Table 3. Customer Contact Employee Demographics

Age (n=160)
Mean 39.57
Median 39.5
Mode 29 & 35
Gender (n = 166)

Male 11.40%
Female 88.60%
Position (n = 166)

Branch Manager 13.30%
Assistant Manager 9.00%
Teller 42.80%
Financial Service Rep 31.90%
Investment Advisor 3.00%
Other 0.00%

Table 4. Manager Demographics

Firm Tenure (n = 163)
Less than 1 year 4.90%
1-3 Years 33.10%
4-6 years 23.30%
7-9 years 8.60%
10-12 years 9.80%
13 or more years 20.20%
Industry Tenure (n = 163)
Less than 1 year 3.70%
1-5 years 32.50%
6-10 years 19.60%
11-15 years 10.40%
16-20 years 10.40%
More than 20 Years 23.30%

Age (n=31)
Mean 43.35
Median 43
Mode 42
Gender (n = 31)

Male 16.10%
Female 83.90%
Position (n = 31)

Branch Manager 93.50%
Assistant Manager 0.00%
Teller 0.00%
Financial Service Rep 0.00%
Investment Advisor 0.00%
Other* 6.50%

*Area Managers

49

Firm Tenure (n = 31)

Less than 1 year 0.00%
1-3 Years 12.90%
4-6 years 12.90%
7-9 years 16.10%
10-12 years 9.70%
13 or more years 48.40%
Industry Tenure (n = 31)
Less than 1 year 0.00%
1-5 years 6.50%
6-10 years 9.70%
11-15 years 12.90%
16-20 years 22.60%
More than 20 Years 48.40%




Measures. Manager and customer contact employee personal affinity for technology was
measured on a ten-item scale developed by Edison and Geissler (2003). Each item will be
rated on a six-point Likert scale (‘1’=strongly disagree and ‘6’ = strongly agree). The
Cronbach’s alpha for this scale in this study was .937 for customer contact employees
and .909 for managers. Manager and customer contact employee perceptions of corporate
affinity for technology were measured on an eight-item scale developed by Fleming and
Artis (forthcoming). Each item was rated on a six-point Likert scale (‘1’=strongly
disagree and ‘6’ = strongly agree). The Cronbach’s alpha for this scale in this study was
.947 for customer contact employees and .938 for managers. Additionally, a measure of
fashion consciousness based on the work of Lumpkin and Darden (1982) was included in
the survey to enable a test for common method bias. The Cronbach’s alpha for this scale
in this study was .760 for customer contact employees and .791 for managers. The

manager and employee survey items can be seen in Appendix 1.

Analysis/Findings

The analysis of the data was conducted in several steps. The first step in the
analysis process was to subject the responses to the personal affinity for technology and
perceived corporate affinity for technology scales to a confirmatory factor analysis
(CFA). This was necessary this scale was not tested on managers by Fleming and Artis
(forthcoming), so the CFA helped to determine if the factor structure also applies to this
new population. The personal affinity for technology scale by Edison and Geissler (2003)

was tested in a different industry on customers/consumers, so the purpose of the CFA
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was to determine if the same factor structure held for this different population (i.e.,
service industry managers and customer contact employees). Because the measures are
all single-source, self-reports, it was also necessary to test for common method bias. This
was done in two ways. The first was to use Harman’s single factor-test, which indicates
common method variance if a single factor is found in an unrotated solution or if a first
factor explains a majority of the variance in all the measured variables (Podsakoff and
Organ, 1986). The second method was to take a measure of a completely unrelated
construct (e.g., fashion consciousness) and examine its correlation with the constructs of
interest. A significant correlation with this marker-variable would reveal the presence of
common methods bias according to Lindell and Whitney (2001).

As can be seen in Table 5, the confirmatory factor analysis raises some red flags
about the measurement of the variables. To begin with, the fit statistics of the model are
very low. Specifically, none of the major fit indices even approach the traditional
minimum of .90 to indicate adequate model fit. Also, the root mean square error of
approximation (RMSEA) is well above the desired cutoff of .08.

Another red flag comes from an examination of the inter-factor correlations of the
latent constructs. Fashion conscientiousness scale was included as a way to check for
common method bias because it is not conceptually related to any of the constructs of
interest, and thus should not be correlated with them. However, it is correlated with
affinity for technology for both managers and customer contact employees. This result is
interesting because of common method bias should also result in a correlation between

fashion conscientiousness and perceived corporate affinity for technology, bit that was
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not found in either case. This may mean that the correlation is due to another
measurement artifact such as response set bias due to the position of the scales in the
survey.

