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Abstract. In recent decades, the growth of shopping malls has greatly changed the habits
of both retailers and customers across all sectors. Among them, jewelleries represent a
special case. In traditional jewelleries, the relationship between jewellers and customers
is a key element, but for jewelleries in a mall, the primary elements of customer satisfaction
are greatly modified by the different context. We analysed the features of customer
satisfaction in the case of jewelleries in malls, using mystery shopping and Bayesian
networks. We identified the most relevant determinants of customer satisfaction, and
concluded by defining the most effective actions to improve overall satisfaction.
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1. INTRODUCTION

The Campania gold sector in southern Italy plays a crucial role in determining the
local and national gross product. In this region, two gold districts boast centuries
of history and a long tradition in gold manufacturing; one is located in Naples, and
is called ‘Borgo Orefici’, and the other is devoted to coral manufacture, and is
located in Torre del Greco (province of Naples). More recently, a new and modern
gold consortium, the Tar, has gained prominence in the local gold supply chain.
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Indeed, through appropriate marketing strategies, a local manufacturing and selling
chain has been created and developed. This is guaranteeing increasing competition
between Campanian gold products on the national and international markets.

At the same time, the jewellery selling chain has changed. The retail market
has been occupied by bigger stores, established in shopping malls, and this has
modified the traditional relationship between goldsmiths and customers, making it
more impersonal and rushed. The customer services and sale practices play a
crucial role in this type of impersonal selling process (Carcano et al., 2005). The
study of this particular commercial relationship calls for the identification of
appropriate analytic tools to evaluate the performance of the sales clerk, and to
detect the most efficient way of interpreting the available information in order to
improve the quality of the offered services.

The first relevant issue is related to data collection. In our study, due to the
specific framework, we used mystery shopping as an appropriate technique to
collect data. In the literature, this technique has been proposed as a tool to track the
service quality and effectiveness of quality management practice, starting from
customers’ perceptions (Wilson, 2001).

A second issue relates to the identification of key factors affecting global
satisfaction, in order to improve performances and sales. The different methods that
have been proposed to address this can be distinguished according to two main
approaches: statistical models and exploratory methods. Regression models and
generalised linear models, structural equation models, partial least squares regression,
artificial neural networks and Bayesian networks (BNs) all belong to the first
approach (see e.g.: Devaraj et al., 2002; Grønholdt and Martensen, 2005; Tenenhaus
et al., 2005; Lawson and Montgomery, 2006; Hsu et al., 2006). In contrast,
exploratory methods have also been applied, and these primarily rely on factorial
methods, such as nonlinear principal component analysis and categorical principal
component analysis (see e.g.: Ndubisi and Wah, 2005; Valle et al., 2006; Manisera
et al., 2010).

In accordance with the literature, we adopted the BNs approach (Howard and
Matheson, 1981; Pearl, 1988) to define the competitive factors on which to focus
(Blodgett and Anderson, 2000; Jaronski et al., 2002; Jaronski et al., 2004; Salini and
Kenett, 2009). In particular, following Tarantola et al. (2012), we combined the
mystery shopping technique with the potential of BNs. The advantage of this
approach is two-fold; the mystery shoppers allow evaluation of satisfaction from
the customer point of view, while the BN framework simplifies the investigation of
the satisfaction determinants, highlighting the crucial competitive factors.

The paper is organised as follows: in Section 2 we introduce the analytic tools
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used in our investigation, and in Section 3 we describe the experimental setting and
the primary results of our analysis. Section 4 illustrates possible actions to take to
improve overall customer satisfaction, using the back-propagation algorithm for
the BNs. The paper ends with a conclusions section summarising the results and
discussing a possible extension of our proposal.

2. MYSTERY SHOPPING AND BAYESIAN NETWORKS IN BRIEF

2.1  MYSTERY SHOPPING

Mystery shopping is a particular technique by which information on products and
services is collected to measure service quality. It is also useful in evaluating the
efficiency of the process, and identifying the determinants of service improvement.
In mystery shopping, an observer, the mystery shopper, acts as a typical customer
and collects a set of information about the quality of service, during the shopping
experience. There are no rules as to how a secret visit should be conducted, but a
structured checklist of the information to be collected can be adopted as a guide
(Wilson, 2001). Consequently, the mystery shopper analyses tangible and intangible
aspects of the service during the visit, and fills out the evaluation form when the visit
is finished.

