si, and is defined as: 

 

Π = πi= P(q1=si);  i = 1, …, N---------------------------------------------------------Eq. (3) 

 

where πi indicates the initial probability that the first state in the sequence is si. 

The advantages of HMM for service life cycle analysis are three-fold. First, this method is an 

unsupervised technique, which can model different shapes of life cycles without any supplementary 

information (e.g. patterns of life cycles such as S-shaped curves). Second, this method can provide the 

objective information about the current life cycle stage of a service and its future prospects based on 

the theory of stochastic processes, which is well established. Finally, the HMM can serve as an 

effective tool for service engineering, enabling the quick analysis of a wide range of services. In this 

context, we employ the HMM based on customer reviews to examine the progression of a service’s 

life cycle.  

 

 

3.3 Proposed method  

Service life cycle analysis should 1) provide customer-oriented information, 2) offer objective 

information based on systematic methods, and 3) be applicable to individual services to facilitate the 

formation of post-launch strategies. However, as noted above, previous studies on service life cycle 

analysis focus only on the planning of new service development using case-specific conceptual 

frameworks, and therefore do not meet any of these requirements. From a methodological perspective, 
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curve-fitting techniques could be useful to address these issues, but suffer from drawbacks regarding 

the necessity of making assumptions about pre-determined growth curves. Moreover, the implications 

cannot be directly linked to stage-customized post-launch strategies. 

 Recent years have witnessed a significant increase in attempts to apply engineering-centric 

approaches in the service sector (Bullinger et al., 2003). However, there is little theoretical 

understanding of, and methodological investigation into, the ways of measuring service life cycles. In 

practice, it is almost impossible to obtain the historical information about the life cycle progression of 

similar, earlier services. Moreover, neither the process of a service’s life cycle progression nor the 

stage it has reached can be ascertained fully since service life cycles cannot be observed directly – 

what we can observe is some proxy indicators such as sales and customer feedback. In this context, 

unsupervised methods represent the true prospects of a service’s life cycle progression better than 

supervised methods where the values of dependent variables must be known for a sufficiently large 

part of the data. Among others, the HMM is considered the most appropriate method for analyzing the 

dynamic behavior of a system with unobserved states. 

Considering these points, we developed a stochastic service life cycle analysis using the 

HMM based on the customer reviews. Our approach is designed to be executed in three discrete steps, 

as depicted in Figure 5. Firstly, we obtain the customer reviews from the web, which are generally 

public and visible to other customers as well as developers. Secondly, the HMM parameters including 

stage transition probability and observation probability are estimated to identify the stages of a 

service’s life cycle progression based on the number of customer reviews. Here, it should be noted 

that the proposed approach is not limited to the use of the number of customer reviews, but can 

incorporate multiple indicators that may indicate a service’s life cycle stage such as sentiment (Song 

et al., 2016), customer ratings (Zhang et al., 2010), and depth/length (Mudambi and Schuff, 2010) of 

the reviews. Finally, the future prospects of a service’s life cycle progression are investigated based on 

three indicators: life cycle progression, life cycle regression, and service life time. 

 

3.3.1 Step 1: Data collection and pre-processing 

In fiercely competitive service marketplaces, customer management is considered a key factor for 

organizational sustainability (Storey and Easingwood, 1999). As one of the effort for this, companies 

operate the online platforms via which customers can talk about their experiences of services, and 

share them with others (Akehurst 2009; Witell, Kristensson, Gustafsson, and Löfgren, 2011). 

Although the structure and contents of reviews may differ across the platforms companies operate, 

they generally include information such as customer profiles, customer ratings, review contents, and 

review dates. 
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Figure 5. Overall process of the proposed approach 
 

In this study, the number of customer reviews in a unit time is selected as a proxy of customer-

oriented service maturity for service life cycle analysis. 

Once a focal service is selected, customer reviews are collected from the web via data 

crawling techniques. The documents collected at this stage are merely expressed in text format so they 

need to be pre-processed via data parsing techniques. They are parsed based on the structure of the 

documents, and then transformed into a customer review matrix, as exemplified in Table 2. In the 

table, STi and LDi indicate the title and launch date of the ith service while RCi,j denotes the review 

count of the ith service for the jth time unit after its launch. The sequence of review counts of a 

service is used as an input of the HMM to identify the stages of a service’s life cycle. 

 

Table 2. Form of customer review matrix 

Service Title Launch date Time t1 Time t2 … Time tm-1 Time tm 
ST1 LD1 RC1,1 RC1,2 … RC1,m-1 RC1,m 
ST2 LD2 RC2,1 RC2,2 … RC2,m-1 RC2,m 
… … … … … … … 
STn-1  LDn-1 RCn-1,1 RCn-1,2 … RCn-1,m-1 RCn-1,m 
STn  LDn RCn,1 RCn,2 … RCn,m-1 RCn,m 
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3.3.2 Step 2: Estimation of the stages of a service’s life cycle progression 

The HMM is employed to estimate the stages of a service’s life cycle progression based on customer-

oriented service maturity. To this end, we assume that the number of customer reviews is distributed 

according to a Poisson process with the event rate , but the rate changes over time along with the 

life cycle stages. This assumption has been widely used with considerable success to model the 

number of events in unit time (Burrel, 2001; Lee, Cho, Seol, and Park, 2012). Hence, we apply a 

Poisson mixture model to the customer review data, assuming the probability distribution of the data 

is modelled by a linear combination of Poisson distribution, as shown below.  
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where P(k) denotes a mixing parameter for the kth mixture component and p(y|k)=Po(y;λk) is the 

component-conditional probability density function for the kth mixture component. The Bayesian 

information criterion (BIC) is used to find the optimal number of stages, which corresponds to the 

number of stages of the service life cycle.  

The model parameters such as initial stage probability Π =[πi], the stage transition 

probability A=[Aij], and event rate λ =[λi], are estimated by maximizing the joint likelihood. The joint 

likelihood of an HMM over N sequence data is defined as: 
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where θ=(A, Π, λ) and the subscript n denotes the nth sequence. Specifically, the model parameters 

are estimated by using the Baum-Welch algorithm (Baum, Petrie, Soules, and Weiss, 1970) while the 

most probable stage sequence is obtained by using the Viterbi algorithm (Viterbi, 1967). Finally, the 

stages of a service’s life cycle progression are represented by combining the stage sequence and the 

event rate at each stage. 

 

3.3.3 Step 3: Identification of the future prospects of a service’s life cycle progression 

The future prospects of a service’s life cycle progression are investigated based on the Markov 

property. In a Markovian process with n exhaustive and mutually exclusive stages, the probability of a 

system moving from stage i at time t-1 to stage j at time t is represented in the one-step stage 

transition probability matrix A. For instance, if a service is currently in stage si, it moves to stage sj at 
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the next unit time with a probability denoted by Aij. Similarly, a service can remain in the stage it is in, 

and this occurs with probability Aii. Given the transition matrix, the probability of a service transiting 

from stage si to stage sj after n unit times is given in the ijth entry of n-step stage transition probability 

matrix A(n).  

 Based on this, we develop three indicators – life cycle progression, life cycle regression, and 

service life time – to represent the future behaviors of a service’s life cycle progression. Firstly, the 

progression indicator is based on the probability of a service transiting to the next stages after t unit 

times, and is defined as: 

 

Life cycle progression = ( )
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Secondly, the regression indicator is based on the probability of a service moving back to the previous 

stages after t unit times, and is defined as: 

 

Life cycle regression = 
1

( )

1

i
t

ij
j

�

�
�A -----------------------------------------------------------------Eq. (7) 

 

The value of these two indicators ranges from 0 to 1, and approaches 1 if a service is likely to transit 

to the next stages and move back to the previous stages, respectively. Finally, the life time indicator 

represents the time expected to reach the end stage. This indicator is rooted in the determination of the 

probability of at least one passage from stage i to stage j, defined as ( )
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the probability of a first passage from stage i to stage j in n unit times. An expression for ( )n
ijf  can 

be determined recursively as below:  
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Hence, the life time indicator is computed as: 

 

Service life time = ( ) 1
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where i is the current stage and j is the end stage. Here, Eq. (9) can be determined in a simpler way by 

using the following matrix-based formula (Taha, 2011) where I, Mj, and 1 are the (N-1)-identity 

matrix, transition matrix A less ith row and jth column of target stage, and (N-1) column vector with 

all elements equal to 1. 

 

 

3.4 Case study 

A case study of mobile game services is presented to verify the feasibility and applicability of the 

proposed approach for the following reasons. First, mobile services are one of the fastest-changing 

areas with shortened life cycles (Lee et al., 2013), but little effort has been made to support the post-

launch review stage of mobile service development processes. The Forrester research group predicted 

that the US market size of mobile services will reach $31 billion by 2016, and is increasing annually 

by 39% (Mulpuru, Evans, Sehgal, Ask, and Roberge, 2011). Among them, games are the most popular 

service category, representing 58% of all downloads in the mobile open markets (Agten, 2013). 

Second, customers may use the services for a very long time through just making a one-time purchase. 

In contrast, customers may actually not use the services after they purchase and download them. In 

this context, using the customer review data is more appropriate for measuring the customer-oriented 

service maturity. Finally, the life cycle in this category is expected to be shorter than that of any others, 

since competition among developers is fiercer and more competing services exist. The necessity of 

monitoring customer responses and managing competitor as well as in-company services, has come to 

the fore in this context. Therefore, we consider this case example to be appropriate for the suggested 

approach.  

 

3.4.1 Step1: Data collection and pre-processing 

The Apple’s App Store (http://www.iphoneappsplus.com) served as the source for data collection as 

follows. Firstly, the App Store represents the largest commercial and most dominant market in the 

world, which has more than 100,000 applications and where developers have earned $900 million in 

revenues (Ankeny, 2010). Secondly, the database is well organized in terms of search conditions and 

reliability, providing diverse information including customer reviews about each service with overall 

ratings and comments in electronic format. 

A panel of experts was gathered from company A to identify the services of interest 

including direct competitors’ and potential competitors’ services. In addition, a Java-based web 

mining program was developed to download the customer review documents automatically from the 

website, since the number of customer review documents was huge. The enormous numbers of 
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customer reviews inevitably require considerable time and resources if they are to be analyzed 

manually. A total of 45 mobile services with 153,084 customer reviews are collected, and then 

transformed into the structured database using Microsoft Office Access. The database includes service 

titles, launch dates, customer reviews, review dates, overall ratings, and others. 

Finally, the customer review matrix was constructed from the database. The unit time was set 

to one week to capture the service life cycle reflecting immediate customer responses. It can be 

modified according to the purpose of the analysis, considering the trade-off between the most 

complex analysis (e.g. daily analysis), and a simple one with a tractable model. The resulting 

customer review matrix is a 46 by 80 matrix, but is not reported in its entirety owing to lack of space. 

A part of the customer review matrix is depicted in Table 3. 

 

Table 3. Part of customer review matrix 

No. ST LD Time t1 Time t2 … Time t51 Time t52 
1 3D rollercoaster rush 2009-06-16 46 35 … - - 
2 20Q-mind reader 2009-07-21 19 31 … - - 
3 Amateur surgeon 2009-05-10 20 163 … - - 
… … … … … … … … 
43 Ishoot 2008-12-08 11 6 … 32 64 
44 Unblock me 2009-05-17 34 303 … - - 
45 Virtual pool 2008-11-23 18 21 … 2 3 
 

 

3.4.2 Step 2: Estimation of the stages of a service’s life cycle progression  

The model order was set to five based on the BIC after applying a Poisson model to the customer 

review data, which implies that the life cycle of mobile game services is best described with reference 

to the five different stages. The model parameters and the stage sequences were then estimated via 

Baum-Welch algorithms and Viterbi algorithms by using the ‘RHmm’ package implemented in R, as 

reported in Table 4. Note that the stages (from 1 to 4) are sorted so that the expected numbers of 

customer reviews therein are in ascending order while stage 5 represents the last stage of a service’s 

life cycle which indicates the minimum customer attention. 

The life cycle of mobile game services was derived by combining the stage sequence and event rate at 

each stage as exemplified in Figure 6. In the figure, services 21 and 30 present the different forms and 

shapes of life cycles. The most prominent difference is observed at the beginning of their life cycles. 

Service 21 starts its progression at the first stage and enters the fourth stage of its life cycle 

immediately after its launch, while service 30 starts at the last stage which indicates the minimum 
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customer attention, stagnates in the beginning, and enters the fourth stage after thirteen weeks. The 

lifetime and the duration at each stage are also different from each other. Service 21 illustrates a 

drastic increase and then a stepwise decrease, and ends its life cycle at the unit time 15, whereas 

service 30 is alive at the unit time 20 after its late growth.  

 

 
Figure 6. Life cycles for service 21 and 30 

 

Going a step further, we conducted a cluster analysis to identify the main patterns of service 

life cycles. For this, we first extracted the seven factors that characterize the life cycle of a service 

such as age, duration at stage i (duri), and time to peak. The agglomerative hierarchical clustering 

(AHC) algorithm using Euclidean distances is then executed to group the life cycles of services, as 

shown below: 

Euclidean distance , ,
2

1
( , ) ( )i j i f j f

F

f
d v v v v

�

� �� --------------------------------------------Eq. (10) 

where vi and vi,f represent the factor vector for life cycle i and the value of fth factor of the vector. 

Here, the number of groups is set to three, based on the dendrogram as shown in Figure 7. 
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Table 4. HMM parameters and stage sequences 

(a) Initial stage probability vector 

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 
1.00 0.00 0.00 0.00 0.00 
 
(b) Stage transition probability matrix 

 Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 
Stage 1 0.73 0.06 0.02 0.02 0.17 
Stage 2 0.23 0.70 0.06 0.01 0.00 
Stage 3 0.00 0.35 0.57 0.08 0.00 
Stage 4 0.00 0.01 0.39 0.60 0.00 
Stage 5 0.09 0.01 0.01 0.00 0.89 
 
(c) Observation probability (event rate) matrix 

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 
40.75 128.20 307.09 731.15 8.89 
 

(d) Stage sequence 

No. Time t1 Time t2 Time t3 … Time t50 Time t51 Time t52 
1 1 1 1 … - - - 
2 5 1 4 … - - - 
3 5 2 2 … - - - 
… … … … … … … … 
43 5 5 5 … 1 1 5 
44 1 3 3 … - - - 
45 5 5 1 … 5 5 5 



26 

 

Figure 7. Dendrogram generated by the average-linkage AHC algorithm 

 The characteristics of life cycles of the mobile services are summarized in Table 5. Firstly, 

Cluster I, with 33 services, shows the shortest life time with minimal impact compared to other 

clusters. This pattern is characterized by a fast growth rate in the early stages and sudden death in the 

late stages of their life cycles. The average life time of the services in this category was found to be 

19.40 weeks. Secondly, Cluster II, with 9 services, shows the stagnation in the beginning and slow 

death in the late stages of their life cycles. The services in this category generally take 10 weeks to 

reach the fourth stages and stay for 10.56 weeks in the fifth stages their life cycles. Finally, Cluster III, 

with 3 services, is found to be the community leader, enjoying longevity with the highest impact in 

the fourth stages of their life cycles. They generally spend 30.66 weeks in the third and fourth stages 

of their life cycles, and moreover, many of these services’ life cycles do not come to an end in the data 

we used. The post-launch strategies (e.g. types of promotions and their timing) for these services need 

to be investigated in detail to run sustainable mobile game services.  

