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This paper presents an approach to assess quality and reliability related customer satisfaction from field
failure data at each individual customer level. The quality satisfaction has been modeled based on num-
ber of failures and severity of failures, while, reliability satisfaction has been modeled based on number of
visits to dealer and time span between visits. The satisfaction modeled at an individual vehicle (cus-
tomer) level is further aggregated to a vehicle model level to determine overall satisfaction of customers
with that specific vehicle model. A fuzzy logic approach is used to construct the satisfaction model. A grid
search technique is used to tune the model parameters such that the output of the model for specific
vehicle models matches with survey based ratings assigned to the vehicle models.
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1. Introduction

In the context of global competition, there has been an increas-
ing awareness in improving the processes which are directly linked
with customer satisfaction. Customer relationship management
(CRM) has emerged as a prominent aspect of business. In this re-
gard, one of the notable developments of quality movement is
assessment of the customer satisfaction. Hernon and Whitman
(2001) defined satisfaction as a sense of contentment that arises
from an actual experience in relation to an expected experience.
Customer satisfaction measures customer’s subjective experience
with a product and service. Two different conceptualizations,
namely (a) transaction-specific and (b) cumulative have been re-
ported in the literature (Andreassen, 2000; Boulding, Kalra, Staelin,
& Zeithaml, 1993). Transaction-specific concept refers to satisfac-
tion as the evaluation of single experience (Oliver, 1993). In con-
trast, cumulative satisfaction involves satisfaction as customer’s
up to date experience with a product or service (Fornell, Johnson,
Anderson, Cha, & Bryant, 1996).

In literature, several conceptual models have been developed to
define quality in terms of customer satisfaction, especially, in
service sectors such as banking, telecom. However, very limited
scientific literature has been reported on quantifying the customer
satisfaction. The reported work on assessment of customer satis-
faction in automotive domain is further scarce. Several factors
(such as vehicle appeal, performance, ownership cost, service at
dealership, quality and reliability) contribute to the customer
ll rights reserved.
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satisfaction in automotive domain. However, factors related to
quality and reliability contribute more than 40% in shaping cus-
tomer perception and satisfaction (J. D. Power Associates., 2009)
as depicted in Fig. 1. Generally speaking, in automotive domain,
quality and reliability are assessed based on number of failures
in the field, which are expressed as incidents per thousand vehicles
(IPTV) or problems per hundred vehicles (PPH). Warranty data is
often used to get the estimates of IPTV or PPH. Further, automotive
manufacturers conduct surveys and also refer to published survey
results (such as J.D. Power, Consumer Reports) for getting insight
into the customer satisfaction. The customers define quality and
reliability of a product from his or her experience with the product.
Counting the number of problems per thousand (or per hundred)
vehicles may be a good indication of quality. However, in the cur-
rent challenging business scenario, it is essential to assess cus-
tomer satisfaction at each customer level which drives the
decision making process related to purchase of vehicle. However,
currently very limited emphasis is given on measuring individual
customer perception and satisfaction. The following quote of Lord
Kelvin reflects the importance of measurement or evaluation:

‘‘When you can measure what you are speaking about and express
it in numbers, you know something about it . . . (otherwise) your
knowledge is a meager and unsatisfactory kind; it may be beginning
of knowledge, but you have scarcely in thought advanced to the stage
of science.’’ . . .. . .Words of Lord Kelvin (1824–1907).

In this regard, a quantified approach is needed to evaluate the
satisfaction related to quality and reliability at an individual cus-
tomer level. This will help to identify dissatisfied customers and
to provide individual customer care which will result into im-
proved brand perception and brand loyalty.

http://dx.doi.org/10.1016/j.eswa.2012.08.032
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http://dx.doi.org/10.1016/j.eswa.2012.08.032
http://www.sciencedirect.com/science/journal/09574174
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Fig. 1. J.D. Power Vehicle Ownership Satisfaction Study: The impact of service/
repair on customer satisfaction.

R. Chougule et al. / Expert Systems with Applications 40 (2013) 800–810 801
In this paper, we present a novel approach to model customer
satisfaction at an individual customer level from the field failure
data that Original Equipment Manufacturers (OEMs) maintain.
Here, we focus on modeling quality and reliability satisfaction.
These have been expressed in terms of Personal Quality Satisfac-
tion (PQS) and Personal Reliability Satisfaction (PRS). These indices
have been aggregated to measure customer satisfaction in terms of
PQRS (Personal Quality and Reliability Satisfaction) at an individual
vehicle level and at vehicle model level. The customer satisfaction
at an individual level has been modeled using fuzzy logic approach.
Grid search technique has been used to tune various parameters in
the satisfaction model. The overall objective of the parameter tun-
ing is to minimize the difference between satisfaction values ob-
tained from the proposed model and the target satisfaction
ratings available in published by external agencies. In Section 2,
we provide state-of-the-art review of different disciplines that
are used in our approach. In Sections 3 and 4, we present a cus-
tomer satisfaction model and an approach that has been used to
tune various parameters related to satisfaction. Section 5 presents
results while conclusions and future directions are presented in
Section 6.
2. Related work

A significant work on relating customer satisfaction with con-
sumer loyalty has been reported primarily in service sector such
as banking, hospitability, E-commerce, and telecommunications
(Danaher and Gallagher, 1997; Hallowell, 1996; Shankar, Smithb,
& Rangaswamy, 2003). However, a very limited work has been re-
ported on quantitative assessment of customer satisfaction. The
work on assessment of customer satisfaction at individual cus-
tomer level is further scare. One of the most cited models in the lit-
erature is American Customer Satisfaction Index (ACSI). Here, the
satisfaction is measured on a 0 to 100 scale by several questions
that assess customer’s evaluation. Looking at the indices and the
impacts, users can determine which drivers of satisfaction would
have the most impact on customer loyalty (American Customer
Satisfaction Index (ACSI), 2009).