Unlike customer satisfaction surveys that highlight the ‘results’ of a service,
the mystery shopping approach is used to analyse the ‘process’, providing detailed
information, which is useful to improve overall service.

Mystery shopping can be used: i) as a diagnostic tool to identify the weak
points in the process of service delivery; ii) to encourage and motivate salespersons
through the connection of instruments to measure performance directly, with
evaluation, formation mechanisms and rewards; iii) to assess the competitiveness
of the service offered, and identify best practices among several retail units and/or
in competition through benchmarking (Wilson, 2001).

2.2  BAYESIAN NETWORKS

We decided to use BNs because the aim of the analysis was to identify the
determinants of customer satisfaction and to simulate different improvement
scenarios. The latter belong to the class of probabilistic graphical models, and are
often used as inferential engines of expert systems (Heckerman, 1996; Lauritzen,
1996, Cowell et al., 1999). BNs combine directed acyclic graphs to model and
represent the dependency structure of a set of variables, with an efficient information
propagation algorithm, based on the Bayes theorem as the core of the inferential
engine.
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More precisely, let’s consider G = (V,A) a directed acyclic graph, with V the
set of network nodes and A the set of direct arcs (arrows) linking the nodes. In our
study, the nodes coincide with the set of discrete random variables V X X

p
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The use of graphical representation simplifies the interpretation of the global
relationship pattern. The model could be specified by an analyst who knows the
dependency structure, or could be data-driven by selecting the significant
relationships. The model selection procedure first defines the network structure
through a learning algorithm. There are two main classes of algorithms for learning
structure; constraint-based and score-based (Steck, 2001 for a review). While
algorithms in the first class use conditional independence tests to select the
significant relationships among variables, score-based algorithms evaluate the
goodness of fit of the competing BNs through some scores, usually the Akaike
information criterion (AIC; Akaike, 1974) or the Bayesian information criterion
(BIC; Schwarz, 1978), and attempt to maximise these. When the network structure
has been learned, the parameters of the local distributions, given the network, are
estimated, after which an information propagation algorithm can be used to
simulate and evaluate the effects of a change in one or more variables in the entire
network (Spiegelhalter et al., 1993; Heckerman, 1996; Jensen, 1996; Cowell et al.,
1999; Nadkarni and Shenoy, 2001). This feature of BNs means that they are
particularly suitable in identifying the appropriate improvement actions and tool to
support decisions when applied to customer satisfaction data (Renzi et al., 2009).
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3. THE ANALYSIS

3.1  DATA COLLECTION

The target population of the present survey consisted of 78 jewelleries located in the
35 malls of the Campania region, operating in the period from October 2012 to
February 2013 (Table 1).

A cluster sample design was performed, taking as clusters the jewelleries
located in each commercial centre: the latter having been stratified by province. We
set the commercial centre sample size at 18, proportionally allocated in each layer
and randomly selected without replacement. All the jewelleries in the selected malls
were taken, obtaining a total sample size equal to 54. Table 1 reports the details of
the population and sample sizes within strata.

Table 1: Population and sample sizes stratified by province

Province Malls Pop. Jewelleries Malls Jewelleries
(NA) Pop. (N) sample (na) sample (n)

Avellino 4 6 2 2

Benevento 4 9 2 6

Caserta 7 20 3 15

Napoli 14 34 8 25

Salerno 6 9 3 6

Total 35 78 18 54

The data we used were collected by five female mystery shoppers who
inspected the 54 selected jewellers located in the 18 selected commercial centres.
The days and times of visits to stores were pinpointed after stratification of days
(intraweek/weekend), and of daily hours (afternoon/evening). After each visit, the
mystery shoppers filled out a checklist. Due to the lack of literature regarding
service quality evaluation in the jewellery market, the evaluation form was
structured following the SERVQUAL dimensions adapted for the study under
analysis (Buttle, 1996; Lowndes and Dawes, 2001). In the evaluation form
definition, particular attention was devoted to intangible aspects (knowledge and
skills of the salesperson) of the service. Moreover, an item was added to measure
overall satisfaction, with respect to the visit.Each checklist item was measured on
a six-point self-anchoring scale (Cantril and Free, 1962) from ‘Very poor’ (score 1)
to ‘Very good’ (score 6). The percentage distributions of the checklist variables are
reported in Table 2. It is easily observed that the satisfaction levels for the tangible
aspects are globally high. This is due to the generally high standards of the
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commercial centres. Such variables were not included in the BN, due to the small
variability in the judgements. For analogous reasons, the loyalty card promotion
and the availability of informative materials were also excluded.