 

Table 5. Characteristics of the service life cycle patterns 

Cluster Age Dur1 Dur2 Dur3 Dur4 Dur5 Time to 
peak 

Patterns 

I (33) 19.40 7.52 4.55 2.00 0.67 4.70 5.00 Ephemerality 
II (9) 52.78 22.78 13.56 5.00 0.89 10.56 10.00 Early slump 
III (3) 54.33 3.67 20.00 17.33 13.33 0.00 3.00 Community leader 
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(a) Cluster I (Ephemerality) 

 
(b) Cluster II (Early slump) 

 

(c) Cluster III (Community leader) 

Figure 8. Life cycles for three clusters 
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3.4.3 Step 3: Identification of the future prospects of a service’s life cycle progression 

The future prospects of a service’s life cycle progression are identified based on the three indicators 

reported in Table 6. First, in terms of the progression indicator, the services have less chance to move 

to the next stages when they are in the higher stages of their life cycles (except the fifth stage 

indicating the end of the service life cycle). For instance, if the service is currently in the first stage, 

there is a 10% chance it will move to the next stages, and this chance increases to around 30% over 

time. As for the service in the second stages, the chance increases until 6 weeks later and then 

decreases over time. It should also be noted that the services in the third stage become less likely to 

move to the next stages as time goes by. Second, with respect to the regression indicator, the 

probability for the service moving back to the previous stages increases over time, although the 

increasing ratios are different across the services’ current stages. We calculated the difference between 

the progression and regression indicators over time to investigate the services’ future prospects as they 

progresses in its life cycle, as Figure 8 reports. The value ranges from -1 to 1; it approaches 1 if the 

technology is likely to move to the next stages, but otherwise is close to -1. Generally, the probability 

for the service getting back to the previous stages is greater than that of transiting to the next stages, 

although the different decreasing ratios are found in the figure. From the result, we can conclude that 

the life cycle management in the third stages of the service’s life cycle is the most critical to 

sustaining the services’ popularity. Finally, in terms of the expected life time, it is identified that the 

higher stage a service is in its life cycle, the longer the service’s life time is.  

 

Table 6. Three indicators about a service's life cycle progression 

Progression indicator

 1 2 3 4 5 6 7 8 9 10 
Stage 1 0.10 0.16 0.20 0.23 0.24 0.26 0.26 0.27 0.27 0.27 
Stage 2 0.07 0.11 0.13 0.14 0.14 0.15 0.14 0.14 0.14 0.14 
Stage 3 0.08 0.10 0.09 0.09 0.08 0.07 0.07 0.06 0.06 0.05 
Stage 5 0.11  0.19  0.26  0.31  0.35  0.38  0.41  0.43  0.45  0.46  
 
(b) Regression indicator 

 1 2 3 4 5 6 7 8 9 10 
Stage 1 0.17  0.28  0.34  0.38  0.41  0.42  0.43  0.43  0.44  0.44  
Stage 2 0.23  0.37  0.46  0.51  0.55  0.58  0.61  0.62  0.64  0.65  
Stage 3 0.35  0.53  0.62  0.69  0.73  0.76  0.78  0.80  0.81  0.82  
Stage 4 0.40  0.61  0.73  0.80  0.85  0.88  0.90  0.91  0.92  0.93  
 
(c) Life time indicator 

Stage Stage 1 Stage 2 Stage 3 Stage 4 
Expected life time 10.20  15.69  19.10  21.51  
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3.5 Summary and discussions  

This research has developed a stochastic service life cycle analysis based on customer-oriented 

service maturity. We first extracted customer reviews from the web and then employed the HMM to 

identify where a service is in its life cycle, and to give forecasts about its future progression. The case 

of mobile game services in App store was examined to illustrate the proposed approach. In the case of 

mobile services, some mobile services are transformed into new services through massive updates 

(e.g., Lineage M and Lineage M II). Since old and new services in many cases operate independently 

and the customers of old services need to sign up for a membership to start new services, these two 

services can be considered as distinct services. Nevertheless, the factors affecting the life cycles of the 

services such as cannibalization need further investigation. 

In terms of model performance, a new method should be carefully deployed after testing its 

practical utility. Although the proposed approach provides information about the stages of a service’s 

life cycle progression and its future prospects based on the theory of stochastic processes, which is 

well established, the results could be different from those of experts. For this reason, the experts 

assessed the informative value of the results of our analysis. The experts’ judgments on our approach 

are summarized as follows. Firstly, it is confirmed that all the parameters and the stages of a service’s 

life cycle progression were determined properly, so our method is of practical use. In particular, they 

concluded that the degree of service maturity derived from the number of customer reviews is 

meaningful to discretize the stages of a service’s life cycle. In addition, it was identified that the stage 

sequences are estimated in the experts’ expected ranges and fit their understanding of the life cycles of 

the mobile services employed. Second, the experts pointed out that a major strength of the proposed 

approach lies in its operational efficiency. The whole process of the proposed approach was automated 

from data collection and pre-processing to indicator analysis, and therefore can support continuous 

monitoring of the life cycles of a wide range of services, including in-company and competitor 

services. Finally, although the proposed approach is of practical use, the experts commented that the 

accuracy and reliability of the analysis could be improved if our method incorporates other variables 

such as customer ratings and the number of positive and negative reviews.  

With regard to stage-customized strategies for mobile game services, different strategies are 

required in the different stages of service life cycles, although they may differ across organizational 

contexts. Based on the results of our analysis, the experts formulated the stage-customized post-

launch strategies for the mobile game services. Firstly, it is most important to secure a significant 

number of customers in the beginning of the service life cycle (i.e. transitions from the first to the 

second stage) by implementing aggressive marketing strategies. The burst customer attention effect is 

very important in these stages–the more attention customers give in the beginning, the more 
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successful the service is. For this, even the pre-launch and development phase marketing strategies 

using screenshots, video trailers, forums, and social media are required. Moreover, App Store 

optimization using proper keywords, tags, language localization, service icons, and description, 

should be implemented to increase the discoverability and customer attention. From a technical 

perspective, the system reliability and the user-friendly interface are of course found to be crucial. 

Secondly, the customer retention was found to be the most important factor in the third and fourth 

stages of the service life cycle. For this reason, regular content updates and appropriate promotions in 

the virtual service world should be provided. Moreover, in-app advertising and cross-promotion 

strategies need to be implemented to boost revenue. In these stages, it is important to negotiate special 

deals with various companies to get additional support. Finally, companies need to set up effective 

exit strategies in the decline stage of the service life cycle (i.e. transitions from the second to the fifth 

via the first stage). Here, it is important to have more customers migrate to the company’s new and 

fresh services.  

In addition, we conducted validity test to assess whether the results are robust across units of 

analysis. We used a biweekly unit instead of a weekly unit to evaluate how the results our method 

provides can be generalized to different data set. From the results as shown in Table7, it was found 

that the model parameters were estimated consistently for different units of analysis. Although there 

are slight differences in the results, when we consider that we used biweekly windows, the stages 

were also found to be estimated consistently. Therefore, we have confidence that the proposed method 

can be generalized in practice. 

The contribution of the proposed approach is twofold. First, from an academic perspective, 

this study contributes to service engineering research by focusing on the operational back end of new 

service development processes. Although there have been significant attempts in developing scientific 

models, methods, and tools in the service area, previous research on service engineering has focused 

mainly on the fuzzy front end of new service development processes, and therefore cannot assist firms 

in establishing post-launch service strategies. In this respect, we developed a service life cycle 

analysis model using quantitative data and scientific models. The main advantages of our method lie 

in its ability to consider the idiosyncratic and intangible aspects of a service’s progression and its 

operational efficiency to examine a wide range of services at acceptable levels of time and cost, 

further facilitating firms in customizing their decision making according to a service’s life cycle 

stages. Second, from a practical standpoint, this study contributes to service life cycle analysis 

research by extending previous expert-centric approaches to a data-centric approach. The 

improvement on previous research is required, as expert-centric procedures too often demand 

considerable time and cost. Compared to the previous research, the proposed approach enhances the 

efficiency and reduces the burden of manual work, as all activities in the process have been 



31 

systematized.  

Table 7. HMM parameters and stage sequences 

(a) Initial stage probability vector 

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 
1.00 0.00 0.00 0.00 0.00 
 
(b) Stage transition probability matrix 

 Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 
Stage 1 0.66 0.08 0.01 0.01 0.24 
Stage 2 0.30 0.60 0.06 0.01 0.03 
Stage 3 0.00 0.50 0.38 0.12 0.00 
Stage 4 0.00 0.08 0.54 0.38 0.00 
Stage 5 0.10 0.04 0.05 0.00 0.81 
 
(c) Observation probability (event rate) matrix 

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5 
78.19 252.21 653.41 1309.66 15.12 
 

(d) Stage sequence 

No. Time t1 Time t2 Time t3 … Time t50 Time t51 Time t52 
1 1 1 1 … - - - 
2 3 1 4 … - - - 
3 4 4 3 … - - - 
… … … … … … … … 
43 3 3 3 … 1 1 5 
44 3 3 5 … - - - 
45 5 4 3 … 5 5 5 
 

Nevertheless, as this research is only at the explorative stage, there is room for further 

improvement to prove the usefulness of the proposed service life cycle analysis and extend its 

applicability. First, in regard to the data, the proposed approach does not yet model other indicators 

such as the number of purchases, the number of positive or negative customer reviews, and customer 

ratings. Multiple indicators need to be examined to improve its accuracy and reliability. Second, in 

terms of the scope of the analysis, identifying a service’s progression in its life cycle and forecasting 

its future behaviors are not the ends in themselves for service life cycle analysis. Combining the 

suggested approach with other methods and subjects, such as pricing and service updates, will 

diversify the scope of the analysis and enhance the richness of potential information. Moreover, the 

proposed approach is not likely to be effective when a service is emerging or at a very early stage, due 

to the limited amount of available data. There is a need to develop more appropriate methods based on 
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simulation techniques and the use of analogies for assessing the life cycles of disruptive services. 

Finally, with respect to the external validity, our case study is limited to the mobile game services in 

Apple’s App Store. The validity of this approach necessitates further testing work by employing other 

indicators from a wider range of services, which is indispensable for gaining external validity. 

Nevertheless, we argue that the analytical power our approach offers a substantial contribution, both 

to current research and to future practice. 

 



33 

4 Service Failure Monitoring based on Customer Complaints 

4.1 Introduction  

Service quality management has become more strategically important as innovation cycles become 

shorter (Min et al., 2002) and the service market becomes more competitive (Eccles and Durand, 

1998). Early research in the field focused on developing conceptual and qualitative models (e.g. 

Bojanic and Rosen, 1994; Buttle, 1996; Parasuraman et al., 1985), whereas recent academic interests 

have followed the industrial need for quantitative data use and the development of data-driven 

methods for service quality management (Mukherjee et al., 2018; Song et al., 2016). Recent models 

and methods for this purpose have proved useful for service quality management (e.g. Kang and Park, 

2014; Song et al,. 2016). However, most prior models and methods have focused on examining static 

aspects of service quality (e.g. diagnosing and assessing service quality at a certain point in time), 

thereby offering limited practical assistance, especially in fast-changing service sectors1 (Kim and 

Lee, 2017). Although there has been academic and industrial interest in the dynamic aspects of service 

quality (e.g. monitoring and managing the changes in service quality over time) (Dagger and Sweeney, 

2007; Rust et al., 1999), a major question still remains in the literature as to the development of 

systematic models and methods to facilitate continuous service quality management. 

We suggest that statistical process control (SPC)—which was originally developed to 

monitor, control, analyze, and improve production quality in real time during the manufacturing 

process (Macgregor and Kourti, 1995)—could be a good solution for continuous service quality 

management. Continuous service quality management based on SPC enables firms to maintain the 

desired degree of service quality while eliminating unnecessary quality checks, and provides 

numerical evidence of quality (Benton, 1991). However, despite its potential utility in service sectors, 

the value of SPC for continuous service quality management has rarely been studied. Although 

attempts have been made to integrate SPC into service quality management (Wood, 1994), the scope 

of analysis and potential implications were limited as they focused only on monitoring and managing 

physical aspects of service operations, such as waiting and response time, from the perspective of 

service providers rather than that of customers (Gardiner and Mitra, 1994; Mukherjee et al., 2018; 

Utley and Gaylord, 2009; Yang et al., 2012).  

For continuous service quality management, SPC need to be modified and customized to 

take into account the distinct characteristics of services. Key to this problem are three crucial 

requirements that need to be addressed. First, in terms of quality indicators, prior literature has found 

1 One example is a mobile service whose updates are released with an extremely high frequency. For instance, the mobile 
services on Google Play are updated on average every 13 days (Comino, Manenti, and Mariuzzo 2016).  
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that customer complaints are crucial to service quality management as they lead to negative word of 

mouth (Berry and Parasuraman, 1992; Boshoff, 1997; Michel, 2001), customer dissatisfaction (Berry 

and Parasuraman, 1992; Michel, 2001), loyalty destruction (Miller et al., 2000), and customer 

defection (Michel, 2001; Roos, 1999). It has also been accepted in practice that customer complaints 

should be identified to examine the strengths and weaknesses of services, and then reflected in service 

redesign and improvement (Pyon et al., 2011). Hence, any approach should incorporate customer 

complaints into continuous service quality management. Second, with regard to the level of analysis, 

previous research has established that service quality is a multi-dimensional, higher-order construct 

(Grönroos, 1984; Jain and Gupta, 2004; Parasuraman et al., 1988). Therefore, constructing SPC at the 

service-feature level provides increased information and insight, facilitating close-look service 

complaints identification and recovery. Third, with respect to data and methods, conventional 

qualitative tools such as customer surveys and interviews are major means of collecting customer 

complaints; however, these approaches are time consuming and labor intensive. Recent studies have 

begun to use customer reviews to capture customer perceptions and feedbacks. If properly analyzed, 

these can provide organizations with rich and credible insight into customer complaints against their 

services. Moreover, the use of customer reviews for continuous service quality management is 

applicable to a wide range of services as many companies operate online platforms and forums to 

interact with customers (Bickart and Schindler, 2001). 

Considering these requirements, we propose a sentiment analysis and SPC approach to 

identifying significant customer complaints that may need to be considered for service recovery and 

improvement. Sentiment analysis enables systematic measurement of customer reviews by 

quantifying the degree of customer satisfaction and dissatisfaction towards specific service features. 

SPC allows for continuous quality monitoring and early detection of significant customer complaints 

to prevent resulting service failures. An integration of these two methods makes it possible to monitor 

and manage customer complaints within an acceptable time and cost. Moreover, SPC analysis at the 

service-feature level provides a more detailed clue to poor service quality. The proposed approach was 

applied to a mobile game service. The case study demonstrated the effectiveness of the proposed 

approach for systematic and continuous monitoring of customer complaints by identifying out-of-

control states.  