In automotive domain, customer satisfaction index from J.D.
Power and Associates, and Consumer Reports (CR) are popularly
referred by consumers and OEMs to get insight into the customer
satisfaction related to particular vehicle model or brand (Consumer
Reports, 2010). These reports compare performance of various
automotive makes and models in terms of customer satisfaction.
These reports are based on surveys which assess the failures expe-
rienced by the customers. For example, the Initial Quality Study
(IQS), conducted yearly by J.D. Power and Associates, provides
information on new-vehicle quality after 90 days of ownership.
Owners are surveyed regarding problems with their new vehicles
(J.D. Power Associates., 2009). Similarly, J.D. Power and Associates
Vehicle Dependability Study (VDS) focuses on problems experi-
enced by owners of three-year-old vehicles. In these studies, the
relative performance is measured using a ‘‘problems per 100 vehi-
cles (PP100)’’ metric. A lower PP100 score indicates better perfor-
mance and a higher PP100 score indicates worse performance.

Consumer Reports Organization is another independent organi-
zation that conducts surveys and lab tests to come up with product
reviews and ratings on cars, electronics and other home appliances
(Consumer Reports Organization., 2012). For new and used cars,
Consumer Report publishes reliability ratings annually. Reliability
scores are derived from annual surveys from subscribers of Con-
sumer Reports based on incidences of failure in the last 12 months.
Using these surveys, reliability ratings (such as average, above
average, worse than average) are assigned to various vehicle mod-
els under consideration.

These survey based methods often rely on a smaller sample of
population and may not always represent the real world facts. In
contrast to these survey based methods, the current work relies
on warranty data to estimate satisfaction level at an individual cus-
tomer level and then aggregate it over a particular make or the
model. In the current work, customer satisfaction has been mod-
eled using fuzzy logic approach while grid search technique has
been used for tuning various parameters in this model. Hence,
these techniques have been reviewed in the next subsections along
with their applications in related areas.

2.1. Fuzzy logic

Fuzzy set theory was introduced by Zadeh to deal with the deci-
sion problems in the absence of sharply defined criteria (Zadeh,
1965). It was developed based on the premise that, key elements
in human thinking are not numbers, but linguistic terms or fuzzy
sets that are not precisely defined (Zimmerman, 1982). The fuzzy
set theory states that, a fuzzy number A is a special fuzzy subset
of real numbers R. Its membership function fA (x), is a continuous
mapping from R to an interval [0,1]. Fuzzy logic gained acceptance
because of its capability to handle impreciseness, and representing
and manipulating linguistic variables (Dubois, 1978).

It has been explored in Quality Function Deployment (QFD) for
modeling customer preferences/attributes (CAs) and engineering
characteristic (ECs) that are expressed in linguistic terms. Khoo
and Ho (1996) first proposed a framework for fuzzy QFD systems.
Wang (1999) proposed a fuzzy ranking relation to model the
imprecise preference relations between design requirements.
Vanegas and Labib (2001) reported a fuzzy QFD model to derive
target values of ECs based on fuzzy numbers that represent the
imprecise nature of the judgments. Ramasamy and Selladurai
(2004) developed a fuzzy rule-based knowledge system that de-
fines the relationship between the ECs and the CAs. The fuzzy logic
approach has also been used to model environmental concerns in
QFD (Kuo, Wu, & Shieh, 2009).

Wong (2001) employed fuzzy c-means (FCM) clustering method
to identify different customer segments by mining parameters re-
lated to customers’ needs, characteristics and behavior. In this
work, fuzzy theory is also used in quantifying the linguistic param-
eters. Weber and Weber and Crespo (2005) presented a dynamic
data mining methodology based on fuzzy c-means for customer
segmentation. Shah, Roy, and Tiwari (2006) developed fuzzy expert
system ‘Customer and Service Advisor (CSA)’ to categorize and
identify type of customer and then identify the advisor based on
the age, demographic, experience, business value and behavioral
attributes. Here, fuzzy logic is used to model the attributes that
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are expressed in linguistic terms (example, Age – young, middle
age, old). Ahn and Sohn (2009) proposed a framework that em-
ploys fuzzy clustering and association rule mining to identify dis-
satisfied customer groups from surveys and to identify factors
related to after-sales service that customers consider important.
2.2. Parameter tuning

Different deterministic (such as Gradient Descent, Grid Search
Algorithm) and stochastic approaches (such as Simulated Anneal-
ing, Genetic Algorithms, and Evolutionary Algorithms) have been
proposed in literature for parameter tuning. However, each of
these methods has its own advantages and limitations. Gradient
Descent methods (Cooper & Steinberg, 1970; Heath, 1997; Joshi
& Moudgalya, 2004) are straightforward and tractable. However,
they cannot avoid/escape local optima. The grid search algorithm
(Cooper & Steinberg, 1970) is the simplest algorithm for finding
the minimum and the corresponding minimum solution point of
an objective function. This approach becomes prohibitive as the
number of decision variables and the number of sample points
for each dimension increase. In Simulated Annealing (SA), initially
more random points can be generated (avoiding local minima),
whereas during later stages SA focuses on promising regions. Ge-
netic algorithms (GAs) (Davis 1991; Goldberg, 1989; Holland,
1975) and Evolution Strategies (ESs) (Beyer & Schwefel, 2002;
Schwefel, 1995) both mimic the biological evolution mechanism.
Although, these stochastic methods are not as efficient as gradient
descent methods, they are more likely to avoid local optima.