Table 5. Confirmatory Factor Analysis Results

Confirmatory Factor Analysis

Model Fit

Fit Statistic Proposed Saturated Independence | Single Const.
RMSEA 0.132 N/A 0.221 0.206

Low 90% CI 0.127 N/A 0.217 0.201

High 90% CI 0.137 N/A 0.226 0.211

PCLOSE 0.000 N/A 0.000 0.000
RMR 0.137 0.000 0.389 0.304
GFI 0.595 1.000 0.236 0.293
AGFI 0.545 N/A 0.199 0.220
PGFI 0.530 N/A 0.225 0.265
NFI 0.601 1.000 0.000 0.162
PNFI 0.561 0.000 0.000 0.154
RFI 0.573 N/A 0.000 0.119
IFI 0.670 1.000 0.000 0.181
TLI 0.644 N/A 0.000 0.133
CFlI 0.667 1.000 0.000 0.176
PCFI 0.623 0.000 0.000 0.167
ECVI 20.096 10.945 47.888 40.735

Inter-factor Covariances and Correlations

Latent Constructs Covariance Stnd. Error Sig. Correlation
EAFT -> EPCAFT 0.000 0.048 0.993 -0.006
EAFT -> EFC 0.285 0.097 0.003 0.238
EAFT -> MAFT 0.097 0.065 0.131 0.080
EAFT -> MPCAFT -0.012 0.052 0.818 -0.023
EAFT -> MFC 0.006 0.075 0.936 0.001
EPCAFT -> EFC 0.082 0.060 0.174 0.115
EPCAFT -> MAFT -0.028 0.043 0.508 -0.026
EPCAFT -> MPCAFT 0.017 0.035 0.631 0.056
EPCAFT -> MFC 0.083 0.052 0.115 0.119
EFC -> MAFT -0.046 0.077 0.550 -0.076
EFC -> MPCAFT -0.006 0.063 0.925 -0.041
EFC -> MFC 0.014 0.092 0.877 0.065
MAFT -> MPCAFT -0.080 0.047 0.092 -0.166
MAFT -> MFC 0.313 0.082 0.000 0.295
MPCAFT -> MFC 0.087 0.056 0.122 0.316
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Table 5. Confirmatory Factor Analysis Results (Continued)

Confirmatory Factor Analysis

Customer Contact Employees Managers
Indicator Lambda Theta |Sig. Indicator Lambda | Theta Sig.
Latent Construct: Affinity for Technology
EAFT1 1.000 N/A  [N/A MAFT1 1.000 N/A N/A
EAFT?2 0.616 0.078 [<.001 MAFT2 0.484 0.062 | <.001
EAFT3 1.142 0.119 [<.001 MAFT3 0.759 0.123 | <.001
EAFT4 1.190 0.112 [<.001 MAFT4 0.724 0.091 |<.001
EAFT5 1.163 0.106 [<.001 MAFT5 1.053 0.104 |<.001
EAFT6 0.885 0.116 |<.001 MAFT6 0.753 0.107 | <.001
EAFT7 1.242 0.105 |<.001 MAFT7 1.155 0.094 | <.001
EAFTS 1.112 0.098 [<.001 MAFT8 1.119 0.090 |<.001
EAFT9 1.114 0.113 [<.001 MAFT9 0.865 0.107 |<.001
EAFT10 1.123 0.115 [<.001 MAFT10 1.143 0.110 | <.001
Latent Construct: Perceived Corporate Affinity for Technology
EPCAFT1 1.000 N/A  |[N/A MPCAFT1 1.000 N/A N/A
EPCAFT2 1.613 0.165 [<.001 MPCAFT2 1.431 0.153 | <.001
EPCAFT3 1.392 0.148 [<.001 MPCAFT3 1.342 0.150 | <.001
EPCAFT4 1.609 0.154 |<.001 MPCAFT4 1.391 0.130 | <.001
EPCAFT5 1.592 0.151 [<.001 MPCAFT5 1.350 0.117 | <.001
EPCAFT6 1.541 0.163 [<.001 MPCAFT6 1.270 0.150 | <.001
EPCAFT7 1.785 0.195 [<.001 MPCAFT7 1.617 0.184 | <.001
EPCAFT8 1.425 0.151 [<.001 MPCAFT8 1.267 0.145 | <.001
Latent Construct: Fashion Conscientiousness

EFC1 1.000 |N/A N/A MFC1 1.000 N/A N/A
EFC2 0.849 0.124/<.001 MFC2 1.008 0.114| <.001
EFC3 1.122 0.162/<.001 MFC3 0.895 0.104| <.001

Despite all that is negative about the proposed factor model, it is still better than
any of the baseline comparisons in terms of fit indices and parsimony. An examination of
the factor loadings show that all indicators do load significantly on their respective

factors. Additionally, the modification indices do not suggest that any of the indicators
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should load on other factors. All of the significant modification indices relate to allowing
error variances to correlate, which is inappropriate as this data is not time series in nature.
Thus, the proposed factor structure was accepted as the best available and used in the
subsequent analyses.