Table 2: Percentage distributions of the checklist variables

Very         Very
poor         Good

1 2 3 4 5 6

Tangibles Ease of reaching by
public transport 2,3% 2,3% 6,8% 22,7% 25,0% 40,9%
Advertising sign 0,0% 0,0% 0,0% 1,9% 11,1% 87,0%
Price clarity 1,9% 5,6% 3,7% 18,5% 37,0% 33,3%
Store lighting 0,0% 0,0% 1,9% 3,7% 29,6% 64,8%
Store cleanliness 0,0% 0,0% 0,0% 0,0% 9,3% 90,7%
Brand differentiation 0,0% 1,9% 9,3% 24,1% 20,4% 44,3%
Availability of a
dvertising and
informative material 66,7% 7,4% 22,2% 3,7% 0,0% 0,0%

Responsiveness Promptness in serving
an incoming customer 3,7% 59,3% 3,7% 11,1% 11,1% 11,1%
Promptness in showing
product of interest 0,0% 13,0% 29,6% 13,0% 25,9% 18,5%
Capacity to promote
 purchases 0,0% 7,4% 27,8% 24,1% 22,2% 18,5%
Capacity to promote
alternative purchases 0,0% 9,3% 29,6% 24,1% 18,5% 18,5%
Capacity to promote
loyalty cards 100,0% 0,0% 0,0% 0,0% 0,0% 0,0%

Assurance Capacity to provide
details on the product
of interest 0,0% 7,4% 33,3% 18,5% 24,1% 16,7%
Courtesy 0,0% 0,0% 1,9% 9,3% 31,5% 57,4%
Capacity to inspire
confidence during
the selling 0,0% 7,4% 27,8% 25,9% 18,5% 20,4%

Reliability Completeness in
providing information 13,3% 80,0% 6,7% 0,0% 0,0% 0,0%

Empathy Personalised customer
care 0,0% 14,8% 37,0% 22,2% 14,8% 11,1%

Overall satisfaction 0,0% 0,0% 24,1% 37,0% 25,9% 13,0%
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3.2  LEARNING THE NETWORK STRUCTURE

The analysis of the collected data was performed using Hugin Expert2 software.
This software allows the automatic construction of the probabilistic graphical
models, that is, BNs, and the influence diagrams (Madsen et al., 2003).

We decided to use the necessary path condition as a learning structure
algorithm (NPC) by Steck (2001), due to the nature of our aims. The NPC is one
of the most recently developed and efficient constraint-based algorithms, and is an
improvement of the path condition algorithm developed by Spirtes and Glymour
(1991) and by Spirtes et al. (2000). The NPC algorithm could produce ambiguous
regions, due to the fact that retention of some arcs is dependent on the removal of
other arcs linking other variables and vice versa. It is possible to solve the
ambiguities in an interactive way. Finally, the conditional distributions were
estimated from the data, using an expectation-maximisation algorithm (Lauritzen,
1995).

We tested different models and different aggregations of the scale points.
These were then evaluated on the basis of AIC and BIC scores and the misclassification
rate related to our target variable. Firstly, we aggregated the scale points in four
categories [Extremely Dissatisfied (1), Dissatisfied (2 and 3), Satisfied (4 and 5)
and Extremely Satisfied (6)].

In the variable selection phase, only the items with higher variability and
discriminatory power were selected. The retained variables were: promptness in
serving an incoming customer; promptness in showing product of interest; capacity
to promote purchases; capacity to promote alternative purchases (responsiveness);
capacity to provide details about the product of interest; capacity to inspire
confidence during the selling (assurance); personalised customer care (empathy).
The variable related to reliability was not selected, due to its polarisation on
negative values only. Moreover, many items related to tangible aspects were
excluded, due to the generally high standards of shops (and jewelleries) located in
malls: only the price clarity and the differentiation of the offered brands were
retained.