As the current work involves limited number of parameters that
need to be tuned, a grid search based approach is used for param-
eter tuning. The discretization of the parameters is performed to
restrict the search space and then a complete enumeration of all
(discretized) parameters has been performed for parameter tuning.
The reason for this simplification is that we are using optimization
only as an enabler in the current work. However, a more rigorous
optimization that can enhance the effectiveness of parameter tun-
ing is one of the future research directions.

Recently, Bandaru, Deb, Khare, and Chougule (2011) presented a
customer satisfaction modeling method using the service (field
failure) data of consumer vehicles. In this approach, some relevant
variables extracted from the service data are used as inputs and a
statistical (unsupervised) approach is used to develop the mathe-
matical model for predicting the Customer Satisfaction Index or
CSI. Our approach also builds a mathematical model for predicting
CSI, however there are three main differences – (1) we derive the
mathematical form of the CSI function using a heuristic approach
and (2) optimize the model parameters using the Consumer Report
ratings (supervised approach). (3) Further, we also allow variation
in satisfaction with ownership period (for details please refer to
Section 3.2.3).

In summary, customer satisfaction modeling has emerged as an
important area of research, especially in service sector and several
conceptual models have been proposed to assess the same. How-
ever, in automotive domain very limited work has been reported
on assessment of customer satisfaction. The reported work is pri-
marily focused on conducting surveys and analyzing the surveys
to get insight into the customer satisfaction at vehicle model level.
In contrast, the work reported in this paper facilitates assessment
of satisfaction at each customer level from field failure data. Fuzzy
logic approach has been applied for analyzing customer prefer-
ences, customer segmentation and clustering in CRM domain.
However, the literature on using fuzzy logic in modeling customer
satisfaction is scarce. In this work, a model has been developed to
assess the quality and reliability related customer satisfaction at an
individual customer level using field failure data. The satisfaction
at each customer level has been further aggregated to assess satis-
faction at vehicle model level.
3. Customer satisfaction modeling

Customer Satisfaction model presented here relies on field fail-
ure data collected at dealership. In this section, we first describe
the field data and then present a model that uses the field data
to assess quality and reliability satisfaction at each vehicle owner
level as well as vehicle model level.

3.1. Field data

When a customer experiences an abnormal behavior in the
vehicle he or she takes the vehicle to a dealership. Based on a spe-
cific concern the customer has about the vehicle, the technician
usually goes through a series of steps in order to diagnose and
fix the problem. Usually, a predefined set of codes, i.e. repair codes
(RC) which characterize the nature of repair actions, are assigned
to the repairing tasks that are performed by the technician to fix
the vehicle problem. Typically, repair code descriptions contains
part and action performed on that part (example, Engine Replace-
ment, Powertrain control module reprogramming). The informa-
tion related to repair codes along with the information related to
vehicle identification number (VIN), vehicle model, model year,
vehicle engine type, transmission type, repair date, repair time,
parts changed, dealer (technician) involved and technician verba-
tim entries are stored in a database at dealers end. The data col-
lected at dealership is then uploaded to central warranty
database. Thus, warranty database contains data related to all his-
torical repairs performed on vehicles. In a way, information related
to part failures experienced by the vehicle owner over a period of
time can be inferred from the repair data available in the warranty
database. For each vehicle, following attribute values have been ex-
tracted from the field data:

� Number of repairs performed on each vehicle.
� Number of visits to dealership.
� Time span between two consecutive visits to dealership.

In addition, severity ratings have been assigned to each failure
(repair code). The criteria used to assign the severity ratings are de-
scribed in Section 3.2.1. Based on aforementioned attributes, qual-
ity and reliability satisfaction for each customer has been assessed
using satisfaction model developed in this work.

3.2. Customer satisfaction model

As mentioned earlier, we primarily focus on modeling satisfac-
tion related to quality and reliability at each vehicle owner level.
The satisfaction levels related to these elements have been ex-
pressed in terms of Personal Quality Satisfaction (PQSveh) and Per-
sonal Reliability Satisfaction (PRSveh). These quality and reliability
satisfactions have been further aggregated at an individual vehicle
level to estimate ‘Personal Quality and Reliability Satisfaction
(PQRSveh)’. These individual customer level satisfaction indices
have been further aggregated for entire vehicle model to determine
relative satisfaction levels for various vehicle models. These indices
and their aggregation are described in details in following
subsections.

3.2.1. Personal Quality Satisfaction (PQS)
Several definitions of quality have been reported in the litera-

ture, some of the important ones are: (a) ISO 9000 defined quality
as a degree to which a set of inherent characteristic fulfills the



Table 1
Severity and customer impact classification.