The second step in the analysis process was to use structural equation modeling to
examine the relationships between the variables of interest. The first model tested was a
full structural equation model in which both the measurement model and the structural
paths were estimated simultaneously. The first model was a test of the direct effect of
manager perceived corporate affinity for technology (MPCAFT), manager personal
affinity for technology (MAFT) and employee affinity for technology (EAFT) on
employee perceptions of corporate affinity for technology (EPCAFT). This model
utilized mean-centered data for all measured variables to allow for the creation of single
indicator interaction constructs as described by Ping (1996), and he notes that using mean
centered data also reduces the multicolinearity between the exogenous variables and their
interaction terms.

As can be seen in Table 6, this model does not fit the data well as evidenced by
the poor fit statistics. The low fit indices coupled with the high RMSEA and expected
cross-validation index (ECVI) indicate that there is a better model to explain the data.
While some of the fit problems may be attributable to measurement model issues
discussed previously, the addition of meaningful structural paths should serve to improve
the model fit some. However, in this case the addition of the paths does very little to the

model fit which indicates that the expected relationships do not have much explanatory
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power. An examination of the statistics related to the structural paths in the model
confirm this as none of the main effects were significant which means Hypothesis 1 that
posits a direct effect of MPCAFT on employee PCAFT is not supported. Additionally
without a main effect to moderate, the other two hypotheses become moot and therefore
it does not make sense to run an intercation model. A re-examination of the inter-factor
correlations in the CFA shows that there is no relationship between any of the variables
of interest, which further supports the null finding. These surprising results merited
further examination which is discussed below.

Table 6. Structural Equation Model Results

Model Fit

Fit Statistic Proposed Saturated Independence

RMSEA 0.124 N/A 0.236
90% CI Low 0.118 N/A 0.230
90% CI High 0.130 N/A 0.241
RMR 0.133 0.000 0.419
GFI 0.642 1.000 0.231
AGFI 0.597 N/A 0.187
PGFI 0.570 N/A 0.219
NFI 0.673 1.000 0.000
PNFI 0.631 0.000 0.000
RFI 0.651 N/A 0.000
IFI 0.741 1.000 0.000
TLI 0.722 N/A 0.000
CFI 0.739 1.000 0.000
PCFI 0.694 0.000 0.000
ECVI 13.597 8.037 39.207
Structural Paths

Path Weight Sig.

MPCAFT -> EPCAFT 0.029 0.703

MAFT -> EPCAFT -0.041 0.516

EAFT -> EPCAFT 0.005 0.926
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To explore the possibility that measurement issues were masking some of the
expected relationships, a series of stepwise regressions that brought in each path of the
model sequentially to see if any of them significantly add to the model’s fit (F-value) or
explanatory power (adjusted r-square). Again, mean centered data was used to reduce
multicolinearity between predictor variables and their interactions. This mean centered
data was then used to create average scale scores by summating the indicators of each
construct and dividing by the number of indicators. These scale scores were then used to
create interaction terms by multiplying them together. The summated scores were used as
the predictor and criterion variables in the regression model.

As can be seen in Table 7, none of the main effects (MPCAFT, MAFT and
EAFT) or interactions were significant predictors of employee perceptions of corporate
affinity for technology. These findings corroborate the SEM findings and indicate that
the expected relationships are not present in this data. These findings are discussed more
below.

Table 7. Nested Regression Results

Model 1 Model 2 Model 3 Model 4 Model 5
Path Beta | Sig | Beta | Sig | Beta | Sig | Beta | Sig | Beta | Sig

MPCAFT ->
EPCAET 0.056 | 0.72 | 0.054 | 0.50 | 0.053 [0.50 | 0.034|0.67 | 0.011 | 0.89

MAFT -> EPCAFT | N/A |N/A|-0.017|0.83|-0.017|0.83 | 0.006|0.94| 0.005| 0.95
EAFT -> EPCAFT | N/A |[N/A| N/A |N/A|-0.003|0.97|-0.008|0.92| 0.002| 0.98