The contributions of this research are two-fold. From an academic perspective, the 

application of SPC and sentiment analysis to the service sector extends the previous static assessments 

of service quality to continuous service quality monitoring and management. From a practical 

standpoint, this study presents a case study on the successful combination and application of SPC and 

sentiment analysis for real-world service quality monitoring. The systematic process and quantitative 

outcomes offered by our approach are expected to be valuable as a cost-effective practical tool for 
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continuous service quality management. 

The rest of this chapter is organized as follows: Section 4.2 presents the research background. 

Section 4.3 explains the proposed approach, which is then illustrated by a case study of a mobile game 

service in Section 4.4. Section 4.5 offers guidelines on the proposed approach and discusses the 

theoretical and practical implications. Finally, Section 4.6 concludes with a discussion of the study’s 

limitations and suggests future research directions. 

 

 

4.2 Background 

4.2.1 Service quality measurement 

A considerable amount of literature has been published on utilizing the ‘voice of the customer’ to 

facilitate service quality management (Kang and Park, 2014; Song et al., 2016). Many prior studies 

have argued that the ‘voice of the customer’ should be considered to understand the strengths and 

weaknesses of services, and it should be reflected in service redesign and improvement (Pyon et al., 

2011). Among different types of the ‘voice of the customer’, it has been widely accepted that 

customer complaints are crucial to continuous service quality management. As such, companies have 

focused attention on customer complaints analysis, often using qualitative tools such as customer 

surveys and interviews (Chou et al., 2011). However, while such qualitative tools have proved useful 

for quality management in traditional service sectors including hotel and retailing services, they are 

time consuming and labor intensive, thereby offering limited practical assistance in fast-changing 

service sectors (Ziegler et al., 2008).  

With the increased availability of online platforms and forums through which customers can 

post their opinions about services and share them with others, customer complaint analysis is no 

longer available solely with surveys or interviews, but also with user-generated content (Song et al., 

2016). User-generated content, if properly analyzed, can provide organizations with rich and credible 

insight into customer opinions and perceptions on their services. In this respect, recognizing the 

potential benefits of customer reviews as a source of ‘customer complaints’, recent studies have 

developed customer review-based approaches to service quality management. We can summarize the 

major results of these studies as follows. Here, it is noteworthy that all studies reviewed here analyzed 

customer reviews at the service-feature level based on the service theory that service quality 

comprises several service features (i.e. dimensions). One stream of research has employed the overall 

ratings of customer reviews as a proxy for service quality or customer satisfaction (Duan et al., 2013; 

Guo et al., 2017; James et al., 2017). Although overall ratings of customer reviews are easily 

understood, many empirical studies have suggested that they are unreliable as a proxy of perceived 
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service quality or customer satisfaction because customers may not be serious about the ratings and 

the system may contain some malicious spammers who give high ratings to low quality services (Fu 

et al., 2013; Liao et al., 2014; Pan et al., 2012).  

In this context, the other stream of research has focused greater attention on the content of 

customer reviews, rather than ratings, to measure service quality and customer satisfaction (Gao et al., 

2018; Kang and Park, 2014; Song et al., 2016; Xu and Li, 2016). However, as noted in the 

introduction, while prior studies have proved useful for many different purposes, they have been 

limited to the analysis of static aspects of service quality (e.g. measuring service quality at a specific 

point in time). A major question still remains in the literature as to how to monitor and manage 

dynamic aspects of service quality (e.g. monitoring customer complaints over time) for continuous 

service quality management. This question is our underlying motivation and is fully addressed in this 

study 

 

4.2.2 Statistical process control 

SPC is a tool for measuring and controlling product quality during the manufacturing process 

by confirming whether the process is in a ‘state of statistical control’ (Macgregor and Kourti, 1995). 

As exemplified in Figure 9, this method compares process output statistics (e.g. mean, range, and 

proportion of nonconformance) to their upper and lower limits to check whether they fit within 

expected and predictable quality levels. Originating from the field of product quality management, the 

applications of SPC have been extended to diverse domains, including environmental pollution 

monitoring (Gilbert, 1987), health care system surveillance (Boe et al., 2009; Melanson et al., 2009), 

trauma mortality monitoring (Clark et al., 1998), and crime rate monitoring (Anderson and Diaz, 

1996). 

SPC offers a number of advantages for continuous quality management. It enables firms to 

maintain a desired degree of service quality while eliminating any unnecessary quality checks, and 

provides numerical evidence of quality (Benton, 1991). Moreover, it can signal problems with service 

and provide the opportunity to take preventive actions to avoid the dissemination of problems 

(Rasouli and Zarei, 2016). Despite its potential utility as a quality management tool for use in service 

sectors, there have been only a few studies integrating SPC into service quality management. Gardiner 

and Mitra (1994) proposed a service control chart for banking services that monitors waiting time, 

number of customer arrivals, and number of waits exceeding three minutes. Similarly, Yang et al. 

(2012) presented a mean chart that also monitors service time in the banking services. Utley and 

Gaylord (2009) developed a residual control chart that monitors the total number of customers and 

total revenue of cellular services. Mukherjee et al. (2018) devised a non-parametric bivariate control 
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chart that monitors response times and the number of answered calls within a specific time to manage 

service quality in a call center.  

 

Figure 9. Example of an SPC chart 

While these studies have proved useful for continuous service quality management, they 

have been limited to monitoring and managing physical aspects of service quality from the 

perspective of service providers. Recognizing the importance of the perspective of customers for 

continuous service quality management, Rasouli and Zarei (2016) employed a p-chart and Demerit 

chart with survey data to monitor patient dissatisfaction with hospital services. The proportion of 

dissatisfied patients was regarded as the proportion of nonconformities in the hospital service. 

Similarly, Chen et al. (2015) proposed a method for measuring service quality as the proportion of 

customers with complaints and provided a means to enable on-going monitoring of service quality 

using a p-chart and survey data.  

Although previous studies proposed SPC approaches to service quality management using customer 

survey data, the benefits of SPC have not been fully achieved as these approaches are not free from 

the weaknesses of conventional qualitative methods for customer complaints analysis. It is currently 

evident that (1) customers should be at the center of continuous service quality management and (2) 

organizations should be able to monitor and identify customer complaints as soon as possible in order 

to reflect them in service redesign and improvement processes. Our study is in line with these efforts, 

suggesting a customer-review-based SPC approach to continuous service quality management. 

 

 

4.3 Proposed method  

Customer complaint analysis for continuous service quality management should monitor customer 
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complaints against specific service features over time so as to facilitate responsive service recovery 

and improvement. As noted in the Section 4.2, customer-review-based approaches to service quality 

management have advantages in terms of the systematic identification of important service features 

from large amounts of customer review data, but they are limited to the analysis of static aspects of 

service quality (e.g. diagnosing and assessing service quality at a certain point in time). SPC-based 

approaches have the potential to examine the dynamic aspects of service quality (e.g. monitoring and 

managing the changes in service quality over time). However, they should be modified and 

customized to consider the inherent characteristics of services. This study integrates these two 

approaches to compensate for the weaknesses of any one approach. Table 8 summarizes the 

differences between previous approaches and our method. 

 

Table 8. Comparisons of previous methods and the proposed approach 

Factor  Customer review-based 
service quality 
management    

SPC-based service quality 
management   

Proposed approach 

Perspective Customer Service provider Customer 
Focus of 
analysis 

Static aspects of service 
quality 

Dynamic aspects of 
service quality 

Dynamic aspects of 
service quality   

Data  Customer reviews Quality indicators of 
physical aspects of 
services (e.g. response 
time) 

Customer reviews 

Methods Sentiment analysis and/or 
rating analysis    

SPC  Sentiment analysis and 
SPC  

Results and 
Implications 

Assessing service quality 
at a certain point in time   

Monitoring physical 
aspects of service quality 
over time   

Monitoring customer 
complaints that may need 
to be considered in 
service recovery and 
improvement 

 

The proposed approach has advantages in that it enables early detection of significant 

customer complaints from customer reviews and can help prevent resulting service failures that might 

occur if the customer complaints are not resolved properly. Figure 10 shows the overall process of the 

proposed approach. The proposed approach is designed to be executed in four discrete steps: data 

collection and pre-processing, development of a service feature hierarchy with keyword dictionary, 

identification of customer complaints via sentiment analysis, and development of customer complaint 

charts through SPC. 

 



39 

Figure 10. Overall process of the proposed approach 
 

 

4.3.1 Step 1: Data collection and pre-processing 

Customer review data can be obtained from many different sources, including online forums and 

platforms and social network services. Although the structure and content of customer reviews may 

differ across data sources, they generally provide information on customer profiles, overall ratings, 

review content, and review dates. While overall ratings are a basic measure that can be used to assess 

service quality and identify customer complaints (Xiang et al., 2015), the ratings, in many cases, are 

found to be unreliable as customers may not be serious about their ratings or are simply not familiar 

with the related field (Pan et al. 2012; Liao et al. 2014). In addition, the system may contain malicious 

spammers who give high ratings to low quality services (Fu et al., 2013). Moreover, researchers 

generally agree that service quality is a multi-dimensional, higher-order construct (Grönroos, 1984; 

Parasuraman et al., 1988). However, the ratings provide only abstract information about service 

quality, which is not sufficient to identify problematic dimensions (i.e. features) of service. For these 

reasons, review content and dates are employed in this study to monitor customer complaints over 

time. 
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Once the focal service is chosen, customer reviews are collected and transformed into a 

structured database while superfluous information, such as advertisements, is eliminated. Here, the 

structured items (e.g. review dates) are consistent in semantics and formats, whereas the unstructured 

items (e.g. review content) are textual and may have different structures or styles. For this reason, the 

review content is pre-processed for further analysis, as follows. First, the review content is tokenized 

by splitting the text into smaller tokens (e.g. words). Second, stop words (e.g. ‘a’ and ‘the’) are 

removed as they do not provide meaningful information. Third, part-of-speech (POS) tagging is used 

to assign POS tags (e.g. noun and verb) to tokens. Finally, a lemmatization technique is performed to 

reduce inflectional forms of a word (e.g. playing, plays, and played) and to return to the dictionary 

form of a word, which is known as the lemma (e.g. play). In Section 3.2, the results of POS tagging 

and lemmatization are used to construct a service feature hierarchy with a keyword dictionary, while 

the raw data are used to identify customer complaints via sentiment analysis in Section 3.3. 

 

4.3.2 Step 2: Construction of a service feature hierarchy with keyword dictionary 

 As exemplified in Figure 11, this step constructs a service feature hierarchy with a keyword 

dictionary to assign customer reviews to related service features and eventually identify customer 

complaints at the service-feature level. Service features are defined as important dimensions or 

components that constitute a service and the specific issues discussed in customer reviews. Service 

feature hierarchy is referred to as the hierarchical structure of service features. A keyword dictionary 

is a collection of keywords that indicates specific service features in customer reviews. 

There are two approaches to constructing a service feature hierarchy with a keyword 

dictionary: a top-down or bottom-up approach. The top-down approach develops a basic service 

feature hierarchy through experts’ judgments and literature reviews, and then complements it with the 

results of text-mining techniques. The bottom-up approach constructs a basic feature hierarchy 

through text-mining techniques, such as latent semantic analysis and LDA, and then examines it 

through expert reviews and literature reviews. The choice between these two approaches strongly 

depends on the characteristics and quality of the data available. Given that customer reviews are short 

and informal text data, we adopt the top-down approach to constructing the service feature hierarchy 

with a keyword dictionary, as follows. First, service features, their hierarchical structures, and the 

keyword dictionary are defined through literature reviews and experts’ judgments. Second, the 

keywords describing service features are extracted from customer reviews. For this, we consider the 

keywords in the form of nouns, noun phrases, and adjectives, as most service features are generally 

expressed as nouns and noun phrases, but some are related to adjectives (e.g. ‘difficulty’ in many 

cases is represented as ‘difficult’).
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Third, the keywords are rearranged by including their abbreviation and synonym. Finally, the 

basic service feature hierarchy with a keyword dictionary, which is developed through experts’ 

judgments and literature reviews, is complemented by adding keywords related to specific features of 

the focal service. Here, service features can be newly added or removed according to the distribution 

of keywords. 

 

4.3.3 Step 3: Identification of customer complaints 

This step employs sentiment analysis—that is, a text mining technique to identify people’s opinions, 

sentiment, or evaluation towards entities, such as brands, products, and services, by classifying the 

polarity of a given text (Hu and Liu, 2004)—to identify customer complaints from review content by 

quantifying the degree of customer satisfaction and dissatisfaction towards specific service features. 

There are two main approaches to sentiment analysis: the lexicon-based and text-classification 

approaches. The former uses a dictionary containing information on the polarities of sentiment-related 

words (Taboada et al., 2011). For example, such sentiment lexicons as good, amazing, and wonderful 

are positive sentiment words, while lexicons such as poor, bad, and terrible are negative sentiment 

words. The latter builds classifiers from labelled instances of texts, sentences, or phrases to measure 

the probability that a new instance belongs to a certain class (i.e. positive or negative) (Mullen and 

Collier, 2004). With respect to the trade-off between accuracy and universality, the text-classification 

approach may perform well in domains that the classifiers have been trained on; however, the 

performance may drop precipitously when applied to other domains (Taboada et al., 2011). The 

lexicon-based approach generally achieves high accuracy in comprehensive areas, but it is less 

accurate than text-classification approaches that take domain-specific characteristics into 

consideration. Moreover, the text-classification approach is not appropriate for this research as the 

overall ratings are unreliable, as noted in the prior section. Based on these considerations, this study 

adopts a lexicon-based sentiment analysis.  

Previous studies have presented a variety of methods for lexicon-based sentiment analysis 

such as linguistic inquiry and word count (Tausczik and Pennebaker, 2010), semantic orientation 

calculator (SO-CAL) (Taboada et al., 2011), and positive and negative affect schedule (PANAS) 

(Goncalves et al., 2013). Among these, we employ the valence aware dictionary and sentiment 

reasoner (VADER) for the following reasons. First, this method performs well, even with short 

messages such as customer reviews, as the VADER’s sentiment lexicon is attuned to sentiment in 

microblogs like Twitter (Part et al., 2017). Second, this method is applicable to a wide range of 

service sectors without any supplementary information because the VADER is a rule-based method 

that does not require any training data (Kim et al., 2016). Third, this method captures sentiments from 
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emoticons, acronyms, and initialisms that customers frequently use to express their perceptions of 

services (Ribeiro et al., 2016). Finally, this method can be easily modified and customized according 

to organizational context, as it is an open source system (Ribeiro et al., 2016).  