Severity
rating

Customer impact category

5 Non-operational or safety critical issue
4 Urgent repair needed
3 Important repair needed or customer

convenience has been compromised
2 Minor repairs
1 Routine vehicle maintenance

Fig. 2. Membership function to model quality satisfaction.
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requirements (ISO 9000., 2000). (b) Peter Drucker advocated that
quality in a product or service is not what the supplier puts in, it
is what the customer gets out and is willing to pay for (Drucker,
1995). (c) Garvin defined quality based on counting the incidence
of internal failures (those observed before product leaves factory)
and external failures in the field (Garvin, 1983). The customers de-
fine quality and reliability of a product from his or her experience
with the product. Counting the number of problems per thousand
vehicles may be a good indication of an aggregate quality. How-
ever, when the quality is considered from the perspective of the
customer, one bad experience can be magnified in the mind of
the customer and affect the quality related satisfaction of the prod-
uct. In the current work, quality related satisfaction has been mod-
eled based on the number of failure incidences and the severity of
incidences. The severity of failure has been defined based on im-
pact of the failure. Failures causing more inconvenience to cus-
tomer (such as walk home situations or safety critical failures or
expensive repairs) will have higher severity rating, while, routine
maintenance repairs will have lower severity rating. These severity
ratings have been assigned by a team of domain experts from var-
ious disciplines (product engineering, customer care and service).
With the non operational, safety critical and expensive issues
(example, engine replacement), the impact on customer in term
of annoyance will be maximum and hence failures related to such
issues have been assigned severity rating of 5. Repairs related to
routine maintenance (example, oil change) have rating of 1. The
rationale used to assign the severity ratings is given in Table 1.

To determine the quality satisfaction, the number of failure inci-
dences at an individual vehicle level has been converted into inci-
dence equivalence by considering frequency and severity of failure
incidences. Let, j be the number of different failure incidences that
are experienced by the customer, ni be the number of times inci-
dence i experienced by the customer and si be the severity of inci-
dence i, then

Incidence equivaleneceðIEeqÞ ¼
Xj

i¼1

ni:si ð1Þ

If the number of incidence equivalence is less than a certain limit
(say, IEmin) then customer will be very satisfied leading to quality
satisfaction value one. If incidence equivalence is beyond certain
limiting values (say, IEmax) then customer will be very dissatisfied
leading to customer satisfaction value zero. For the intermediate
values of incidence equivalence, satisfaction will vary from zero to
one as depicted in Fig. 2.

f1 ¼
1 if IEeq P IEmax

1� IEmax�IEeq

IEmax�IEeq
if IEmin < IEeq < IEmax

0 if IEeq 6 IEmin

8><
>: ð2Þ

where,

f1 = Dissatisfaction level because of quality.
IEmax = Maximum number of equivalent incidences that makes
customer totally dissatisfied.
IEmin = Minimum number of equivalent incidences that cus-
tomer can accept (here, 0).
Quality Satisfaction level or PQSveh ¼ 1� f1 ð3Þ
3.2.2. Personal Reliability Satisfaction (PRS)
The IEEE defines reliability as an ability of a system or compo-

nent to perform its required functions under stated conditions
for a specified period of time (IEEE, 1990). Reliability is quantified
as MTBF (Mean Time Between Failures) for repairable product and
MTTF (Mean Time To Failure) for non-repairable product. However,
pragmatically customer’s satisfaction about the reliability not only
depends on number of failures between a specified time period,
but also, the time period between consecutive failures plays a cru-
cial role in determining the satisfaction. For example, vehicle 1 and
vehicle 2 shown in the Fig. 3 have same number of failures be-
tween given period of time. Although, the MTBF is same in both
the cases, customer may perceive reliability of these two vehicles
differently. Too many failures within short period of time will dis-
satisfy customers more.

In the current work, customer dissatisfaction because of reli-
ability has been modeled using number of visit to dealer (say p)
and time difference between two consecutive visits. If time differ-
ence between two consecutive visits to dealer (Tact) is less that cer-
tain limiting value (say, Tmin) then it annoys customer more and if
it is beyond certain limit (say, Tmax) then the level of annoyance le-
vel will be zero. The annoyance level related to time difference be-
tween two consecutive visits (di) and number of visits (Ract) have
been used to determine reliability satisfaction (Fig. 4). The equa-
tions to determine reliability satisfaction are given below:

di ¼
1 if 0 6 Tact 6 Tmin

1� Tact�Tmin
Tmax�Tmin

if Tmin < Tact < Tmax

0 if Tact P Tmax

8><
>: ð4Þ

Equivalent no: of visits ðReqÞ ¼ Ract 1þ
Pp�1

i¼1 di

p� 1

 !
ð5Þ

This equivalent visits has been used to determine reliability satis-
faction level of an individual customer. The values are computed
in a way similar to described in Section 3.2.1. If the number of
equivalent visits (Req) is zero then reliability satisfaction will be
high leading to satisfaction value one, whereas, if equivalent visits
number is beyond certain limiting values (say, Rmax) then the satis-
faction value is zero. For intermediate values of Req the satisfaction
varies from 0 to 1.

f2 ¼
1 if Req P Rmax

1� Rmax�Req

Rmax�Req
if Rmin < Req < Rmax

0 if Req 6 Rmin

8><
>: ð6Þ

where,

f2 = Dissatisfaction level because of reliability.



Fig. 3. Difference between reliability and reliability satisfaction (illustration).
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Rmax = Maximum number of equivalent visits that makes cus-
tomer totally dissatisfied.
Rmin = Minimum number of equivalent visits that customer can
accept (here, 0).

Reliability satisfaction level or PRSveh ¼ 1� f2 ð7Þ

The satisfaction level related to quality and reliability at an individ-
ual customer level,

PQRSveh ¼ PQSveh � PRSveh ð8Þ

The vehicles without any repair action (without warranty claim)
will have PQSveh, PRSveh and PQRSveh values as 1, 1 and 1, respec-
tively. As the number of claims increase, these values will become
lower and lower.