MPCAFTXMAF ->
EPCAET N/A |N/A| N/A |[N/A| N/A |N/A|-0.105|0.20|-0.109| 0.19

MPCAFTXEAFT ->
EPCAET N/A |N/A| N/A [N/A| N/A |[N/A| N/A |[N/A| 0.109| 0.18

Model F-value 0.523 |0.47] 0.284 | 0.75] 0.189 |0.90| 0.551|0.70| 0.812| 0.54
Nested F value N/A | N/A| 0.048 |0.83| 0.002 |0.97| 1.635|0.20| 1.843| 0.18

Adjusted R-square -0.003 -0.009 -0.015 -0.011 -0.006
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Discussion

Based on the findings above, none of the hypotheses were supported. While this is
hard to understand conceptually and logically, some of the previously mentions
shortcomings of the study may explain why this null result occurred. The first reason for
this surprising result may be due to measurement error; specifically, the high correlation
between affinity for technology and fashion conscientiousness for both managers and
customer contact employees raises the question of the validity of the measures in this
study and hint at some sort of measurement artifact (most likely response set bias)
creating some of the unexpected results. A second possible culprit for these non-
significant findings could be the fact the all of the observed variables were not normally
distributed and many showed a heavy negative skew. This may be interfering with the
discovery of relations by restricting the variance in either the predictor or criterion
variables. A third plausible explanation for the lack of results is an inadequate sample
size. While there are 166 matched pairs, they only represent 31 managers, and this may
be constraining the variance in the predictor variables making it impossible to find the
expected relationships. It may be necessary to collect a new data set that includes more
managers (at least 100) and limits the matched pairs per manager to a smaller number (no

more than 3) to have an accurate picture of the nature of the relationship.

Implications
Academic. While the hypotheses in this study were not supported, it still has

several important implications for academicians. The first is that this paper explores the
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role of technology in the employee-firm interface. As a recent call for papers in the
Journal of Professional Selling and Sales Management points out, this type of study is
important for understanding the role of technology in the firm-sales force interface, or in
this case service delivery, and has been neglected in the literature to this point.

The next important academic implication is that this study begins the process of
developing the nomological network for perceived corporate affinity for technology. As a
new construct it is necessary to develop and test theoretically driven hypotheses to
determine if this construct has nomological validity. On a related note, this paper also
engages in a more rigorous test of the validity and reliability of the personal affinity for
technology scale (Edison and Geissler, 2003) than the original paper in which it was
developed. Subjecting it to a confirmatory factor analysis and testing it on different
populations to ascertain its generalizability accomplishes these important tests of the
scale.

The third major academic implication of this paper comes from the application of
a well known theory to a new area of study. This paper applies the communication model
of Schramm (1954) to show how manager perceptions of the firm’s attitudes are shared
with employees to form customer contact employee perceptions of firm attitudes.
Additionally, the use of this model allows for an explanation of the factors that interfere
with the clear transmission of these messages especially between the portions of the
channel under the control of the firm (managers and employees). This is important as it
draws in a model from other areas into the study of services marketing and serves as a

theoretical reference point for future research into the how internal marketing
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communication occurs and the potential threats to the clear transmission of messages
between the firm and customer.

Managerial. This study contains several potential benefits for managers if the
hypotheses can be supported in the future. The first benefit is that this study shows the
importance of managers in the process of sharing information with employees. However,
this information is not just what the firm expects from employees in terms of
performance and activities as shown in past studies, but also information about the
attitudes that the firm has towards objects or causes. This is vital as firm attitudes towards
causes, such as the environment, are believed to be vital to increasing patronage. One
example of firms engaging in behaviors that project a favorable attitude toward a cause is
the investment in environmentally friendly initiatives such as Wal-Mart’s $500 million
investment in “green” initiatives (Gunther, 2006). Additionally, firm attitudes towards
technology, as communicated by frontline employees, should influence customer
perceptions the firm’s ability to deliver the new “e-services” desired by customers
(Woodall, Colby, and Parasuraman 2007); and as noted by Honebein and Cammarano
(2006) properly implemented technologies can be a cost savings for firms as well as a
means to “co-create” value by involving customers resulting in more satisfied and loyal
patrons.

Another of the key benefits of this study for managers is that it emphasizes the
importance of the role of managers in sharing information with employees about the firm
goes beyond just telling employees what the company expects. Specifically, it identifies

that how the manager personally feels about the message they are sending influences the
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signal that the employee receives and in turn the message that is passed on to the
customer. Thus, managers must be cognizant of their own feelings in regards to
technology, or other objects/causes, when sharing firm feelings about technology (or
other objects/causes) with their customer contact employees and be mindful of the impact
of their personal attitudes on the message they are delivering.