The VADER—which is also called human-validated sentiment analysis—is based on a gold-

standard list of lexical features that has been constructed and validated manually. The lexical features 

are combined with consideration of five general rules that embody grammatical and syntactical 

conventions for expressing and emphasizing sentiment intensity: (1) Punctuations such as exclamation 

points increase the magnitude of the sentiment intensity; (2) capitalization increases the magnitude of 

the sentiment intensity; 3) degree modifiers impact sentiment intensity by either increasing or 

decreasing the intensity; 4) the contrastive conjunctions, such as but and however, signal a shift in 

sentiment polarity; and 5) the VADER catches nearly 90% of cases where negation flips the polarity 

of the text by examining the preceding tri-gram.  

The procedure for identifying customer complaints using the VADER is as follows. First, 

customer reviews are assigned to specific service features via a string-matching technique that checks 

whether the customer reviews contain keywords related to the features. Second, the customer reviews 

are classified as positive or negative reviews by the VADER. For this, the four sentiment scores of 

th customer review—which are positive, neutral, negative, and compound—are calculated by 

summing and adjusting the sentiment scores of words in the customer reviews according to the above 

five rules. As formulated in Eqs. (11)–(14), the positive, neutral, and negative scores represent the 

proportions of customer reviews that fall into each category, and the compound score is the 

normalized sentiment score between -1 (most extreme negative) and 1 (most extreme positive).  

 

---------------------------------------Eq. (11) 

------------------------------------------------Eq. (12) 

----------------------------------Eq. (13) 

,----------------------Eq. (14) 

 

where the  is the sum of the lexicon and rule-based positive scores, 

the number of neutral words, and the absolute value of lexicon and rule-based negative scores for the 

th customer review. Finally, the customer reviews with a compound score of less than 0 are identified 

as customer complaints.  
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4.3.4 Step 4: Development of customer complaint charts 

This step develops customer complaints charts using SPC; these are tailored to monitor customer 

complaints that may need to be considered in service recovery and improvement processes. Three 

issues are critical to the design and development of a customer complaints chart. First, in terms of the 

use of statistics, we adopt a customer complaints index (CCI) by modifying the index used for service 

quality control (Chen and Yang, 2000; Rasouli and Zarei, 2016; Yang and Chen, 2000), as shown in 

Eq. (15).  

 

,--------------------------------------------------------------------------------------Eq. (15) 

 

where  and  represent the number of negative customer reviews and total number of 

customer reviews, respectively, for the th service feature at time period . Each negative customer 

review is interpreted as a nonconformity. Many researchers have employed this ratio (i.e. the number 

of customers with complaints to the total number of customers encountered) to measure service 

quality because it is very straightforward and easy to apply (Yang and Chen, 2000). Utilizing the 

sentiment analysis with customer review data, the number of customers with complaints is estimated 

by the number of negative customer reviews. Accordingly, the upper control limit (UCL) and center 

line (CL) are defined, as shown in Eqs. (16) and (17). 

 

----------------------------------------------------------------------------------------Eq. (16) 

,------------------------------------------------------------------------Eq. (17) 

 

where  and  denote the number of time periods and sensitivity parameter, respectively. After a 

clean set of process data is prepared, customer complaints are monitored, examining whether the CCI 

exceed the UCL. A CCI that plots outside of the UCL is interpreted as a signal that the service is out-

of-control, and investigation and corrective actions are required to find and eliminate the cause. 

Second, in terms of the type of SPC, different charts can be developed according to the type of 

statistic. Interpreting each customer complaint as a non-conformity, we employ a variable-width p-

chart, as the p-chart is effective in monitoring changes in the proportion of non-conformity over time 

and the variable-width chart addresses the different numbers of customer reviews per day. Finally, as 

far as the control parameters are concerned, two parameters (i.e. time period and ) should be 
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determined manually to develop the customer complaints chart. The time period should be determined 

by considering how often an organization performs the proposed customer complaints analysis. For 

example, using a small value for time period (e.g. one week) may create more meaningful results in 

fast-changing service sectors by identifying customer complaints frequently. The sensitivity parameter 

should be determined by considering the objective and scope of customer complaints analysis. For 

example, if a company is only interested in major customer complaints, using a large value of  (e.g. 

L=3 or 4) will provide a practical solution by restricting the scope of analysis to a manageable number 

of customer complaints. In contrast, if a company wants to identify minor customer complaints as 

well as major complaints, using a small value of  (e.g. L=1 or 2) will identify more customer 

complaints.  

An out-of-control state in the customer complaints chart is interpreted as a signal of service 

failure. If an out-of-control state is detected, customer complaints during that period should be further 

analyzed to determine whether the customer complaints are critical and lead to service failure, and if 

so, what has caused these customer complaints and how they can be resolved. Moreover, when an out-

of-control state is caused by a real problem, the values of CL and UCL should be updated by deleting 

the data for that period to establish reliable control limits and continue to monitor customer 

complaints.  

 

 

4.4 Case study  

A mobile game service is chosen as a case study to verify the feasibility and applicability of the 

proposed approach. Mobile application services are one of the fastest growing and changing service 

sectors and are subject to intense competition (Kim et al., 2013). Among these, the game category is 

the most popular, representing 58% of all downloads and purchases in the mobile application market 

(Kim and Lee, 2017). To survive in a highly competitive mobile service market, it is important for 

industrial practitioners to identify customer complaints promptly and update their game services by 

adding new attributes or fixing bugs. So far, however, little effort has been made to support 

continuous quality management in the mobile service sector. Therefore, we consider this case example 

appropriate for the suggested approach. 

 

4.4.1 Step 1: Data collection and pre-processing 

The Apple App Store served as the source for data collection for the following reasons: First, this 

platform is the largest commercial, and most dominant, mobile application market in the world, and 

has more than 200,000 application services (Ankeny, 2010). Second, the platform is well structured in 
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terms of search conditions and reliability. In particular, the customer reviews collected from this 

platform are considered valid as the Apple App Store allows only customers who have downloaded or 

purchased mobile application services to post reviews on those services (Kim et al., 2013).  

Angry Birds 2—which was developed by ROVIO Entertainment in 2015 and downloaded 

more than one million times—was chosen as a test case, as this game service has been continuously 

updated for three years and six months to respond to customer complaints by adding new attributes 

and fixing bugs. We acquired and utilized a total of 2,010 customer reviews for the U.S. version of 

Angry Birds 2; these reviews were written in English and posted between July 31, 2017 and 

December 25, 2017. During that period, users actively posted reviews as ROVIO made a major 

update to launch a new service feature called clan battle and add new levels. 

With respect to the review content, the ‘natural language toolkit’ (NLTK) in Python—which 

is a suite of libraries and programs for natural language processing for text written in English—was 

used for tokenization, stop words removal, POS tagging, and lemmatization. The resulting database 

includes both structured items, such as review number, review date, reviewer ID, overall rating, and 

version information, and unstructured items, such as title, content, and pre-processed content 

information, as shown in Table 9. 

 

4.4.2 Step 2: Construction of a service feature hierarchy with keyword dictionary  

Researchers have identified mobile service features from customer reviews in several ways, as 

summarized in Table 10. Reviewing relevant literature, Ciurumelea et al. (2017) identified five types 

of mobile service features, that is, compatibility, usage, resources, pricing, and protection. Similarly, 

Maalej and Nabil (2015) compiled four types of service features—bug reports, feature requests, user 

experiences, and ratings. Khalid et al. (2015) manually identified 12 types of customer complaints 

from 6,390 customer reviews, namely, app crashing, compatibility, feature removal, feature request, 

functional error, hidden cost, interface design, network problem, privacy and ethical, resource heavy, 

uninteresting content, and unresponsive app. Mcllroy et al. (2016) also manually examined 7,456 

reviews and added the update issue to the service features identified by Khalid et al. (2015). Fu et al. 

(2013) identified ten service features from customer reviews using the LDA, that is, attractiveness, 

stability, accuracy, compatibility, connectivity, cost, telephony, picture, media, and spam. Building 

upon these studies and experts’ judgements, a basic service feature hierarchy comprising five first-

level and ten second-level features was developed, covering the overall topics of the customer reviews 

without overlapping topics.  
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The basic service feature hierarchy was complemented through a keyword analysis. For this, 

keywords describing the service features of Angry Birds 2 were identified by examining keywords in 

the form of nouns, noun phrases, or adjectives in the pre-processed review content. Second, these 

keywords were rearranged by including their abbreviation and synonyms via WordNet, which is a 

large lexical database of English. Finally, the keywords were assigned to each feature of basic service 

feature hierarchy. Here, a service feature (i.e. difficulty of game) is newly added to reflect the 

characteristics of mobile game services. Tables 10 and 11 report the keyword dictionaries and 

descriptions of the service feature hierarchy employed in this study.  

 

Table 10. Keyword dictionaries employed in this study 

 

Service-feature hierarchy Keywords  
Level 1 Level 2 
Compatibility  Version  edition, update, version 

Hardware droid, galaxy, ios, ipad, iphone, nexus, phone, 
support  

Usage  Attribute requests arena, battle, button, rewards, flock, king, pig, 
power, star, tower 

Bug reporting  black, bug, crash, defect, error, fix, freeze, glitch, 
issue, network, problem, screen, solve, wifi   

Difficulty of game  challenge, difficult, level, rank, rating  
Spam ad, advertisement, pop, video   

Resources Battery battery, discharge 
Memory storage, memory  

Pricing  Price dollar, expensive, free, gem, jewel, money, paid, 
pay, price, purchase, refund 

Protection  Security hackers, security   
Privacy permission, privacy, snooping   
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4.4.3 Step 3: Identification of customer complaints  

The customer reviews were first coupled with relevant service features via a string-matching 

technique, as presented in Table 12. The attribute requests feature (e.g. making suggestions about 

clans and arenas) represents the largest portion of the customer reviews, and is followed by the bug 

reporting feature, which includes complaints about screen freezing or abnormal termination of the 

game. The protection feature is identified as the least relevant as there was only one relevant customer 

review. This is considered reasonable given the nature of mobile game services and the content of 

Angry Birds 2.  

The customer reviews were classified into positive and negative reviews in accordance with 

the four sentiment scores (i.e. positive, neutral, negative, and compound scores), which were 

calculated by using the ‘sentiment’ package implemented in Python, as shown in Table 13. Out of 

2,010 customer reviews, a total of 640 customer reviews with a compound score of less than 0 were 

identified as customer complaints.  

Overall, the positive and negative reviews were well categorized, and the scores differed 

according to the five rules (i.e. exclamation point, capitalization, modifiers, contrastive conjunction, 

and negation) and sentiment words used in the customer reviews. For instance, in the case of the 

review saying ‘I was instructed to update the game in order to continue playing. I updated and now I 

can’t play because it is telling me to update…’, the compound score was -0.061. However, in the case 

of the review saying ‘App keeps freezing when you are playing, do you lose your archived levels. 

Very frustrating!’, the compound score was -0.699, which was much lower than the previous review. 

Because of the intensifier very in front of the sentiment word frustrating as well as the exclamation 

point in the sentence, the negative score of the second review was higher than the first review. 

 

Table 12. Number of customer reviews for each feature 
Service features Number of customer reviews  
Level 1 Level 2 
Compatibility  Version  265 

Hardware 103 
Usage  Attribute requests 1,147 

Bug reporting  462 
Difficulty of game  380 
Spam 176 

Resources Battery 13 
Memory 2 

Pricing  Price 377 
Protection  Security 1 

Privacy 0 
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4.4.4 Step 4: Development of customer complaint charts 

Customer complaints charts for the overall status and specific service features were developed using 

the customer complaints index, which are not reported in their entirety owing to lack of space. Figures 

12 and 13 present the customer complaints charts for the overall status and the attribute request 

feature of the service, respectively. The attribute request feature selected as an example is one of the 

most important features for quality management of a mobile game service as it is important to 

continuously update the game service by modifying existing attributes or adding new attributes to 

prevent customer churn. First, with respect to the customer complaints chart for the overall status of 

the service, shown in Figure 12, the value of the customer complaints index exceeds the UCL at times 

28 (i.e. December 13th–17th) and 29 (i.e. December 18th–22nd), indicating that customer complaints 

against the overall status of the service were not under control. Further analysis of customer reviews 

registered during this period revealed that a compatibility issue with iPhone X was the cause of this 

out-of-control state. To confirm this, we investigated the update history of Angry Birds 2. There was a 

scheduled update to add a new attribute on December 11th, which caused a compatibility problem. 

The company performed an additional update to solve the compatibility problem on December 20th, 

2017. We deleted the out-of-control states at times 28 and 29 and updated the CL and UCL. After 

recalculation, no other out-of-control states are found on the updated customer complaints chart. The 

value of the CL decreased from 0.296 to 0.288, and the UCL value was updated.  

 

Figure 12. Customer complaints chart for the overall status 
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Second, as for the customer complaints charts for the attribute request feature (Figure 13), 

the value of the customer complaints index at time 23 (i.e. November 18th–22nd) exceeds the UCL. 

The customer reviews posted indicated that major customer complaints were related to the ‘tower of 

fortune’ attribute. Customers complained that they had to wait a long time or pay to reuse the tower of 

fortune. On December 6th, 2017, an update was made to allow customers to watch short video ads 

instead of waiting a long time or paying to reuse the tower of fortune. The customer complaints chart 

for the attribute request feature was updated by deleting the 23rd point, when the trouble took place, 

and no abnormal point was found in the updated chart. The value of CL decreased from 0.294 to 

0.286, and the UCL values were updated. 

 

Figure 13. Customer complaints chart for the attributes request feature 

Although the proposed approach is found to be useful for monitoring customer complaints 

that may need to be considered in service recovery and improvement processes, the results of the 

proposed approach may vary according to the value of control parameters (i.e. the time period and 
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sensitivity parameters). For this reason, we conducted additional analysis using different values for 

the time period and sensitivity parameters to assess the robustness of the proposed approach. First, we 

compared customer complaints charts for the overall status of the service with different sensitivity 

parameters (i.e. L=1, 2, and 3) and different time periods (i.e. time period=5 and 10 days), 

respectively. As can be seen from Figure 14, the same period was identified as an out-of-control state 

under different time periods. The results also show that setting a smaller value for the sensitivity 

parameter to set the control limit more conservatively can detect even minor issues. By setting the 

sensitivity parameter to 1, we found additional minor issues related to unfair rewards, excessive 

commercial videos, and in-app purchases. We also examined the customer reviews during the CCI 

that did not exceed the UCL and confirmed that the service was in control during that period, although 

there were a few customer reviews expressing dissatisfaction. 

Figure 14. Customer complaints for the overall status with different values of control parameters 

 

In the same way, we compared the customer complaints chart for the attribute request feature 
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with different sensitivity parameters and different time periods, as shown in Figure 15. Although no 

out-of-control state was detected in the chart with the time period set to be 10 days, the customer 

complaints index at time 12 was close to the UCL. We also found additional minor issues related to 

specific attributes in the game such as arena, star ratings, and game friends by setting the sensitivity 

parameter to a lower value of 1. The results of additional analysis indicate that the proposed approach 

is considered reliable and robust across different values of control parameters, and they can be 

customized and deployed in different organizational contexts.  