3.2.3. Variation in satisfaction with ownership period
Pragmatically, ownership period is one of the important factors

that affect satisfaction. As an example, if a vehicle owner experi-
ences a significant number of quality problems during a small span
of ownership period then his satisfaction level will be low at that
time. However, if the same owner does not experience any quality
issues later then his satisfaction will get improved. The satisfaction
model has been enhanced to encapsulate such scenario by incorpo-
rating the notion of time dependent customer satisfaction. This has
been achieved by making the fuzzy membership function parame-
ters (i.e. IEmax, Rmax) as a function of ownership period (days in use).
The concept of time varying satisfaction has been illustrated in
Fig. 5. Here, the threshold (i.e. IEmax) to estimate the quality related
satisfaction for a 1 year old vehicle is 15, whereas, the same thresh-
old for 2 year old vehicle is 30. Thus, if a vehicle owner experiences
15 equivalent failure incidences in 1 year of ownership experience
then the quality related dissatisfaction will be 1 (i.e. 0 satisfaction
level). If the same vehicle does not experience any failure in the
next 1 year then at the end of 2 years the quality related dissatis-
faction will be 0.5 (i.e. the satisfaction level will improve to 0.5).
Fig. 4. Membership function to m
3.2.4. Aggregating satisfaction at model level
The satisfaction level for a particular model has been deter-

mined by taking the mean of satisfaction level at individual vehicle
(PQRSveh) pertaining to that model. Thus,

PQRSmodel ¼
Xq

i¼1

PQRSl
veh=q ð9Þ

where,

PQRSmodel = Satisfaction related to quality and reliability for a
vehicle model.
PQRSl

veh = Quality and reliability satisfaction corresponding to
lth vehicle of a given vehicle model.
q = Number of vehicles belonging to a given vehicle model.

Identifying appropriate values for parameters IEmax, Tmin, Tmax

and Tmax is an important step in the model development. The ap-
proach used to determine these values is described in detail in
the next section.

4. Parameter tuning approach

One of the challenges in modeling the customer satisfaction
using aforementioned approach is selecting appropriate values of
various parameters. In the current work, the parameter values
have been determined using supervised learning approach with
grid search technique. As mentioned before, the overall objective
of the parameter tuning exercise is to minimize the difference be-
tween the satisfaction values obtained from the proposed model
and ratings given by the external agency. In the current work, reli-
ability ratings available from Consumer Report, an industry wide
accepted ground truth have been used. Here, parameters are tuned
to match the quality and reliability customer satisfaction of a range
of vehicle models to the reliability ratings from the Consumer Re-
port. This match is performed to ensure that proposed satisfaction
model adequately represents reality.

An overview of process used for parameter tuning is given in
Fig. 6. The main steps involved in this process are:

1. Identification of parameter bounds.
2. Grid parameter search: This step further involves, (a) Discretiz-

ing parameter search space by specifying initial constraints, ter-
mination constraints and incremental values for parameters. (b)
Initialize parameter values for computing satisfaction value at
model level (PQRSmodel). (c) Compute quality and reliability sat-
isfaction value for all vehicle model under consideration. (d)
Store parameter value set and satisfaction value at model level
for all vehicle models in a database. (e) Increment parameter
values to compute PQRSmodel over dicretized parameter space.
odel reliability satisfaction.



Fig. 5. Time varying satisfaction (illustration).
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3. Compare computed satisfaction values with the target (linguis-
tic reliability ratings from the Consumer Report) for all param-
eter combinations and select the best set of parameters.

The main steps are described in detail in following subsections.

4.1. Parameter bounds

The purpose of this step is to determine the allowable ranges for
gird computation. For this, some initial experiments were per-
formed on vehicles close to 1 year of ownership and pertaining
to 12 vehicle models of 2009 Model Year (MY). The satisfaction le-
vel (PQRSmodel) for these vehicle models was determined using
Fig. 6. Parameter tu
proposed approach with some randomly selected parameters val-
ues. The results of these experiments are shown in the Fig. 7. Let
us examine two sets of parameters from these results – the lowest
values set or LVS (IEmax = 5, Tmin = 5, Tmax = 90, Rmax = 5) and highest
values set or HVS (IEmax = 50, Tmin = 90, Tmax = 365, Rmax = 50). With
LVS, the satisfaction values for all models are close to zero (all are
less than 0.2) and with HVS, these values are close to one (all are
greater than 0.85). Further, the difference between these values
across all vehicle models is minimal for both of these sets. If we
choose parameters with values less than LVS or more than HVS this
difference will further reduce. For these reasons, we choose the
lower and upper bounds on parameter values as the values present
in LVS and HVS, respectively.

4.2. Grid parameter search

In order to perform a grid search on the parameter values be-
tween the lower and upper bound values identified, we choose a
step size (or increment) D=10. Based on this step size we first cal-
culate the PQRSmodel values for all models and for all possible
parameter combinations and store those in a CSI database (please
refer to Table 2). Once these values are calculated for each param-
eter combination, these are compared against the target linguistic
reliability ratings from the Consumer Report (Section 5.3) and an
optimal set of parameter values are obtained.

4.3. Comparison with the target and parameter set selection

This step involves comparison of satisfaction values for the
vehicle models (for each set of parameters) with the target satis-
faction ratings available from the Consumer Reports. This compar-
ison is not straight forward because of the linguistic nature of
reliability ratings available from the Consumer Report. Here, fuzzy
ning approach.



Fig. 7. CSI values for 12 vehicle models for five different parameter settings.