A final benefit of this study for managers is that it highlights the importance of
employee personal attitudes on the reception of communications about firm attitudes are
received. This is relevant, as according to the internal marketing literature, these
perceptions of the firm are then transmitted to the customer and can influence service
delivery perceptions (Lai, 2006). Thus, managers need to be aware of how their
employees feel about technology as managers attempt to communicate the firm’s
relationship with technology to the employee, and may need to spend more time
communicating the message to those employees whose personal attitudes are not in line

with the message that the firm is trying to convey to customers.
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Appendix 1. Manager and Customer Contact Employee Survey Items
Affinity for Technology (Edison and Geissler, 2003)

Please rate how well the following statements describe you (‘1’ = Not at all like me,
'"7" = Exactly like me)

1. I enjoy learning new computer programs and hearing about new technologies.

2. If I am given an assignment that requires that | learn to use a new program or how to
use a machine, I usually succeed.

. Solving technological problems seems like a fun challenge.

. Technology is my friend.

. | find most technology easy to learn.

. People expect me to know about technology and I don’t want to let them down.

. | relate well to technology and machines.

. I am comfortable learning new technology.

. I know how to deal with technological malfunctions or problems.

. | feel as up-to-date on technology as my peers.

O OWoo~NONOT &~ W

Perceived Corporate Affinity for Technology (Pretest)

Please rate your agreement with the following statements about your company (‘1°
= Strongly Disagree, '7" = Strongly Agree)

. My company views technology as a friend.

. My company offers the latest technologies.

. | expect my company to know about technology and they usually don’t let me down.

. My company seems comfortable implementing new technology.

. My company relates well to technology.

. My company knows how to deal with technological problems.

. | feel my company is as up-to-date on technology as its competitors.

. My company shows its relationship with technology by offering secure technology-
based services.

CONO OIS WN K

Fashion Consciousness (Lumpkin and Darden, 1982)

Please rate your agreement with how well the following statements describe you (‘1°
= Strongly Disagree, ‘7> = Strongly Agree).
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When | must choose between the two, | usually dress for fashion, not for comfort.
An important part of my life and activities is dressing smartly.
A person should try to dress in style.

Demographics

Please circle the answer that best describes you for each question below.

What is your age?
Under 20
20-29
30-39
40-49
50-59
60 or older

How long have you
worked in the
banking industry?
Less than 1 year

1-5 years
6-10 years
11-15 years
16-20 years

How long have you
worked at Bank X?

Less than 1 year

1-3 Years

4-6 years

7-9 years

10-12 years

13 or more years

What is your current
position at Bank X?

Branch Manager
Assistant Manager
Teller

Financial Service Rep
Investment Advisor
Other

Branch
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What is your gender?




Chapter Three: Developing the Nomological Network of Perceived Corporate
Affinity For Technology:
Study 2 - Employee Perceptions and Its Effect on Their Use of Self-Directed
Learning
Sales and service personnel with superior expertise provide a firm with a

competitive advantage because customers rely on the knowledge base of these service
personnel when making decisions. Self-directed learning is one way that these boundary
spanning employees can improve their knowledge base. The models of self-directed
learning in sales have offered a new area for research, but all of the extant models lack a
key component of technology and have not been extended to the services arena. This
paper develops and tests a model that extends the work of Artis and Harris (2007) by
showing how the personal affinity for technology and perceptions of firm affinity toward

technology of these boundary spanning employees influence their use of self-directed

learning projects to develop professional expertise.

Introduction

The ability of salespeople to learn it is at the heart of many key concepts in the
sales literature because of the growing need for salespeople to be able to adapt to rapidly
changing competitive environments, customer needs and regulatory and firm
requirements (Jones, Brown, Zoltners, and Weitz, 2005; Marshall, Moncrief, and Lassk,

1999). Most sales force research on learning has focused on formal training (Lupton,
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Weiss, and Peterson, 1999; Cron, Marshall, Singh, Spiro, and Sujan, 2005) or learning
through experience (Turley and Geiger, 2006; Sujan, Weitz, and Kumar, 1994). While
these are important ways for salespeople and service personnel to learn, they may not be
efficient or effective enough to allow them to keep pace in today’s rapidly changing
marketplace.