 

Figure 15. Customer complaints chart for the attribute request feature with different value of control 
parameters 

 

 

4.5 Summary and discussions 

This study provides a systematic means of customer complaints analysis for continuous service 

quality management, and, therefore, has novel implications for theory and practice. From a 
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methodological perspective, a sentiment analysis method enables systematic identification of 

significant customer complaints from customer review data, and a statistical process control method 

allows prompt detection of significant customer complaints. The integration of these two methods 

makes it possible to monitor customer complaints at an acceptable time and cost. 

In terms of implementation and customization, the proposed approach can be generalized to 

other service sectors, although our case study is specific to the mobile game service. However, several 

considerations should be examined before deploying the proposed method in practice. First, the 

objective of the proposed approach is to enhance the manual process of identifying customer 

complaints that may need to be considered in service recovery and improvement. Once the out-of-

control state is detected, in-depth analysis of the relevant customer reviews should be performed to 

identify whether the customer complaints are critical, what caused the complaints, and how the 

complaints can be resolved. For this, the involvement of experts from different domains remains 

crucial to set up the service recovery and improvement strategies. Second, we classified customer 

reviews into two categories (i.e. positive and negative) and interpreted negative customer reviews as 

customer complaints. Instead, identifying customer reviews can be viewed as a multi-classification 

problem that sorts customer reviews into multiple categories according to the degree of customer 

dissatisfaction measured by sentiment scores. Moreover, customers give different feedback on 

specific service features. For example, some customers are satisfied with a service feature while the 

others are dissatisfied with the feature. In this context, the customer complaint index can be elaborated 

upon by considering both the number of positive and negative customer reviews for a specific service 

feature. Third, although the gold-standard list of lexical features equipped with the VADER has 

global scope and coverage, it may ignore important lexical features that are especially relevant to 

specialized services. The list should be modified and customized according to the service sector. 

Specifically, domain-specific lexical features can be added based on the keywords extracted from 

customer reviews. The scores of lexical features can be modified according to the service context. 

Fourth, different types of customer complaints charts using different SPC algorithms can be 

developed according to the objective of the analysis and the type of statistic. In particular, the 

proposed approach is not limited to the use of a single index, but it can incorporate multiple indicators 

of service quality. In the same vein, this study used a single variable control chart, but future studies 

could use multivariate control charts. Finally, the control parameters, such as the time period and 

sensitivity parameters, should be carefully determined according to the objective of the analysis. 

Moreover, they do not need to be fixed; instead, they can be variable, allowing flexible analysis to be 

performed along with events such as service updates and promotion.  

With regard to validation of customer complaints identification, although significant 

customer complaints that had been reflected in service recovery and improvement processes were 
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found in our case study, any approach that is developed should be carefully deployed in practice as 

there is no absolute confirmation regarding the validity and practicality of the proposed approach. In 

this respect, the performance of the proposed approach is strongly related to the ability to identify 

customer complaints from among customer reviews, which corresponds to a binary classification 

problem. For this reason, we examined the performance and reliability of the sentiment analysis using 

several quantitative metrics, as summarized in Table 14. Specifically, a total of 300 customer reviews 

were first randomly selected and classified into two categories (i.e. positive and negative reviews) by 

the authors and other experts. A confusion matrix was then constructed to compare the results of the 

sentiment analysis to those of experts, as shown in Table 14 (a). Finally, four quantitative indicators—

which are accuracy, precision, recall, and F1 score—were examined, as reported in Table 14 (b). Here, 

accuracy is defined as the percentage of correct classifications, as defined in Eq. (18). Precision 

indicates the number of correct results divided by the number of all returned results, as shown in Eq. 

(19). Recall measures the number of correct results divided by the number of results that should have 

been returned, as shown in Eq. (20). F1 score represents the overall effectiveness of the sentiment 

analysis and is defined as the harmonic average of the precision and recall, as shown in Eq. (21). This 

score reaches its best value at 1 and worst at 0. 

 

----------------------------------------------------------------------------Eq. (18) 

------------------------------------------------------------------------------------Eq. (19) 

-----------------------------------------------------------------------------------------Eq. (20) 

----------------------------------------------------------------------Eq. (21) 

 

In the equations, , , , and  represent the number of positive reviews correctly 

classified, number of negative reviews correctly classified, number of negative reviews wrongly 

classified as positive, and number of positive reviews wrongly classified as negative. As can be seen 

from the Table 14 (b), the result of the performance evaluation indicates that the proposed approach 

provides effective and reliable performance in identifying customer complaints from among customer 

reviews.  

This study proposed a sentiment analysis and SPC approach to identifying customer 

complaints from online customer reviews that may need to be considered in service recovery and 

improvement processes. A central tenet of the proposed approach is that customer reviews, if properly 

analyzed, can provide organizations with rich and credible insight into customer perceptions of their 

services. The case of a mobile game service confirmed that the proposed approach is valuable as a 
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cost-effective, complementary tool for continuous service quality management. The case study also 

identified a way to improve the performance of the proposed approach and diversify the scope of 

analysis. 

Despite its valuable contribution, this study has certain limitations that should be explored in 

future research. First, this study cannot provide information about silent but critical customer 

complaints as the proposed approach identifies only customer complaints that are described in 

customer reviews. For this, other data types, such as expert and lead customer review data need to be 

investigated to extend the scope of the analysis. Second, many issues remain as to how to improve the 

performance of the proposed approach. In particular, the lexicon features should be updated and 

customized according to the service sector. Different types of customer complaints charts should be 

developed according to the objective of the analysis. Third, the service features presented in this study 

are by no means fixed and exhaustive. Important features may differ across service industries, and 

thus, should be modified and customized by adding or removing features from the model. Fourth, the 

implications that can be derived from the analysis can be diversified by integrating other methods, 

such as the Kano model, and failure mode and effect analysis, into the proposed approach. Finally, 

this study considered a single case study, a mobile game service. Further testing on other service 

industries using different databases is essential to confirm the feasibility and validity of the proposed 

approach.  

 

Table 14. Result of performance evaluation 

(a) Confusion matrix  

 Predicted positive Predicted negative  
Actual positive 178 9 
Actual negative 31 82 

 

 (b) Summary of performance metrics 

Accuracy Precision Recall F1 score 
0.87 0.85 0.95 0.9 
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5 Service Benchmarking based on Customer Perception  

5.1 Introduction 

Benchmarking in service industries – defined as the continuous process of measuring service 

performance against the competitors recognized as industry leaders – is considered an indispensable 

activity for firms to create and sustain a competitive advantage (Fu et al., 2011). A variety of models 

and methods such as importance-performance analysis (IPA) (Albayrak, 2015; Bi et al., 2019; Taplin, 

2012), quality function deployment (QFD) (Park et al., 2015), data envelopment analysis (DEA) (Lee 

and Kim, 2014) and the analytic hierarchy process (AHP) (Min et al., 2002), have been presented for 

measuring service performance and offering benchmarking strategies. However, while prior studies 

have proved quite useful for measuring the importance of service attributes and significantly 

improved the quality of analysis results, they rely heavily on customer survey data, thereby time-

consuming and labor-intensive (Ziegler et al., 2008). Moreover, previous approaches might miss 

unexpected but important service attributes that are difficult to identify in the design of survey 

questionnaires. Furthermore, the quality and reliability of analysis results strongly depend on the 

contents, complexity, and length of survey questionnaires as well as the willingness of respondents to 

participate (Groves, 2006).   

Highlighting possible avenues for methodological adaptation, recent academic interest has 

followed the need for the use of quantitative data and scientific methods. In particular, the dominant 

approach is offered by analysis of customer review data. Specifically, existing customer review-based 

approaches can largely be classified into two categories: one stream has utilized the rating information 

to identify the critical service attributes that distinguish a focal company’s service from those of its 

competitors (Mariani and Visani, 2020; Xia et al., 2019; Xia et al., 2020), whereas the other stream 

has focused more on the contents of customer reviews using text mining techniques to identify service 

attributes to diversify the scope of benchmarking guidelines (Bi et al., 2019; Hu and Trivedi, 2020). 

Although these approaches have enabled the identification of service attributes to be considered and 

the evaluation of service performance within acceptable limits of time and cost, they are limited to 

examining financial and operational aspects only in the benchmarking process. This is especially true 

in the selection of competitors (or best practices) as benchmarks. Taking the hotel industry as an 

example, the competitors were selected as the hotels of the same star rating. Despite the importance of 

intangible service attributes in customer satisfaction (Atkinson, 1988; Buttle, 1996; Lewis, 1989), the 

star rating systems tend to focus primarily on tangible criteria such as the availability and the size of 

facilities (Hensens et al., 2010) and become outdated since the systems stress some items that might 

no longer be important (e.g., a two-line telephone in every room) and overlook other items that might 
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be more important to today’s travelers (e.g., the atmosphere of hotel rooms and swimming pools) 

(Torres et al., 2014).  

These drawbacks necessitate the development of new methods for service benchmarking. 

The review of previous studies suggests that three issues are central to this problem and need to be 

addressed. First, benchmarking service performance against competitors based on financial and 

operational indicators does not guarantee a sustainable competitive edge because of the inherent 

characteristics of services, such as intangibility and insubstantiality (Shamma and Hassan, 2013). At 

the core of service benchmarking are customer experience and/or value creation to provide a clear 

direction toward meeting the needs of sophisticated customers and improving service values (Koller 

and Salzberger, 2009). Hence, any approach that is proposed should offer benchmarking guidelines 

from the perspective of customers (e.g., identification of service attributes and selection of 

competitors based on customer experience and/or value creation). Second, benchmarking is a 

continuing process, not a one-time activity. This is especially important in recent business 

environments where the number of services (or competitors) is dramatically increasing (e.g., rooms 

available on Airbnb) and customer needs are becoming diversely segmented (e.g., business, airport, 

suites, residential, resort, casino, and convention hotels). Hence, any approach that is proposed should 

enable the quick analysis of the key aspects of the focal company’s and competitors’ services and 

support decision making with acceptable levels of time and cost using quantitative data and scientific 

methods (Bi et al., 2019). Finally, it is not sufficient to compare a focal company’s service 

performance against its competitors. Organizations should implement as many plans derived via 

benchmarking processes as practical within resource limitations. Hence, any approach should provide 

specific and practical benchmarking guidelines according to customer experience and/or value 

creation (e.g., the priority of service attributes that should be improved and the directions of 

improvement). 

We propose a data-driven approach to customer-oriented service benchmarking using large 

amounts of customer review data as a source of the comprehensive VoC. Specifically, we use both the 

ratings and the textual contents of customer review data since the ratings are a straightforward, 

unambiguous way of communicating the customer’s overall assessment, yet considerable 

heterogeneity exists in customer interpretation and use of scales (Hu et al., 2017). The textual contents 

of customer reviews alleviate the ambiguity of the ratings by providing explanations and detailing the 

context for the ratings (Bi et al., 2019). The proposed approach includes (1) topic modeling to identify 

service attributes from customer review data; (2) index and sentiment analysis to measure the 

importance of service attributes and the focal company’s performance in the same attribute; (3) 

clustering and the technique for order of preference by similarity to ideal solution (TOPSIS) to select 

competitors and best practices as benchmarks from the perspective of customers; and finally (4) 
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importance-performance competitor analysis to develop a strategic action plan. 

The proposed approach was applied to the customer review data collected from TripAdvisor. 

The case study of covering 26,934 customer reviews for 26 hotels confirms that the proposed 

approach enables quick identification of key aspects of the focal company’s and competitors’ services 

and assessment of the performance of the focal company and benchmarks within acceptable limits of 

time and cost. It is expected that the systematic process and quantitative outcomes offered by the 

proposed approach provide a valuable complementary tool for customer-oriented service 

benchmarking toward continuous service improvement.  

 

 

5.2 Background 

5.2.1 Customer survey-based approaches to service benchmarking 

Prior studies have presented a variety of models and methods for measuring service performance and 

offering benchmarking guidelines. For instance, Min et al. (2002) identified a set of service 

benchmarks for monitoring service delivery processes and developed a service performance 

evaluation model using the analytic hierarchy process (AHP). Park et al. (2015) suggested a dual 

quality function deployment (QFD) by relocating the benchmarking matrix to the main body of the 

original QFD for comparative assessment of the activities of two firms (i.e., focal company and its 

competitor). Taplin (2012) presented a competitive importance-performance analysis, where the 

performance difference and the importance difference between the focal service and a competing 

service are located on the horizontal and vertical axis respectively. Similarly, Albayrak (2015) 

proposed an importance-performance competitor analysis that considers two types of gaps: the one is 

the gap between the importance of service attributes and the focal company’s performance in the same 

service attribute, and the other is the gap between focal and competing companies’ performance 

scores. Lee and Kim (2014) proposed the integrated approach of DEA and SERVPERF for identifying 

whom to benchmark and examining what degree service quality should be improved. Specifically, the 

proposed approach uses the five dimension values of SERVPERF models as outputs of the DEA to 

provide a single measure of overall service quality and benchmarking guidelines for inefficient 

decision-making units (i.e., service units).  

However, while previous approaches have deepened our understanding of benchmarking in 

service industries, they are subject to certain limitations, as follows. First, previous approaches rely 

heavily on customer survey data, thereby time-consuming and labor-intensive (Ziegler et al., 2008). 

Second, the quality and reliability of analysis results strongly depend on survey questionnaires (e.g., 

contents, complexity, and length) and the willingness of respondents to participate (Groves, 2006). 



63 

Finally, previous approaches might miss unexpected but important service attributes that are difficult 

to identify in the design of service questionnaires. Hence, prior studies have faced serious challenges, 

especially when applied to the service sector where the number of services is huge, their complexity 

increasingly mounts, and customer needs change rapidly. These drawbacks provide our underlying 

motivation and are fully addressed in the proposed approach by employing large amounts of customer 

review data collected from the web as a source of the comprehensive VoC and developing a scientific 

method to enhance the efficiency and effectiveness of measuring service performance and offering 

benchmarking guidelines.  

 

5.2.2 Customer review-based approaches to service benchmarking  

The increased availability of online platforms and the introduction of intelligent computational 

algorithms have meant that benchmarking no longer depends solely on customer surveys but can 

exploit a great deal of information that can be collected on the web. Among others, customer review 

data has received increasing attention from researchers and industrial practitioners since it is not only 

publicly available, easily collected, low cost, spontaneous, and insightful, but also simple for firms to 

monitor and manage (Guo et al., 2017).  

Existing customer review-based approaches can largely be classified into two categories. 

One stream of this research has utilized the rating information to identify the important service 

attributes and measure the competitiveness of service organizations. For instance, Xia et al. (2019) 

presented a kernel density estimation approach to identifying the critical service attributes that 

distinguish a hotel from its competitors and measuring the competitiveness of the hotel. Similarly, Xia 

et al. (2020) proposed an approach to measuring the competitiveness of a hotel brand from its 

competitors using the earth mover’s distance between the probability distributions of hotel feature 

ratings. Mariani and Visani (2020) developed a DEA model using three inputs (i.e. number of rooms, 

number of employees, net operating expenses) and two outputs (i.e. total revenues and online ratings) 

to measure the hotel’s operational efficiency and to offer benchmarking strategies. Although these 

studies have enabled the quick evaluation of service performance, as with customer-survey based 

approaches, they might miss unexpected but important service attributes since they measure the 

service quality using the ratings of pre-defined service attributes or financial and operational 

indicators.  