Table 2
Algorithm to calculate satisfaction values for various parameter combinations.

Algorithm. Populate_CSI_DataBase
Input: Upper and Lower bounds for each parameter and step size

ðIEL
max; T

L
min; T

L
max ;R

L
max ; IE

U
max; T

U
min; T

U
max;R

U
max;DÞ

Output: CSI_DataBase for various parameter settings

FOR IEmax = IE_{max}^L to IE_{max}^U
FOR Tmin = T_{min}^L to T_{min}^U

FOR Tmax = T_{max}^L to T_{max}^U
FOR Rmax = R_{max}^L to R_{max}^U
Calculate PQRSmodel (IEmax, Tmin, Tmax, Rmax)? CSI_DataBase
Rmax = Rmax + D
END FOR
Tmax = Tmax + D

END FOR
Tmin = Tmin + D

END FOR
IEmax = IEmax + D

END FOR
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logic approach has been used in comparison. It provides a funda-
mental basis to capture the uncertainty associated in comparing
numeric satisfaction values and the target linguistic reliability rat-
ing. The numeric satisfaction values obtained from the satisfaction
model are converted into linguistic customer satisfaction ratings
using fuzzy scale shown in Fig. 8. To develop this scale, average sat-
isfaction of all vehicle models ðSm

a Þ corresponding to each set of
parameters is determined. This average satisfaction value forms
the basis to determine the value of other variables corresponding
to fuzzy sets (Fig. 8). These values are calculated by using the for-
mulae given below,

Sl
a ¼

Pk
i¼1PQRSk

model

k
. . . where;

k ¼ Number of vehicle models under consideration ð10Þ

Sl
a ¼ Sm

a � ð0:20� Sm
a Þ ð11Þ

Su
a ¼ Sm

a þ ð0:20� Sm
a Þ ð12Þ

Sl
w ¼ Sm

a � ð0:10� Sm
a Þ ð13Þ
Sl
b ¼ Sm

a þ ð0:10� Sm
a Þ ð14Þ

These formulae have been derived based on literature reported by
Consumer Reports Organization (Consumer Reports Organization,
2012) and discussion with subject matter experts. The conversion
from numeric satisfaction value to linguistic rating has been facili-
tated by rules derived from the fuzzy sets. An example of such rule
is,
� If (Sl

a 6 PQRSmodelk 6 Su
a) then linguistic customer satisfaction

rating for model k (CSLk) is average.
As illustrated in Fig. 9, numerical value PQRSmodelk can be a mem-

ber of more than one fuzzy set. This implies that a particular vehi-
cle model can have more than one linguistic rating. Let, CSLk

s be the
set of linguistic ratings obtained from proposed approach for mod-
el k for a given parameter set and Tk be the target linguistic rating
from the Consumer Report. If Tk 2 CSLk

s then it is considered that
value obtained from proposed approach is in agreement with the
rating given by the Consumer Report. On the other hand, if
Tk R CSLk

s then it is considered as a mismatch.
Total numbers of matches for each parameter set are deter-

mined and parameter set corresponding to maximum matching
cases is selected as optimum parameters for modeling the cus-
tomer satisfaction (c.f. Section 3.2). In case of tie (i.e. more than
one parameter sets have the same number of matching cases),
the parameters corresponding to maximum spread (difference be-
tween calculated satisfaction value of the best and the worst vehi-
cle model) are considered as appropriate parameters. Here,
maximum spread criterion is used because it provides better dis-
tinction between the relative satisfaction levels of each vehicle
model.

5. Results and discussions

In this section, we present the experiments performed to iden-
tify the parameter values to determine the quality and reliability
related satisfaction. As discussed before, the lowest values set or
LVS and highest values set or HVS are obtained by performing
some initial experiments (Section 4.1). The values are presented
in Table 3. The satisfaction values for 12 vehicle models with close
to 1 year of ownership experience have been determined with the
parameters set {IEmax,Tmin,Tmax,Rmax} varying from {5,5,90,5} to
{50,90,365,50} with a step size of 10. The variation in the



Fig. 8. Fuzzification scale.

Fig. 9. Comparison between calculated satisfaction and Consumer Report reliability rating.

Table 3
Lower and upper bound for grid search.

Parameter Lower bound Upper bound

IEmax 5 50
Tmin 5 90
Tmax 90 365
Rmax 5 50
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satisfaction with parameters is shown in Fig. 10. As evident from
the figure, parameters IEmax and Rmax have more influence on satis-
faction than that of Tmin and Tmax (cf. Section 3.2). Here, the satis-
faction value at model level (PQRSmodel) changes significantly
with change in IEmax and Rmax in comparison with Tmin and Tmax.

These satisfaction values have been converted into linguistic
ratings (c.f. Section 4.3) and compared with the reliability rating
values from the Consumer Report to determine the optimum
parameters. The results of this comparison in terms of number of
matches and spread are shown in Fig. 11. It was realized that,
the parameter set {15,15,180,15} gives maximum number of
matching cases and maximum spread. Out of 12 vehicle models,
for 10 models the rating obtained using proposed method matched
with the Consumer Report reliability ratings and the value of
spread is 0.25. Only in 2 cases ratings did not match. Hence, these
values are chosen as optimum parameters to determine quality
and reliability related customer satisfaction for vehicles close to
one year of ownership experience.