Recently, the concept of self-directed learning been incorporated into the sales
area (Hurley, 2002; Artis and Harris, 2007) from the adult education field. Self-directed
learning provides a new insight into salesperson learning by looking at how employees
can be responsible for their own learning, implementing that learning to reach their
personal and corporate goals and evaluating the outcomes of their learning (Knowles,
1975). Currently, however, the application of self-directed learning in the sales literature
has been mainly conceptual (Artis and Harris, 2007) in nature without any empirical
testing. Also, although Artis and Harris offer an insightful and extensive model, it lacks a
factor that may play an important part explaining salesperson use of self-directed learning
projects, namely technology. Specifically, their framework fails to account for the
influence of how the individual relates to technology (personal affinity for technology)
and how the individual perceives the firm’s relationship with technology (perceived
corporate affinity for technology) on the individual’s use of self-directed learning
projects.

Additionally, the work in this area has exclusively focused on traditional sales
forces, while excluding service industry customer contact employees who engage in
selling type behaviors. As noted by Harris and Fleming (2005), service personnel play a
vital role in consumer perceptions of service outcomes just as salespeople are vital to the
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client satisfaction (Goff , Boles, Bellenger, and Stojack, 1997), while the work of Hurley
(1998) looked at the importance service orientation in the success of both service
personnel and salespeople. The reason these two types of positions are similar in terms of
their changing environments and their need for learning is the fact that they are boundary
spanning positions that involve a great deal of direct customer contact (Singh and
Rhodes, 1991).

Thus, the purpose of this paper is to extend the conceptual work of Artis and
Harris (2007). The first extension is to empirically demonstrate the importance of
salesperson and service personnel (employee) affinity for technology and employee
perception of corporate affinity for technology in the use of the various types of self-
directed learning projects. The second extension is to apply their framework beyond
traditional sales force into the services area, thus showing that the nomological network
around self-directed learning is important across various types of boundary spanning

positions.

Literature Review

Self-directed learning. Self-directed learing has a long history in the adult
education literature (see Ellinger, 2004 for a historical overview of the topic). As Ellinger
(2004) notes, self-directed learning has been defined in a variety of way over the years,
but the definition provided by Knowles (1975) seems to have the most applicability to the
sales domain. His definition contains 8 keys that distinguish self-directed learning: (1) it
is a process (2) that is initiated by the individual, (3) which may or may not involve the
help of others, to (4) identify their learning needs, (5) develop learning goals from these
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needs, (6) find the necessary resources to attain these goals, (7) select and implement the
proper learning strategies to meet their goals and (8) determine how to measure learning
outcomes. Most of the research in self-directed learning has used the self-directed
learning project (SDLP) as conceptualized by Tough (1967) for the unit of analysis.
Tough defined a self-directed learning projects along the lines of 4 characteristics of the
learning event so that it is: (1) deliberate, (2) related activities that (3) take up at least 7
hours in a six month time frame and (4) generates specific knowledge, skills or lasting
change in the individual.

Clardy (2000) extended the conceptual thought on self-directed learning projects
by developing a typology of four different types of projects based on who plays a key
role in initiating the project and the nature of the learning involved. The first type of self-
directed learning project he identified is called an induced project, which is a learning
project that is required either by the firm or other regulatory body. These projects are
most useful when the individual is unaware of what they need to know, where to find the
information, or how to assess their learning. Usually, the organization or individual
requiring this learning provides the employee with the information and also assess
whether the information was learned (Artis and Harris, 2007). An example of this type if
SDLP would be the traditional training that organizations provide to salespeople.

The second type of SDLP identified by Clardy (2000) is called synergistic, and
they are what he terms “gateway opportunities”. In this type of SDLP the information for
learning is provided by the organization or other stakeholder, but the individual has the
option of whether or not to engage in the SDLP, and the learning is not assessed by
anyone other than the individual. This type of SDLP is particularly useful when the
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individual is aware of what they need to know, but do not know how to find the needed
information. Artis and Harris (2007) cite organizational libraries as an example of the
organization providing the information for this type of SDLP.

The third type of SDLP Clardy (2000) identifies is called voluntary. These
projects are almost entirely enacted by the individual, and happen when the individual
knows what knowledge is needed, where to find the necessary information and how to
evaluate when they have learned it. An example of this type of SDLP would be for a
salesperson to decide that they need to learn about finance to better understand the
leasing terms that their company offers to be better able to discuss these options with
prospects, and then goes about finding sources of information.

The fourth type of SDLP Clardy (2000) identified is called scanning. This type of
project is an ongoing project with no set end, which differentiates it from any of the other
types; but otherwise it is very similar to a voluntary SDLP in that the individual knows
what knowledge is needed, where to find the necessary information and how to evaluate
when they have learned it. An example of this type of SDLP would be the salesperson
that monitors competitors’ new offerings so that he can better explain to prospects and
clients why they should purchase his offerings. This typology serves as a guide for our
conceptualization of the dependent variables in our examination of how personal and
perceived firm feelings toward technology influence the use of self-directed learning.