We tested all the considered variables in the first model. Those related to
tangible aspects did not show any significant relationships with overall satisfaction,
and were then excluded from further analysis. Moreover, such models showed very
poor scores (Table 3).

We then estimated a second model without tangible aspects, and even this
model showed poor performances. In particular, the error rate of classification was

2  HUGIN EXPERT A/S | www.hugin.com
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the same as in the previous model (Table 3). Indeed, it resulted in difficulty in
distinguishing and correctly classifying the different degrees of satisfaction. This
suggested that we should simplify the model by dichotomising all items and by
grouping the first three points of the scale in a negative judgement (Dissatisfied), and
the remaining three points of the scale in a positive judgement (Satisfied). This yielded
the final third model with the best AIC and BIC and the best error rate (Table 3).

Table 3: Test results between three different models

Models AIC BIC Log Likelihood Max Belief Error Rate

Model 1 -411.51 -502.03 -326.51 20.37
Model 2 -303.13 -367.73 -238.93 20.37
Model 3 -192.03 -213.91 -170.03 14.81

3.3  THE SELECTED NETWORK

The dependency structure learned through the NPC algorithm is presented in Figure
1. The presence of a significant dependency relationship between two variables is
represented by an arrow. Close to each variable, a table reports the marginal
probability distribution estimated from data given the network.

It is possible to identify two root nodes, that is, nodes without parents, in the
network; the promptness in serving and the capacity to inspire confidence during
the selling. In examining Figure 1, we observe that the variables related to the
capacity to promote purchases and the capacity to promote alternative purchases
had direct effects on overall satisfaction. All the remaining variables exerted
indirect effects on overall satisfaction. For example, the promptness in showing
product of interest was affected by the promptness in serving (a root node), which
was independent of it. Note that the capacity to promote purchases (a collider node)
directly affected overall satisfaction by means of the capacity to provide details on
the product of interest. This represents an example of convergent connection with
common effects, but with independent causes.

In this first analysis, it is possible to hypothesise that the staff’s ability to ‘put
the customer at the centre’ is capable of influencing the perception of the service,
and therefore the related satisfaction. At this stage, the relevant variables appeared
to express the customers’ needs to be accepted with readiness and to be understood
in their demands. They both refer to the staff capacity to meet customer needs of
being treated as a person, not just as a consumer, and to be supported and reassured
in their choice of purchase.
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4. ANALYSIS OF SOME IMPROVEMENT ACTIONS

The estimated network could be used to evaluate the effect of different improvement
actions on overall satisfaction. In order to maximise the latter, we selected the
actions producing the largest effects. To evaluate the effects of each variable on the
target, in turn, we set the satisfaction of each to the highest possible value. The new
settings yielded changes in overall satisfaction and in all the other linked variables
through a propagation algorithm; the marginal probability tables of all variables
were simultaneously updated at each change, induced by simulating a change in one
variable.

We simulated some scenarios in order to identify the best improvement
actions.

4.1  IMPROVING THE PROMPTNESS IN SERVING AN INCOMING CUSTOMER

In this first simulation, we analysed how overall satisfaction changes if there is
improvement in responsiveness, assuming that the contact personnel welcome the
customer, revealing willingness to listen to that customer’s needs. More precisely,
we evaluated how the promptness in serving an incoming customer affected overall
satisfaction when the maximum level of satisfaction is reached by this variable.

Figure 2 shows the results of this improvement hypothesis. The results of the
propagation of new evidence, contained in the tables of updated marginal
probabilities, reveal a small change in overall satisfaction (the probability related

Figure 1: The learned network
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to satisfaction rises from 74.8% to 75.6%). Observing the other variables, we can
see that such intervention yields a change primarily in the satisfaction related to the
promptness in showing products of interest (from 57.4% to 88.9%, with an
improvement of 31.5%), as this latter is a direct child of the promptness in serving.
There was no relevant change in all the remaining variables. Therefore, the results
of this simulation suggest that it is not convenient to act in such a manner, but that
it is preferable to evaluate different improvement actions.