As mentioned before, satisfaction varies with time. In order to
incorporate the notion of time varying satisfaction into the model,
the parameters have been modified based on ownership period.
The modified parameters have been determined by interpolating/
extrapolating the parameters with respect to ownership period.
In addition, inputs from domain expert are also considered while
determining these values. The parameter values for various owner-
ship period are given in Table 4. As an example, in the satisfaction
model, for vehicles close to 1 year of ownership experience (330–
390 days) the values of parameters IEmax and Rmax have been used
as 15, whereas, for vehicles with close to 2 years of ownership
experience (690–750) these have been used as 30. Using these time
varying parameters, the methodology has been validated by
assessing the satisfaction level of the same 12 vehicle models
(same MY) after 2 years of ownership period and comparing the re-
sults with the Consumer Reports reliability rating of these vehicles
models. Again, we observed that, in 9 cases we matched the reli-
ability ratings given by the Consumer Reports whereas in 3 cases
there was a mismatch.



Fig. 10. Variation in satisfaction with parameters.

Fig. 11. Variation in number of matches and spread with parameters.
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In addition, we compared the satisfaction rating obtained using
above approach for 2010 MY vehicles after 1 year of ownership
experience. We observed that, (a) In 9 cases, the reliability ratings
given by the Consumer Reports matched with the satisfaction rat-
ing obtained using proposed approach, (b) For 1 vehicle model we
did not match with Consumer Report rating (c) for 2 vehicle models
Consumer Report organization did not publish ratings because of
insufficient survey data. In this way, the proposed satisfaction mod-
el has been validated for various vehicles models corresponding to
different model years and with two different ownership periods.



Table 4
Parameter variation with ownership period.

Ownership period IEmax Rmax

0–90 3 3
90–150 5 5
150–210 8 8
210–270 10 10
270–330 12 12
330–390 15 15
390–450 17 17
450–510 20 20
510–570 22 22
570–630 25 25
630–690 27 27
690–750 30 30
750–810 32 32
: : :
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6. Conclusion and future plan

Customer satisfaction is a key differentiator in many sectors,
including automotive, manufacturing, retail and finance. Especially
in the automotive domain, where the product undergoes a lot of
scrutiny by the customers before the purchase, it assumes even
more significance. Besides offering competitive advantage and rev-
enue generation, better customer satisfaction also results in better
brand image. On the other hand, dissatisfied customers not only
exit but also spread bad publicity about the product. Due to these
reasons, it is very crucial for the OEMs to assess the customer sat-
isfaction for their products not only at an aggregate level, but also
at the individual customer level.

As per the J.D. Power Vehicle Ownership Satisfaction Study (J.D.
Power Associates., 2009), more than 40% of customer satisfaction
can be attributed to vehicle quality and reliability. In the current
work, a bottom-up approach is used for modeling quality and reli-
ability related customer satisfaction. Information related to part
failures experienced by the vehicle owner over a period of time is in-
ferred from the repair data available in the warranty database. Sub-
sequently, for each vehicle, various attributes including (1) Number
of repairs performed; (2) Severity of repairs performed; (3) Number
of visits to dealership; and (4) Time span between two consecutive
visits is used to assess the quality and reliability satisfaction using
the parametric satisfaction model developed in this work. The
parameters in the satisfaction model are tuned using reliability rat-
ings of 12 different vehicle models from Consumer Reports.

At present, the survey based methods are used to assess the cus-
tomer satisfaction (such J D Power, ACSI, Consumer Reports). The
proposed approach is different from the current assessment meth-
ods in two aspects – (1) Since data from all the vehicles are utilized
to obtain the model, sampling errors can be eliminated; and (2) It
provides assessment of customer satisfaction at an individual vehi-
cle level, which allows the OEM to take pro-active actions to restore
the customer satisfaction of the dissatisfied customers. Further,
such an individual vehicle level customer satisfaction model can
also be used for the root cause investigation of customer dissatisfac-
tion. One such similar application is presented in Gaur, Bandaru,
Deb, Khare, and Chougule (2012) where impact of various field fail-
ures are examined using a similar customer satisfaction model.
Although, the work presented in this paper is focused on the auto-
motive domain, similar approach can be applied to other domains
(such as consumer electronics, home appliances) where field failure
data and satisfaction ratings are available.

Acknowledgements

The authors would like to thank Dr. Suresh Rajgopalan (General
Motors Global R&D) for providing valuable feedback to improve
the manuscript. Authors would also like to thank Dr. Pulak Bandyo-
padhyay (GM R&D) and Mr. Marty Case (GM R&D) for providing
useful domain knowledge.
References

American Customer Satisfaction Index (ACSI) (2009). http://www.theacsi.org/.
Accessed 10.09.

Ahn, J. S., & Sohn, S. Y. (2009). Customer pattern search for after-sales service in
manufacturing. Expert Systems with Applications: An International Journal, 36(3).

Andreassen, T. W. (2000). Antecedents to satisfaction with service recovery.
European Journal of Marketing, 34, 156–175.

Bandaru, S., Deb, K., Khare, V. K., & Chougule, R. G. (2011). Quantitative modeling of
customer perception from service data using evolutionary optimization. GECCO,
2011, 1763–1770.

Beyer, H. G., & Schwefel, H. P. (2002). Evolution strategy – a comprehensive
introduction. Natural Computing, 1(1), 3–52.

Boulding, W., Kalra, A., Staelin, R., & Zeithaml, V. A. (1993). A dynamic process model
of service quality: From expectation. Journal of Marketing Research, 30, 7–27.

Consumer Reports (2010), Reliability – Detailed data on new and used models,
Consumer Reports, April 2010, pp. 82–93.