Artis and Harris (2007) extended the notion of SDLPs into the sales area by
providing a conceptual model of the antecedents, moderators, mediators and outcomes of
the use of SDLPs by salespeople. Through their detailed review of the self-directed
learning literature they propose four antecedents, two moderators and one mediator of the
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use of SDLPs by salespeople. The four individual characteristics they identified as
antecedents are learner self-directedness, confidence in self-directed learning skills,
contextual understanding and motivation to learn. The two moderators they propose are
environmental turbulence and organizational learning climate. The moderating variable
proposed is willingness to use SDLPs. This model serves as a basic framework that
guides our conceptualization of how technology influences the use of SDLPs.

Affinity for technology. Edison and Geissler (2003) developed the construct of
affinity for technology, which they define as “positive affect toward technology (in
general)” (p. 140). Their study is concerned with the attitude people hold toward
technology. They found several antecedents of affinity for technology including
optimism, need for cognition, self-efficacy, age, and gender. Geissler and Edison (2005)
is the only other published study to utilize this scale. They found that affinity for
technology was positively related to market mavenism. In addition, this study repeated
both the exploratory factor analytic and confirmatory factor analytic techniques used in
their first study with similar results. This indicates that the factor structure of this
construct holds up over different samples. The Cronbach’s alpha for this study was .88
which is very close to the .89 they found in the original scale development study.

While there have been other scales and studies of how individuals interact with
technology (Goldman, Platt, and Kaplan, 1973; Heinssen, Glass, and Knigh,t 1987;
Parasuraman, 2000), the Edison and Geissler (2003) conceptualization best fits within the
service and SDLP context for two reasons. First, their study is concerned with the affect
people have for technology while the other scales deal mainly with peoples’ readiness to
adopt the technology (Parasuraman, 2000) or the underlying factors that lead to the use of
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technology (Goldman, Platt, and Kaplan, 1973). Second, the Edison and Geissler (2003)
work defines technology much more generally than other studies, which tend to focus on
technology as computers, the Internet, or other specific technological tools (Heinssen,
Glass, and Knight, 1987). These unique characteristics of the affinity for technology scale
are important as how service personnel feel about technology (their affect) should be a
much more important determinant in their use of SDLP than if they are ready to adopt a
technology (i.e., purchase it). Also, the technologies used in SDLPs may be things other
than computers or the Internet, such as videos and DVD’s to learn new techniques, or
audiotapes to learn new languages.

A proposed extension of the affinity for technology construct is that of customer
and employee perceptions of corporate affinity for technology (Fleming and Artis,
forthcoming). This construct is defined as “the perception individuals have of the affect
held by the firm toward technology in general” (p. 8). This construct places emphasis on
the employee’s or customer’s impression of the firm’s attitude toward technology, which
is very different from how the individual feels about technology which is what is
measured by Edison and Geissler’s (2003) affinity for technology scale . This construct
was developed and validated by Fleming and Artis (forthcoming) using both qualitative
and quantitative methods based on well-respected scale development procedures
(Churchill, 1979; Jarvis, MacKenzie, and Podsakoff, 2003; MacKenzie, 2003; Rossiter,
2003; Segars, 1997). According to their qualitative study, these perceptions of corporate
affinity for technology can be derived from many different points of contact with an
organization such as advertisements, encounters with employees and contact with
managers. Their quantitative studies via exploratory and confirmatory factor analyses
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found that the same eight item solution created the best factor structure for both
customers and employees, and a correlational analysis found that from a customer
perspective this construct is related to both personal affinity for technology (r=.34) and
perceptions of service performance (r=.69). While their work did not test the relationships
between employee perceptions of corporate affinity for technology and other variables,
the customer findings indicate that how an individual perceives a firm relating to
technology does impact how they perceive the firm in other areas. This is important in the
service setting because what the customer contact employee thinks the firm as values will
influence both the methods they use and how they communicate with current and

prospective clients.