4.2 IMPROVING THE CAPACITY TO INSPIRE CONFIDENCE DURING THE
SELLING

The second simulated scenario is related to a possible increase in the capacity to
inspire confidence during the selling (assurance dimension). In this case, we also
assigned to this variable the maximum level of satisfaction that represents a
situation in which the customer feels fully confident in the salesperson. The
relevance of this variable recalls the central role of trust in the confidential
relationship between the customer and the traditional jeweller. Even in a mall, the
customer attempts to establish a relationship of trust with a salesperson. The
assurance dimension reduces the perception of risk linked to the purchase (especially
considering jewellery purchase) and increases the sense of usefulness. In other
words, believing that they have made a good purchase, a customer gives this action
a symbolic value, in addition to the economic value, and is more satisfied.

In this second scenario, the results of the propagation of new evidence

Figure 2: Improving the promptness in serving an incoming customer
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considerably improved (Figure 3): the probability to be satisfied overall reached the
value of 0.935. Analysing the condition of the other variables, we can observe how
this intervention generated a large improvement in all variables nearby. The test
variable played a crucial role in the serial connection identified in the network.

The variables that were primarily affected were those having the test variable
as a predecessor or successor. More precisely, the test variable acted on the capacity
to promote purchases (from 63.1% to 94.5%, with an improvement of 31.4
percentage points); the personalised customer care (from 48.2% to 74.3%, with an
improvement of 26.1%); the capacity to provide details on the product of interest
(from 57.7% to 86.4%, rising of 28.7%); and the capacity to promote alternative
purchases (from 59.9% to 82.9%, with an improvement of 23.0%). The promptness
in showing product of interest and the promptness in serving an incoming customer
did not change. A change in capacity to inspire confidence during the selling also
affected satisfaction related to responsiveness and empathy.

4.3 IMPROVING THE CAPACITY TO INSPIRE CONFIDENCE DURING THE
SELLING AND THE CAPACITY TO PROMOTE ALTERNATIVE
PURCHASES

A third improvement hypothesis was chosen to combine actions tending to increase
satisfaction related to both capacity to inspire confidence during the selling, and
capacity to promote alternative purchases. The latter refers to the capacity of
salespersons to understand customer needs and propose alternative solutions in line
with their interests.

Figure 3: Improving the capacity to inspire confidence during the selling
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The results of the propagation of new evidence contained in the updated tables
of marginal probability show a considerable improvement in overall satisfaction
(Figure 4), from 74.82% to 99.55%. However, it is worth noting that the additional
improvement obtained by the combined action on the two variables is quite small
(6.08%), if compared with the impact obtained considering only the capacity to
inspire confidence during the selling (18.65%).

The best improvement action then consists of the combination of the two
actions.

5. CONCLUSIONS

In this paper, we combined the mystery shopping technique with the methodology
of BNs to evaluate customer satisfaction with the performance of personnel
engaged in the jewellery industry, and defined actions for supporting management
decisions.

The mystery shopping made it possible to observe the process of service
delivery and allowed us to shed light on aspects that are difficult to evaluate using
other techniques. BNs provided a suitable tool for the analysis, and made it possible
to estimate the effect of different variables on overall satisfaction, as well as the
simulation of some improvement scenarios.

Despite the fact that the overall satisfaction that was observed reached high
levels, the survey results highlighted some deficiencies related to intangible aspects

Figure 4: Improving the capacity to inspire confidence during the selling and capacity to
promote alternative purchases
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directly involving the sales personnel, such as their ability to reassure and their
response capacity.

The analyses carried out through BNs specifically identified the capacity to
inspire confidence during the selling and the ability to propose alternative purchases
as key variables of satisfaction. In particular, the simulations we used showed that
the first variable had the greatest impact on overall satisfaction. The analysis points
out that a relationship based on trust plays a central role in the purchase of jewellery
in malls, in a similar manner to the way in which it does in the traditional jewelleries.

Promotion of a collaborative approach oriented to customer care is a no-cost
strategy that can greatly affect the perception of received services and customer
satisfaction, and can create the basis for a commercial transaction based on
confidence.
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