Another approach has focused more on the contents of customer review data using text 

mining techniques to identify customer-oriented service attributes. Hu and Trivedi (2020) identified 

service attributes by annotating nouns and noun phrases though part-of-speech (POS) tagger and 

applying association rule mining to noun and noun phrases to find frequently mentioned service 
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attributes in customer reviews. Bi et al. (2019) proposed a methodology for conducting the 

importance-performance analysis. Specifically, the service attributes were extracted through latent 

Dirichlet allocation (LDA) and the performance of each attribute was estimated through the support 

vector machine (SVM) based sentiment analysis. The importance of service attributes was measured 

via a neural network model linking the importance of service attributes derived via sentiment analysis 

and the overall rating of the service. However, while prior studies have proved useful for identifying 

important service attributes from customer review data, little attention has been paid to the selection 

of competitors (or best practices) as benchmarks in the benchmarking processes. The competitors 

were identified based solely on financial and/or operational indicators (e.g., star rating systems) 

(Albayrak, 2015; Bi et al., 2019; Fu et al., 2011; Min et al., 2002; Xia et al., 2019). Therefore, a major 

question remains regarding how to select competitors (or best practices) as benchmarks for customer-

oriented service benchmarking.  

Considering these issues, we present a data-driven approach to customer-oriented service 

benchmarking using large amounts of customer review data. The premise of this research is three-fold: 

(1) analysis of large-scale customer reviews can provide objective and reliable information on the key 

aspects of in-company and competitors’ services (Bi et al., 2019); (2) analysis of the rating 

information of customer reviews can provide information about the overall customer satisfaction for 

service.; and finally (3) analysis of the contents of customer reviews can identify important service 

attributes and clues to the service performance based on customer experience and/or value creation. 

 

5.2.3 Topic modeling  

The topic model is an unsupervised machine learning technique that discovers the topic information in 

large-scale document collections or corpus (Blei et al., 2003). Approaches to topic modeling can be 

classified into two categories: probabilistic approaches (e.g. latent Dirichlet allocation (LDA)) and 

linear algebra approaches (e.g. non-negative matrix factorization (NMF)). First, LDA assumes that 

documents, a mixture of corpus-wide topics, exhibit multiple topics. Here topics are defined as a 

distribution of matrix of words, and words are drawn from one of those topics. LDA obtains the final 

outcomes of topic-word and document-topic distributions through a posterior maximization with 

Gibbs sampling. This kind of statistical learning is generally considered to perform quite well only on 

the condition that the corpus is statistically sufficient (Chen et al, 2019).   

In contrast, NMF models the underlying components as coordinate axes and each document 

corresponds to a unique point in the latent linear space with a geometric perspective (Daniel et al., 

1999). The text archive is usually firstly encoded in a term-document matrix with TF-IDF weights and 

then two non-negative matrices: term-topic and topic-document are sought with algorithms such as 
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multiplicative update, in which each column of term-topic matrix can be viewed as a topic, and each 

column of topic-document can be treated as a compact embedding in the latent topic space. Chen et al. 

(2019) compared the derived topic quality of NMF and LDA on short text data and demonstrated that 

NMF is inclined to produce better topics than LDA. Considering that customer reviews are also short 

text documents, the proposed approach adopt NMF to identify service attributes. The graphical 

representation and equations are illustrated in the Section 5.3.2.   

 

 

5.3 Proposed method 

The overall process of the proposed approach is described in Figure 16. Given the complexities 

involved, the proposed approach is designed to be executed in five steps: (1) data collection and pre-

processing; (2) identifying service attributes affecting the customer’s perception of service 

performance with keyword dictionary; (3) measuring the importance of service attributes and the focal 

company’s performance; (4) selecting competitors and best practices; and finally (5) developing a 

strategic action plan. 

 

Figure 16. Overall process of the proposed approach 
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5.3.1 Step 1: Data collection and pre-processing 

The customer review data can be obtained from various platforms such as online stores, forums, 

review sites, social media services, and blogs. Although the structure and contents of customer 

reviews may differ across the platforms, most platforms typically provide two components, i.e., 

ratings and textual contents that are the main inputs of the proposed approach. In this context, the 

customer reviews of focal service and relevant services are collected via web scrapping techniques 

and pre-processed via data parsing techniques. Here, the structured items that are consistent in 

semantics and formats (e.g., ratings and review date) can be easily stored in well-defined schemas 

such as relational databases while the textual contents that have different structures and styles need to 

be transformed for further analysis. For this, first, the textual contents are tokenized by splitting the 

text into smaller tokens. Second, all letters in the texts are converted to lowercase letters. Third, stop 

words, such as ‘a’ and ‘the’, and non-English words are removed. Fourth, part-of-speech (POS) 

tagging is performed to assign POS tags (e.g., noun and verb) to tokens. Finally, a lemmatization is 

executed to reduce inflectional forms of words and to return the dictionary forms of the words, which 

are known as the lemma. In Section 5.3.2 and 5.3.5, the results of POS tagging and lemmatization are 

used to construct a keyword dictionary and to develop a specific and practical action plan, while the 

raw data are used to extract sentence referring to specific attribute in Section 5.3.3. 

 
5.3.2 Step 2: Identification of consumer-oriented service attributes 

This step identifies service attributes affecting the customer’s perception of service performance with 

the keyword dictionary to assign customer reviews to the relevant service attributes and further to 

evaluate the service performance based on customer experience and/or value creation. Service 

attributes are defined as the dimensions and/or features that constitute a service, and the keyword 

dictionary is a collection of the keywords that indicate specific service attributes in customer reviews. 

The process of identifying service attributes with the keyword dictionary consists of two sub-

steps. First, the initial version of service attributes with the keyword dictionary is defined through 

topic modeling techniques. Approaches to topic modeling can be classified into two categories: 

probabilistic approaches (e.g. latent Dirichlet allocation (LDA)) and linear algebra approaches (e.g. 

non-negative matrix factorization (NMF)). The basic concept of probabilistic approaches is that a 

document is a mixture of topics and each word’s presence is attributable to one of the document’s 

topics with certain probabilities (Blei et al., 2001). The topic-word and document-topic distributions 

are obtained through a posterior maximization with Gibbs sampling. The linear algebra approaches 

project term-document matrix into a low dimensional subspace through linear or nonlinear 

transformation. In the topic space, each coordinate axis corresponds to a topic, and each document is 
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represented as a linear combination of these topics (Lee and Seung, 1999). Prior empirical studies on 

the performance of these two approaches presented that linear algebra approaches tend to outperform 

than probabilistic approaches on short text datasets (Chen et al., 2019). Considering that customer 

reviews are also short text documents, we adopt linear algebra approaches to identifying service 

attributes. 

The NMF algorithm is employed since it constructs a non-negative parts-based 

representation of data, which is natural for interpreting the textual representation (Tsarev et al., 2011). 

Given  customer reviews, each review  is linearly combined by  components  with 

coefficients , where and . This 

algorithm minimizes the square loss between the original term-document vector  and the linear 

combinations , as shown in Eq. (22).   

 

          --------------------------------------------Eq. (22) 

 

where  denotes the square of a vector’s L2-norm. The Eq. (22) is transformed into a compact 

version as shown in Eq. (23).  

 

             ----------------------------------------------- Eq. (23) 

 

where  

and  represents the square of a matrix’s Frobenius norm, as represented in Figure 17. As to the 

learning algorithm, the multiplicative update is designed as in Eqs. (24) and (25). 

 

    --------------------------------------------------------------------------------------------- Eq. (24) 

    ---------------------------------------------------------------------------------------------Eq. (25) 

 

Eqs. (24) and (25) iterate until convergence and we obtain the term-topic matrix  and topic-

document matrix . The initial version of service attributes with the keyword dictionary is 

constructed by assigning a label to each topic, linking the labels of the topics to service attributes, and 

including the terms in the keyword dictionary.  
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Figure 17. Graphical representation of non-negative matrix factorization (NMF) 

Second, the initial version might miss the service attributes and terms that are not frequently 

occurred in customer reviews and might include some uninterpretable and duplicate topics, thereby 

needing manual examination by domain experts. For this reason, experts should adjust the initial 

version of service attributes with the keyword dictionary by identifying the interpretable topics, 

merging the topics with similar attributes, adding topics and terms, and deleting noise and duplicate 

terms. Here, we provide experts with the results of literature reviews and keyword analysis as 

supplementary materials. Although most service attributes are expressed as nouns and noun phrases, 

the forms of adjectives and verbs should be taken into account together. For instance, ‘cleanliness’ in 

many cases is represented as ‘clean’ or ‘dirty’ in customer reviews. Hence, the keyword analysis 

considers the forms of adjectives and verbs as well as abbreviation and synonym to diversify the 

scope and to enhance the reliability of the analysis.  

 

5.3.3 Step 3: Estimation of the importance and performance of each attribute 

This step employs sentiment analysis to measure service performance at the service attribute-level 

using the contents of customer reviews and index analysis to identify the importance of service 

attributes using the ratings of customer reviews. First, in terms of the service performance at the 

service attribute-level, among different models for sentiment analysis (e.g., linguistic inquiry and 

word count (Tausczik and Pennebaker, 2010), semantic orientation calculator (SO-CAL) (Taboada et 

al., 2011), and positive and negative affect schedule (PANAS) (Gonçalves et al., 2013)), we employ 

the valence aware dictionary and sentiment reasoner (VADER) since this method was built on 

microblogs like Twitter (Part et al., 2015) and thus performs well with short texts such as customer 

reviews. Moreover, this method considers emoticons, acronyms, and initializes that occur frequently 

in customer reviews to measure sentiment intensity.  

Specifically, the VADER is based on a gold-standard list of lexical features and examines 

five grammatical and syntactical conventions to measure the sentiment scores: (1) punctuations such 

as exclamation points increase the magnitude of the sentiment intensity; (2) capitalization increases 

the magnitude of the sentiment intensity; 3) degree modifiers impact sentiment intensity by either 
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increasing or decreasing the intensity; 4) the contrastive conjunctions, such as but and however, signal 

a shift in sentiment polarity; and 5) the preceding tri-gram identifies the cases where negation flips the 

polarity of the text. Building on this concept, the procedure for measuring service performance at the 

service attribute-level consists of three sub-steps. First, customer reviews are linked to the relevant 

service attributes by matching the keyword dictionary constructed in the prior step, as shown in Table 

15.  

 

Table 15. Example of the customer review-service attribute matrix 

Service  Reviews Attributes Overall 
rating 

Food Facility  Wi-Fi 

1 1 Delicious 
breakfast  

- No Wi-Fi 5 

2 - Swimming pool is 
awesome  

Wi-Fi is good and 
free 

4 

3 Terrible food Perfect pool  - 3 

4 Breakfast was 
delicious  

Noisy and 
dangerous gym  

- 5 

 

Second, the sentiment scores of customer reviews for the relevant service attributes are 

calculated as the sentiment scores of the relevant sentences of the customer reviews corresponding to 

the relevant service attributes. Specifically, four different types of sentiment scores are measured at 

the service attribute-level as in Eqs. (26)-(29).  

 

    ------------------------------------Eq. (26) 

    ---------------------------------------------Eq. (27) 

    -------------------------------Eq. (28) 

    

,-------------------Eq. (29) 

 

where  is the sum of the lexicon and rule-based positive scores, the 

number of neutral words, and the absolute value of lexicon and rule-based negative scores for the th 

customer review for the th attribute. 
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Third, given that the service performance cannot be ascertained fully from customer review 

data, customer reviews are classified as positive or negative at the service attribute-level to reduce the 

measurement error. For classification, we used the compound score that is the normalized overall 

sentiment score ranging from -1 (most extreme negative) to 1 (most extreme positive). The resulting 

customer review-attribute performance matrix is constructed as exemplified in Table 16.  is 

defined as the performance of the th service attribute in the th customer review for ith service. 

 is 1 if the compound score is positive, -1 if the compound score is negative, and 0 if th service 

attribute is not mentioned in the mth customer review. 

 

Table 16. Example of the customer review-attribute performance matrix 

Service  Reviews Attributes Overall 
rating 

Food Facility  Wi-Fi 

1 1 1 0 -1 5 

2 0 1 1 2 

3 -1 1 0 3 

4 1 -1 0 5 

      

Finally, the service attribute performance matrix is constructed, as shown in Eq. (30).  

 

    ---------------------------------------------------------------------------------------Eq. (30). 

 

where  represents the number of customer reviews for service  for service attribute . For 

instance, the service attribute performance for food attribute in Table 17 is . 

 

Table 17. Example of the service attribute performance matrix 

Service  Attributes 

Food Facility  Wi-Fi 

1 0.33 0.33 0 

 

Second, two approaches can be used for estimating the importance of service attributes. First, 

the self-state approach is to estimate the explicit importance of service attributes through customer 

surveys. That is, customers are asked to evaluate the importance of service attributes using a Likert 
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scale. Although it is simple and practical, this approach has a limitation in that the self-stated 

importance of service attributes is influenced by the performance of the service attributes (Lai and 

Hitchocock, 2016; Matzler et al., 2003). Second, the implicit approach estimates the importance of 

service attributes by liking the overall satisfaction and the performance of the service attributes using 

regression models (Danaher and Mattsson, 1994; Rust et al., 1994; Van et al., 2007) and conjoint 

analysis. However, the importance of service attributes derived by regression models is likely to be 

biased and misleading (Deng et al., 2008) since the assumptions associated with regression models are 

mostly violated in customer satisfaction research (Garver, 2002). In this context, new methods which 

are based on a conjoint analysis were proposed (Danaher, 1997; DeSarbo et al., 1994). Conjoint 

analysis has typically been used for new product development (Green and Srinivasan, 1990). However 

conjoint analysis has also been used in service industry setting to measure the relative importance of 

service attributes measured in customer satisfaction (Danaher, 1997; DeSarbo et al., 1994). Conjoint 

approach enable us to model a response surface for satisfaction across the full range of service 

attribute levels, at either the individual or overall service level (Danaher, 1997). Adopting the implicit 

approach and borrowing the concept of importance in conjoint analysis, we measure the importance of 

service attribute  of service  ( ) as the difference in the mean of overall rating scores between 

positive and negative reviews, as shown Eq. (31). 

 

     ------------------------------------------------Eq. (31) 

  

where  represents the importance of service attribute  of service .  and  are the 

numbers of positive reviews and negative reviews, respectively. For example, the importance of 

service attribute food in Table 18 is If there is no positive (negative) review 

for service attribute  of service , the average of the overall rating scores for service  is used 

instead. If there is no review for service attribute  of service ,  is set to 0. The constructed 

service attribute importance matrix is normalized using min-max feature scaling to range from 0 to 1 

for each service, which is then used as the input of -means clustering in Step 5.3.4.  