Consumer Reports Organization. (2012). http://www.consumerreports.org
Accessed 02.12.

Cooper, L., & Steinberg, D. (1970). Introduction to methods of optimization.
Philadelphia: W.B Saunders.

Danaher, P. J., & Gallagher, R. W. (1997). Modeling customer satisfaction in Telecom
New Zealand. European Journal of Marketing, 31(2), 122–133.

Davis, L. (Ed.). (1991). The handbook of genetic algorithms. New York: Van Nostrand
Reinhold.

Drucker, P. F. (1995). Innovation and entrepreneurship practice and principles.
Burlington, USA: Butterworth-Heinemann.

Dubois, D. (1978). Operations on fuzzy numbers. International Journal of Systems
Science, 9, 613–626.

Fornell, C., Johnson, M. D., Anderson, E. W., Cha, J., & Bryant, B. E. (1996). The
American customer satisfaction index: Nature, purpose, and findings. Journal of
Marketing, 60, 7–18.

Garvin, D. (1983). Quality on the line. Harvard Business Review, 61, 65–73.
Gaur, A., Bandaru, S., Deb, K., Khare, V. R., Chougule, R. (2012). Identification and

impact of high priority field failures in passenger vehicles using evolutionary
optimization. PPSN 2012 (communicated).

Goldberg, D. E. (1989). Genetic algorithms in search, optimization and machine
learning. Reading, MA: Addison-Wesley.

Hallowell, R. (1996). The relationships of customer satisfaction, customer loyalty,
and profitability: An empirical study. International Journal of Service Industry
Management, 7(4), 27–42.

Heath, M. T. (1997). Scientific computing: An introductory survey. Boston: McGraw-
Hill.

Hernon, P., & Whitman, J. R. (2001). Delivering satisfaction and service quality: A
customer- based approach for libraries. Chicago: American Library Association.

Holland, J. H. (1975). Adaptation in natural and artificial systems. Ann Arbor:
University of Michigan Press.

IEEE. (1990). IEEE standard computer dictionary: A compilation of IEEE Standard.
Institute of Electrical and Electronics Engineers.

ISO 9000. (2000). Quality management systems – Fundamentals and vocabulary.
International Organization for Standardization.

J. D. Power Associates. (2009). Vehicle ownership satisfaction study.
Joshi, M. C., & Moudgalya, K. M. (2004). Optimization: Theory and practice. Harrow:

Alpha Science International.
Khoo, L. P., & Ho, N. C. (1996). Framework of a fuzzy quality function deployment

system. International Journal of Production Research., 34, 299–311.
Kuo, T., Wu, H., & Shieh, J. (2009). Integration of environmental considerations in

quality function deployment by using fuzzy logic. Expert Systems with
Applications, 36(3), 7148–7156.

Oliver, R. L. (1993). A conceptual model of service quality and service satisfaction:
Compatible goals, different concepts. In T. A. Swartz, D. E. Bowen, & S. W. Brown
(Eds.). Advances in marketing and management, Greenwich, CT (pp. 65–85). JAI
Press, Inc.

Ramasamy, N. R., & Selladurai, V. (2004). Fuzzy logic approach to prioritise
engineering characteristics in quality function deployment (FL-QFD).
International Journal of Quality & Reliability Management, 21(9), 1012–1023.

Schwefel, H. P. (1995). Evolution and optimum seeking. New York: John Wiley & Sons,
Inc.

Shah, S., Roy, R., & Tiwari, A. (2006). Development of fuzzy expert system for
customer and service advisor categorization within contact centre
environment. Advances in Soft Computing, 36, 197–206.

Shankar, V., Smithb, A. K., & Rangaswamy, A. (2003). Customer satisfaction and
loyalty in online and offline environments. International Journal of Research in
Marketing, 20(2), 153–175.

Vanegas, L. V., & Labib, A. W. (2001). A fuzzy quality function deployment (FQFD)
model for deriving optimum targets. International Journal of Production
Research., 39(1), 99–120.

Wang, J. (1999). Fuzzy outranking approach to prioritize design requirements in
quality function deployment. International Journal of Production Research, 37(4),
899–916.

http://www.theacsi.org/


810 R. Chougule et al. / Expert Systems with Applications 40 (2013) 800–810
Weber, R., & Crespo, F. (2005). A methodology for dynamic data mining based on
fuzzy clustering. Fuzzy Sets and Systems., 150, 267–284.

Wong, K. M. (2001). Data mining using fuzzy theory for customer relationship
management. In 4th western, Australian workshop on information systems
research (wawisr.2001). November2001. Perth, Australia.
Zadeh, L. (1965). Fuzzy sets. Information and Control, 8, 338–353.
Zimmerman, H. (1982). Fuzzy set theory and its application. Bostan: Kluwer-Nijhoff.


	A fuzzy logic based approach for modeling quality and reliability related  customer satisfaction in the automotive domain
	1 Introduction
	2 Related work
	2.1 Fuzzy logic
	2.2 Parameter tuning

	3 Customer satisfaction modeling
	3.1 Field data
	3.2 Customer satisfaction model
	3.2.1 Personal Quality Satisfaction (PQS)
	3.2.2 Personal Reliability Satisfaction (PRS)
	3.2.3 Variation in satisfaction with ownership period
	3.2.4 Aggregating satisfaction at model level


	4 Parameter tuning approach
	4.1 Parameter bounds
	4.2 Grid parameter search
	4.3 Comparison with the target and parameter set selection

	5 Results and discussions
	6 Conclusion and future plan
	Acknowledgements
	References