 

Table 18. Example of the service attribute importance matrix 

Service  Attributes 

Food Facility  Wi-Fi 

1 2 -1.5 -1 
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5.3.4 Step 4: Identification of the competitors and best practices as benchmark 

This step employs k-means clustering to categorize services into groups according to the importance 

of service attributes and TOPSIS to select best practices as benchmarks. -means clustering is a 

method that aims to partition  observations into  clusters in which each observation belongs to 

the cluster with the nearest mean that serves as a prototype of the cluster (Hartigan and Wong, 1979). 

Specifically, given a set of observation ( ), they are partitioned into  sets 

={ } to minimize the within-cluster sum of squares (WCSS), as shown in Eq. (32).  

 

    ----------------------------------------Eq. (32) 

 

where  is the mean of points in . The elbow method – that plots the value of distortion produced 

by different values of  and finds the optimal value of  at which improvement in distortion 

declines the most – is used to determine the number of clusters. As a consequence,  service groups 

with similar importance distributions of service attributes are identified and services belonging to a 

group are considered as competitors. 

TOPSIS is a multi-criteria decision-making method based on the concept that the chosen 

alternative should have the shortest geometric distance from the positive ideal solution and the longest 

geometric distance from the negative ideal solution. TOPSIS has been used to evaluate and rank the 

performance of firms (Ertuğrul and Karakaşoğlu, 2009) and the sustainable business excellence 

(Metaxas et al., 2016). The advantages of this method lie in its simplicity and ability to consider a 

non-limited number of alternatives and criteria (Hung and Cheng, 2009). Moreover, this method 

measures and ranks the services considering the capacity limitation for each service attributes 

(Ibrahim et al., 2019). The process of ranking competitors (i.e., services belonging to a group) consists 

of seven steps. First, the service attribute-performance matrix for group , , is normalized to 

form matrix using the normalization method , where  is the number of 

services in group . Second, the weighted normalized decision matrix is constructed as 

, where  so that and = . 

Third, the best ( ) and worst ( ) hypothetical services are determined as in Eqs. (33) and (34).   

 

     { }------------------------------------Eq. (33) 

     { }-------------------------------------Eq. (34) 
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Fourth, -distances between the service  and the best and worst hypothetical services are 

calculated as shown in Eqs. (35) and (36). 

 

    ------------------------------------------------Eq. (35) 

-------------------------------------------------Eq. (36) 

Fifth, the performance of services is calculated as  . Finally, the best practices are 

identified as the services outperforming the focal service. If the focal service ranks first, then the 

services with high ranks are identified as the best practices. 

 

 

5.3.5 Step 5: Prioritization of service attributes and development of strategic action plan for 

service improvement  

This section determines the priority of the focal service’s attributes for improvement via importance-

performance competitor analysis (IPCA). IPCA has originated from importance-performance analysis 

(IPA) that formulates improvement priorities based on two dimensions: the importance of service 

attributes and the performance of focal service for the service attributes (customer satisfaction) 

(Martilla and James, 1977). To overcome the limitations of IPA (Chen, 2014; Keyt et al., 1994), IPCA 

considers the importance of service attributes and the performance of the focal service’s and 

competitors’ attributes together (Albayrak, 2015).  

As Figure 18 shows, the IPCA plot examines two types of gaps: one is the gap between the 

focal service’s performance and the importance for the attribute, and the other is the gap between 

focal and competing companies’ performance scores for the attribute (i.e. performance difference). 

Specifically, the gap between an attributes’ performance and importance is calculated as in Eq. (37).  

 

    , --------------------------------------------------Eq. (37) 

 

where  and  represents the normalized performance and importance of the jth 

attribute for the focal service, i.e.,  and 

. The performance difference between the focal service and benchmark 
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services is calculated by Eq. (38) 

 

    , ----------------------------------------------Eq. (38) 

 

Here,  denotes the mean value of benchmark services’ performance (i.e., 

, where  is the number of benchmarks selected in the 

preceding section.  

Each attribute can be classified into one of the four areas of the IPCA plot: solid competitive 

advantage, head-to-head competition, urgent action, and potential competitive edge. First, the 

attributes associated with solid competitive advantage are regarded as the focal service’s strengths 

showing higher performance than those of competitors and higher performance than the importance of 

attributes. The focal firm should keep its current performance level for these attributes. However, 

improving the quality of these attributes may not lead to a real advantage since the focal company 

presents higher performance than the importance of the attributes. Second, the focal firm presents 

lower performance than its competitors for the attributes in the head-to-head competition quadrant. 

Third, the attributes categorized as urgent action are the attributes that the focal company presents 

lower performance than competitors and their importance. These attributes considered as weaknesses 

where the focal company should take urgent action to improve them. Finally, the focal company 

outperforms competitors for the attributes classified as potential competitive edge although the focal 

company presents lower performance than the importance of the attributes. Improving the quality of 

these attributes might create a new competitive edge for the focal company.  
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Figure 18. The importance-performance competitor analysis (IPCA) model  

5.4 Case study  

In this section, a case study of the hotels in Bangkok, the capital of Thailand, is presented to illustrate 

the feasibility of the proposed approach. Bangkok is one of the world’s top tourist destination cities. 

Each year approximately 22.7 million international visitors arrive in Bangkok (Alexandra, 2019). The 

revenue of the hotels in Bangkok accounted for about 29.96% of the total hotel revenue in Thailand 

(National Statistical Office, 2013). However, there are more than 10,000 registered hotels in Bangkok, 

and these hotels strive to develop improvement strategies to survive in the oversaturated and fiercely 

competitive market (Sritama, 2018). 

 

5.4.1 Step 1: Data collection and pre-processing 

Customer review data were collected from Tripadvisor (https://www.tripadvisor.com) for the 

following two reasons. First, Tripadvisor is one of the world’s most popular web sites for travel 

accommodations (Law, 2006). This web site had an average of more than 490 million monthly visitors 

and a total of more than 730 million reviews and opinions by the end of 2018 (Taecharungroj and 



76 

Mathayomchan, 2019). Second, the database is well organized in terms of search conditions and 

reliability, providing diverse information including overall ratings, dates of stay, and review 

comments in electronic format.  

For 26 hotels, a total number of 26,934 online reviews posted between July 2016 and July 

2019 were collected, as shown in Table 19. Each hotel has at least 100 reviews written in English 

posted during this period. For the review contents, the ‘natural language toolkit’ (NLTK) in python, 

which is a suite of libraries and programs for natural language processing for text written in English, 

was used for pre-processing the textual data such as tokenization, stop words removal, POS tagging, 

and lemmatization. The resulting customer review database includes the structural items, such as hotel 

identifiers, review identifiers, dates of stay, overall ratings, and the unstructured items, such as review 

contents and pre-processed content information. The database is not reported here in its entirety owing 

to lack of space, but a part of the database is shown in Table 20 

 

Table 19. The number of customer reviews for 26 hotels 

 

Identifier  Number of reviews Identifier  Number of reviews 
S2-a 741 S4-b 726 
S2-b 312 S4-c 833 
S2-c 638 S4-d 1,887 
S2-d 416 S4-e 1,461 
S2-e 115 S4-f 2,291 
S3-a 324 S4-g 1,955 
S3-b 320 S5-a 3,229 
S3-c 363 S5-b 1,541 
S3-d 450 S5-c 956 
S3-e 193 S5-d 1,450 
S3-f 316 S5-e 1,300 
S3-g 298 S5-f 1,309 
S4-a 1,180 S5-g 2,330 
.
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5.4.2 Step 2: Identification of consumer-oriented service attributes 

We defined the initial version of service attributes with the keyword dictionary from the review 

contents of the database using ‘NMF’ module in ‘sklearn’ package implemented in Python. Here, 

quantitative measurements such as perplexity and topic coherence can help determine the number of 

topics, yet qualitative experts’ judgments are more flexible in practice (Chang et al., 2009). Moreover, 

the process should be conducted manually in that the number of topics may be subjective to the 

context of service benchmarking For instance, if a company carries out explorative research for 

radical changes, the service attributes should be defined at the macro-level. In contrast, if a company 

pursues minor changes, the service attributes should be defined at the micro-level, and specific service 

attributes will give a practical solution by including specific service attributes. Considering these 

issues, qualitative judgments by domain experts were employed to determine the number of topics, 

and the measurements of perplexity and topic coherence were provided as supplementary materials in 

this process. As a result, the number of topics was determined as 25, which produced the most 

interpretable results.  

The labeling of topics was conducted by one expert and confirmed by two other experts to 

increase the reliability of the research. The task was based on the identification of a logical connection 

between the most frequent words and a topic. For instance, the topic name “Facilities” is labeled 

based on the words ‘pool’, ‘swim’, and ‘gym’. Of the 25 topics, 6 uninterpretable and 4 repeated 

topics were removed after experts’ examination. Finally, 7 service attributes were identified by 

grouping the remaining 15 topics according to their characteristics, as shown in Figure 19.  
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Figure 19. Service attributes and topics derived via NMF 

The initial version of service attributes with the keyword dictionary was complemented 

through literature review and keyword analysis. Prior studies have presented the different attributes to 

describe key aspects of hotel services, as summarized in Table 22. For instance, using LDA techniques, 

Bi et al. (2019) identified nine attributes, that is, value, location/transport, room, cleanliness, service, 

food/drink, check-in/out, facility, and Wi-Fi/internet. Similarly, Guo et al. (2017) identified six 

attributes i.e., cleanliness, service, location, room, and value, and Mankad et al. (2016) identified 

amenities, location, transactions, value, and experience. Through literature review, Tsang and Qu 

(2000) identified 35 attributes including food, service, room, facility, location, cleanliness, value, and 

security through literature review. Chu and Choi (2000) identified hotel 26 attributes including food, 

service, room, facility, location, cleanliness, value, internet, and security via literature review and 

three focus group discussions. Building upon these studies, “Wi-Fi” and “security” attributes were 

added to the initial version of service attributes.  

As for keyword analysis, first, the relevant keywords describing each attribute were 

identified by examining keywords in the form of nouns, noun phrases, adjectives, and verbs in the 

pre-processed contents. Second, the abbreviations and synonyms of keywords were identified via 

WordNet and. Finally, these keywords were added to the keyword dictionary for service each attribute, 

as shown in Table 21 
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Table 21. Keyword dictionary employed in this study 

Number Attribute Words  

1 Food Food, restaurant, buffet, delicious, dinner, breakfast, dish, fruit, 
drink, juice, dining, meal  

2 Service 
Concierge, staff, friendly, helpful, help, book, booking, check, ask, 
reception     

3 Room Bathroom, bedroom, noise, loud, loudly, bed, lamp, light, 
temperature, view 

4 Facility  Facility, gym, pool, lounge, club, executive, lobby, bar, rooftop   

5 Location 
Bts, tuk, subway, train, taxi, walk, distance, mall, shop, airport, 
station, transport   

6 Cleanliness  Clean, dirty, bug, cleanliness, cleaning, cleaner, dust, sheet, tidy     

7 Value  Value, price, money, point, expensive, inexpensive, cost    

8 Wi-Fi/Internet  Internet, wifi, wireless, computer, laptop, bandwidth 

9 Security  Security, safe, lock, locker, guard, privacy, cctv     
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5.4.3 Step 3: Estimation of the importance and performance of each attribute 

The contents of customer reviews may contain several sentences concerning different hotel attributes. 

For this reason, the contents of customer reviews were first split into sentences by using 

“sent_tokenize” module in “nltk” package in Python that divides a text into a list of sentences based 

on punctuation following sentences, abbreviation words, collocations, and words that start sentences. 

The customer reviews were then coupled with relevant attributes via a string-matching technique. 

After assigning review sentences to the relevant attributes, the service performance and the 

importance of attributes were measured. First, in terms of the service performance at the service 

attribute-level, the four sentiment scores for each sentence of a customer review were measured by 

using “vader” module in “nltk” package, as shown in Table 23. For instance, for the review “Stayed 

for 5 nights, met a lot of people. Room is clean and tidy, shower clean, laundry services available. 

Biggest disappointment very boring and repetitive breakfast option - either cereal or toast”, the room 

and clean attributes were classified as positive while the food attribute was classified as negative. Out 

of 88,989 sentences, a total of 73,261 and 15,728 sentences were identified as positive and negative 

sentences on the relevant service attributes according to their compound scores. The resulting 

customer review-attribute performance matrix is not reported here in its entirety owing to lack of 

space, but a part of the matrix is shown in Table 24. Moreover, the service attribute performance 

matrix was constructed by aggregating the attribute performance at the customer review level to the 

performance at the service level, as shown in Table 25.  

Second, the importance of service attributes was measured based on the difference in the 

average of overall rating scores between positive and negative reviews and normalized to adjust 

different scales and to range from 0 to 1 as shown in Table 26. The proposed indicator is based on the 

premise that the overall rating scores correspond to the customer’s overall satisfaction with the service. 

To confirm this, the Spearman correlation analysis between overall rating scores and compound 

scores calculated via VADER was performed. The Spearman correlation coefficient is a 

nonparametric measure of statistical dependence between two variables and applicable for both 

continuous and discrete ordinal variables (Croux and Dehon, 2010). It has a value between 1 and -1, 

where 1 is means that as the value of one variable increases, so does the value of the other variable. 

The result verified the positive relationship between overall ratings and compound scores with the 

0.32 correlation coefficient and p-value less than 0.001. According to the average of the importance of 

attributes over 26 hotels in Bangkok, the attributes are considered important in order of cleanliness, 

service, room, Wi-Fi, security, value, facility, food, and location, which is in line with the results of 

existing studies that the satisfaction of customers staying at the hotels in Bangkok is most affected by 

cleanness (Cherdchamadol and Sriboonjit, 2017). 
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5.4.4 Step 4: Identification of the competitors and best practices as benchmark 

We conducted k-means clustering using Euclidean distances to identify competitors based on 

customer perception. Here, the number of clusters was set to three based on the result of the elbow 

method, as shown in Figure 20. The characteristics of three clusters were derived by averaging the 

attribute importance scores over the hotels of each cluster, as shown in Figure 21. First, as for cluster 

1 with 11 hotels, cleanliness is identified as the only important service attribute. Second, regarding 

cluster 2 with 9 hotels, the most distinctive attribute compared to those of other clusters was security. 

Although the importance of cleanliness is high, it is almost the same level as the average of the 26 

hotels considered. Finally, two attributes, service and Wi-Fi, are considered important for cluster 3 

with 6 hotels. Moreover, it is noteworthy the results of cluster analysis based on the attribute 

importance from the perspective of customers differ from those of star-rating systems based on 

financial operation indicators. All clusters have hotels with different star-ratings evenly, which 

indicates that selecting benchmarks using star-rating systems only might lead to the omission of 

competitors that must be considered in the service benchmarking process.  

 

Figure 20. Identified groups for 26 hotels in Bangkok 
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To present specific use cases, we delineate the process of selecting benchmarks for cluster 1 

with 11 hotels and the Shangri-La hotel (S5-a) as the focal service. TOPSIS was conducted to rank the 

hotels in the cluster based on service performance and attribute importance. First, the service 

attribute-performance matrix for the hotels in the cluster was constructed, as reported in Table 27(a). 

Second, the weighted normalized decision matrix was constructed, as represented in Table 27(b). Here, 

the average of attribute importance over the hotels in the cluster was employed as the weights, as 

shown in Table 27(c). Third, the best (worst) hypothetical hotel services were determined by 

combining the maximum (minimum) values of weighted normalized performance, as shown in Table 

27(d). Fourth, -distances between each hotel and the best (worst) hypothetical hotel service were 

calculated, as shown in Table 27(e). Fifth, the hotels are ranked according to their performance, as 

reported in Table 27(f). Finally, three hotels, S3-g, S4-g, and S5-b, were identified as benchmarks. In 

the case of S3-g that was ranked first in cluster 1, although this hotel is a three-star hotel, it was 

selected as the “Travelers’ choice” awarded by TripAdvisor only to the top 1% of the hotels in 2019, 

which supports our contention that the proposed approach is effective in measuring and ranking the 

performance of hotels.  
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5.4.5 Step 5: Prioritization of service attributes and development of strategic action plan for 

service improvement  

Two gaps between the focal service’s performance and importance for attributes and between the 

focal service’s performance and competing services’ performance were first calculated as reported in 

Table 28. The IPCA plot was then developed based on these two gaps, as shown in Figure 22. The 

service attributes can be classified into one of four areas in the map: solid competitive advantage, 

head-to-head competition, urgent action, and potential competitive edge. Although the benchmarking 

guidelines may differ across the organizational context, the service attributes are generally managed in 

the direction shifting from urgent action and solid competitive advantage. First, two attributes, 

cleanliness and value, are located in the urgent action quadrant, indicating the performance of these 

attributes was lower than the importance of the attribute and lower than that of benchmarks. The 

quality of these attributes by examining the customer reviews for own service as well as benchmarks. 

Second, two attributes, Wi-Fi and facility, are positioned in the head-to-head competition quadrant, 

indicating that performances on the two attributes were higher than the importance of the attributes 

but lower than that of the benchmarks. S5-a should examine the quality improvement of these 

attributes could lead to organizational competitive advantages. If so, the directions of service 

improvement should be identified by examining the positive customer reviews of benchmarks. Third, 

service attribute is classified as potential competitive edge, representing that S5-a outperform 

benchmarks but present lower performance than the importance of attribute. The negative customer 

reviews for own service need to be closely investigated to identify the directions of service 

benchmarking. Finally, four attributes (i.e. food, location, security, and room) in the area of solid 

competitive advantage quadrant are considered satisfactory and need to be well-maintained. 

  

Table 28. Result of IPCA for S5-a 

Attribute Gap 1* Gap 2** [Priority] Quadrant  
Food 0.045  -0.020  [4] Solid competitive advantage  
Service  0.001  -0.017  [3] Potential competitive advantage 
Room 0.014  -0.018  [4] Solid competitive advantage 
Facility 0.017  -0.045  [2] Head-to-head competition 
Location 0.044  0.084  [4] Solid competitive advantage 
Cleanliness  -0.147  -0.092  [1] Urgent action 
Value -0.033  -0.067  [1] Urgent action 
Wi-Fi 0.045  -0.164  [2] Head-to-head competition 
Security 0.014  0.063  [4] Solid competitive advantage 

* Gap 1 (The focal service’s performance – the attribute’s importance),  
** Gap 2 (The focal service’s performance – competing service’s performance) 
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Figure 22. Importance-performance competitor analysis (IPCA) of S5-a 
 

 

5.5 Summary and discussions  

This study proposed a data-driven approach to customer-oriented service benchmarking using large 

amounts of customer review data as a source of the comprehensive VoC. The proposed approach 

includes (1) topic modeling to identify service attributes from customer reviews; (2) index and 

sentiment analysis to measure the importance of service attributes and the focal company’s 

performance in the same attribute; (3) clustering and TOPSIS to select competitors and best practices 

as benchmarks from the perspective of customers; and finally (4) importance-performance competitor 

analysis to develop a strategic action plan. The case study of hotel services confirms that the proposed 

approach enables quick identification of key aspects of the focal company’s and competitors’ services 

and assessment of the performance of the focal company and benchmarks within acceptable limits of 

time and cost.  

 The contributions of this research are two-fold. From a theoretical perspective, this study 
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contributes to service benchmarking research by extending previous financial and operational 

indicator-based approaches to customer-centric approaches. In particular, our approach identifies 

service attributes affecting the customer’s perception of service quality, selects measure the focal 

service’s and competitor’s performance based on customer perception, and offers benchmarking 

guidelines based on the IPCA plot. It is expected that the systematic process and quantitative 

outcomes offered by the proposed approach provide a valuable complementary tool for customer-

oriented service benchmarking toward continuous service improvement. Second, from a 

methodological perspective, this study integrates several methods such as topic modeling, sentiment 

analysis, clustering, and TOPSIS, enabling the quick analysis of the key aspects of the focal 

company’s and competitors’ services and support decision making with acceptable levels of time and 

cost using quantitative data and scientific methods. Moreover, the proposed approach systemizes the 

burden of experts’ manual work when examining customer reviews. Although this study focused on 

service benchmarking, the proposed approach could be useful for various purposes such as developing 

promotion strategies.  

With regard to validation of estimation of the importance and performance of each attribute, 

any approach that is developed should be carefully deployed in practice as there is no absolute 

confirmation regarding the validity and practicality of the proposed approach. In this respect, the 

performance of the proposed approach is strongly related to the ability to identify the sentiment of 

customer reviews for the relevant service attributes. For this reason, we examined the performance 

and reliability of the sentiment analysis using several quantitative metrics, as summarized in Table 29. 

Specifically, a total of 300 customer reviews were first randomly selected and classified into two 

categories (i.e. positive and negative reviews) by the authors and other experts. A confusion matrix 

was then constructed to compare the results of the sentiment analysis to those of experts, as shown in 

Table 29 (a). Finally, four quantitative indicators—which are accuracy, precision, recall, and F1 

score—were examined, as reported in Table 29 (b). Here, accuracy is defined as the percentage of 

correct classifications, as defined in Eq. (39). Precision indicates the number of correct results divided 

by the number of all returned results, as shown in Eq. (40). Recall measures the number of correct 

results divided by the number of results that should have been returned, as shown in Eq. (41). F1 score 

represents the overall effectiveness of the sentiment analysis and is defined as the harmonic average 

of the precision and recall, as shown in Eq. (42). This score reaches its best value at 1 and worst at 0. 

 

----------------------------------------------------------------------------Eq. (39) 

------------------------------------------------------------------------------------Eq. (40) 
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-----------------------------------------------------------------------------------------Eq. (41) 

----------------------------------------------------------------------Eq. (42) 

 

In the equations, , , , and  represent the number of positive reviews correctly 

classified, number of negative reviews correctly classified, number of negative reviews wrongly 

classified as positive, and number of positive reviews wrongly classified as negative. As can be seen 

from the Table 29 (b), the result of the performance evaluation indicates that the proposed approach 

provides effective and reliable performance in identifying the sentiment of customer reviews.  

 
Table 29. Result of performance evaluation 

 
(a) Confusion matrix  

 Predicted positive Predicted negative  
Actual positive 195 32 
Actual negative 8 65 

 
 (b) Summary of performance metrics 

Accuracy Precision Recall F1 score 
0.87 0.86 0.96 0.9 

 Despite its contributions, this study has certain limitations that should be explored in future 

research. First, the proposed approach still needs human intelligence and manual procedure 

particularly when defining service attributes and developing strategic action plans, although the 

approach can reduce experts’ burden associated with service benchmarking and most parts of the 

approach can be automated. Second, although the case study verifies the feasibility and applicability 

of the proposed approach, further validation by domain experts is required to confirm the 

effectiveness of proposed approach such as the identification of competitors and measurement of the 

importance of each service attribute. Finally, this study considered a single case study, hotel services 

in Bangkok. Further testing on services across different industries is essential to confirm the external 

validity of the proposed approach. Nevertheless, the systematic processes and quantitative outcomes 

of the proposed approach offer a substantial contribution to both current research and future practice.  
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6 Conclusion 

6.1 Summary and contributions 

Continuous service improvement in the post-launch stages is considered one of the most crucial 

activities for companies to gain and maintain a competitive edge. The central tenets of the dissertation 

are three-fold: (1) customer reviews are a useful data source of the comprehensive VoC; (2) analysis 

of large-scale customer reviews can provide specific and practical guidelines on continuous service 

improvement, and finally (3) recent developments in machine learning and natural language 

processing techniques can contribute to service engineering research by offering information that 

cannot be produced easily by humans and can be transformed into service improvement strategies. 

Building on this notion, this dissertation develops models and methods for customer review analytics 

for continuous service improvement and applies the developed approaches to game and hotel service 

industries.  

This dissertation deals with three main issues with critical problems for continuous service 

improvement in the post-launch stage. The issue is concerned with the dynamics of services given that 

different service improvement strategies should be offered along with different life cycle stages. We 

propose a stochastic service life cycle analysis to gauge where a service is in its life cycle and to give 

forecasts about its future prospects. The number of customer reviews is employed to customer 

attention-based service maturity and an HMM is used to estimate the probability of a service being at 

a certain stage of its life cycle. Based on this, three indicators are developed to represent the future 

prospects of a service’s life cycle progression. The main advantages of the proposed approach lie in 

its ability to model different shapes of life cycles without any supplementary information and to 

examine a wide range of services at acceptable levels of time and cost. A case study of mobile game 

services in the Apple App Store is presented. 

The second issue is associated with correcting existing defects for service improvement. We 

develop an integrated approach of sentiment analysis and SPC to monitoring customer complaints and 

to detecting potential service failures. The sentiment analysis method enables systematic identification 

of a customer satisfaction score from customer review data while statistical process control allows 

early detection of significant customer complaints and prevents service failures. The integration of 

two methods makes it possible to monitor customer complaints at acceptable levels of time and cost. 

A case study of a mobile game service is presented, offering a guideline for implementation and 

customization of the proposed approach.  

The last issue is related to establish long-term strategies for service improvement. We 

present an approach to identifying competitors and best practices and developing guidelines on 
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service benchmarking based on customer perception. The proposed approach includes (1) topic 

modeling to identify service attributes from customer reviews; (2) index and sentiment analysis to 

measure importance of service attributes and the focal company’s performance in the same attribute; 

(3) clustering and the technique for order of preference by similarity to ideal solution (TOPSIS) to 

select competitors and best practices as benchmarks from the perspective of customers; and finally (4) 

importance-performance competitor analysis to develop a strategic action plan. The case study of 

hotel services confirms that the proposed approach is valuable as a complementary tool for customer-

oriented service benchmarking.  

The contributions of this dissertation are three-fold. Firstly, from a theoretical perspective, 

the dissertation contributes to service engineering research by developing quantitative models and 

methods for use in the post-launch stage. Of course, there have been similar attempts to apply 

machine learning and natural language processing techniques to customer review data in other 

disciplines such as computer science and applied statistics. However, prior studies view the customer 

reviews data as a data source of short texts and thus lack important details about value creation and 

implications in practice. Secondly, from a methodological perspective, previous approaches rely 

heavily on expert’s opinions and/or customer surveys and thus become time-consuming and labor-

intensive, as the number of services is increasing dramatically, customer needs shift rapidly, and 

service systems become large-scale and complex. The dissertation extends the previous expert- and 

customer survey-approaches to data-driven approaches, thereby enabling the quick analysis of the 

focal company’s and competitors’ services. Although this study has focused on service improvement 

in the post-launch stage, the proposed approaches could be useful for other purposes such as 

developing promotion and pricing strategies. Finally, from a practical standpoint, we automated the 

proposed approaches to allow non-specialists who are unfamiliar with customer review data and 

complex analytical models to benefit from the results of the analysis. It is expected that the proposed 

approaches and automated systems will assist the formation of post-launch service strategies and 

further serve as a starting point for developing more generic models. 

 

 

6.2 Limitations and future research  

Despite its contributions, this dissertation has certain limitations that should be complemented by 

future research. First, although customer reviews are considered as an ample and useful data source of 

VoC, this database faces reliability issues that stem from noisy data (e.g., fake reviews) and negative 

skewness of overall rating scores and sentiment of customers. Further algorithms should be 

incorporated into the analysis to detect noisy data and to correct the skewness problem. Second, other 
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indices could be applied in the proposed approaches. In particular, as for service life cycle analysis, 

such indices as the sentiment scores (Song et al., 2016), the customer ratings (Zhang et al., 2010), and 

the depth/length (Mudambi and Schuff, 2010) of reviews could be employed to measure the customer 

attention-based service maturity. Third, many issues remain as to how to improve the performance of 

the proposed approach. As for sentiment analysis, although VADER was built on microblogs and 

found to perform well with short texts such as customer reviews, words may have different meanings 

across different service sectors. For this reason, the gold-standard list of lexical features of VADER 

should be modified and customized across analysis contexts. There are two ways of building 

sentiment lexicons: hand-craft elaboration (Taboada et al., 2011), and automatic construction on the 

basis of an external resource. Specifically, as for automatic construction, Turner et al. (2020) proposed 

the probabilistic approach, employing the overall rating scores as an external resource. The customer 

reviews with five or four rating were classified as positive reviews, and customer reviews with one or 

two rating were classified as negative reviews. First, the positive weight of a given word was 

measured by computing the quotient of its total number of occurrences across all customer reviews 

and the total number of words appearing in positive documents. Likewise, the negative weight of a 

word is the quotient of its total number of occurrences across all customer reviews and the total 

number of words appearing in negative customer reviews. Second, the probability of a word to be 

positive was computed by dividing its positive weight by the sum of its positive and negative weights. 

Similarly, the probability of a word to be negative is the result of its negative weight divided by the 

sum of its positive and negative weights. Finally, the sentiment score of a word is calculated as the 

difference between its probability of being positive and the probability of being negative. Regarding 

the SPC, as the number of attributes that require monitoring increases, the number of control charts 

increases accordingly. The univariate control chart can be extended to multivariate control charts 

enabling the assessment of multiple parameters together, although multivariate control charts have a 

disadvantage in terms of the interpretation of signals appearing on the control chart (Rogalewicz, 

2012). Moreover, the type of charts should be modified according to analysis contexts as the 

procedure of establishing what really happened with the process can be very complicated. Fourth, 

although three case studies and qualitative validations verify the feasibility and applicability of the 

proposed approaches for customer-centric service improvement, there is limitation on the lack of 

quantitative validation. In future research, quantitative validation could be made by collaborating with 

service firms to utilize detailed and accurate information about services or by integrating other types 

of data such as implicit feedback data (e.g., click-through rate and browsing history). Fifth, our case 

study is limited to the mobile game app services and hotel services. The validity of developed 

approaches necessitates further testing work from a wider range of services. Finally, this dissertation 

focuses only on three issues for customer-centric continuous service improvement. Many research 
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questions such as timing analysis of service updates, impact analysis of service failures, and 

identification of service recovery modes should be examined. Nevertheless, the systematic processes 

and quantitative outcomes of the proposed approaches offer a substantial contribution to both current 

research and future practice and service as a starting point for developing more general models. 
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