Model Development

This paper develops a model of the role that personal and perceptions of firm
affinity for technology play in the use of the various self-directed learning projects in the
typology of Clardy (2000) by drawing on the model of Artis and Harris (2007). In their
model, they identify the four key antecedents of SDLP use as learner self-directedness,
confidence in self-directed learning skills, contextual understanding and motivation to
learn. Employee affinity for technology is an individual level characteristic, and is
conceptualized as the employee’s affect toward technology as defined by Edison and
Geissler (2003). Consistent with the Artis and Harris (2007) model this characteristic
should be related to the use of self-directed learning projects; specifically, it should
influence the antecedent characteristics of confidence in self-directed learning skills and
contextual understanding. In both of these cases technology can serve as a means to

74



improve these antecedent characteristics because having a positive affect toward
technology will help by aiding the employee in developing information literacy.
Information literacy is defined in the library science literature as an individual who
knows when they have a need for information, identifies the information needed to
address a given problem or issue, can find needed information, can evaluate the
information, is able to organize the information, and is able to use the information
effectively to address the problem or issue at hand (Breivik, 2005). Tradtionally,
information literacy has focused on print media, but recently it has also spread to
information technology as well (Mackey, 2005) where the it has been shown that
information literacy plays a role in the effective use of information technology, although
the exact nature of the relationship in not clear. As noted above, SDLPs require that the
individual recognize what they need to know and how to access this information, and
information literacy is a way to accomplish both of these parts of the projects. The
individual is going to have to engage in search behaviors; that is they are going to have to
be information literate to thrive in a rapidly changing environment. The use of technology
will improve the efficiency of employee search behaviors or confirm what they think that
they know about the topic of interest and the sources they should use to learn about it.
Additionally, the use of technology to expedite these searches is vital in rapidly changing
environments (i.e., the sales and services domains) as it allows the individual to gather
the most current information as it is available and apply it before it becomes out dated.
Therefore, having a high affinity for technology would make it easier to engage in
voluntary and scanning types of SDLPs. Therefore, the following hypothesis is
proposed:
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Hi: Personal affinity for technology is positively related to employee use

of self-directed learning projects.

In their model, Artis and Harris (2007) identify organizational climate factors as a
moderator of the relationships between individual characteristics and the use of SDLPs.
While service personnel perception of corporate affinity for technology is not a climate
variable per se, it shares many aspects with climate factors. The major difference is that
perceived corporate affinity for technology is interested in how individuals see the
company’s relationship while climate factors are usually referred to as the manifestation
of a culture that is shared. However, much climate research has avoided the shared aspect
of climate variables in favor of individual perceptions of the climate (Neal and Griffin,
2006). Additionally, it makes sense that how the individual perceives the corporate
affinity for technology should influence the relationship between their own affinity for
technology and their use of certain types of SDLPs. This is tied to the antecedent
condition of motivation to learn in the Artis and Harris (2007) model. That is, if the
employee feels that the firm will appreciate their use of technology in the learning
process, then they will be more likely to use technology to assist in their SDLPs, but if
they do not feel that they will be rewarded for the use of technology they will not be as
likely to use technology as part of SDLPs. For instance, if an individual is high on
affinity for technology, the previous hypothesis states that they will be more likely to
engage in SDLPs. However, if they feel that the firm has a low affinity for technology it

should reduce the strength of this relationship because the employee will not feel that
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using technology as a basis for these SDLPs will be appreciated The opposite effect
would be expected to occur if the individual perceived high levels of corporate affinity
for technology. Also, if the employee has low affinity for technology, they will be more
likely to use technology if they feel they will be rewarded for it some way because the
firm has a high affinity for technology. Based on this reasoning and the model by Artis

and Harris (2007) the following hypothesis is proposed:

H,: Perceived corporate affinity for technology will moderate the
relationship between personal affinity for technology and employee use of

self-directed learning projects.

Alternatively, service personnel perception of corporate affinity for technology
may exert a direct effect on the propensity of the individual engage in self-directed
learning projects. This is because the perception of an environment that encourages the
use of technology may lead the individual to utilize technology whenever it is
appropriate. The idea that a perceived climate may lead directly to employee behavior is
also found in the organizational psychology literature. Specifically, the relationship
between safety climate and safety behavior has been demonstrated (Neal and Griffin,
2006). The relationship is based on the notion of social exchange theory (Thibaut and
Kelley, 1959), which states that relationships involve a mutual give and take between the
two parties involved. If the employee believes that the firm is provides something for the
employee, then the employee will reciprocate to the firm by taking advantage of this
opportunity. In this case, if the firm shows an affinity for technology, then the employee
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will utilize the available technology for the betterment of the firm (i.e., learning). Thus,

the following hypothesis is proposed:

H3: Perceived corporate affinity for technology is positively related to

employee use of self-directed learning projects.

These hypotheses can be seen graphically in Figure 4.

Salesperson + (H1) Use of Self-Directed
Affinity for X »| Learning Projects
Technology
(H2)

Perceived +(H3)

Corporate Affinity

for Technology

Figure 4. Empirical Model
Method

Sample. In order to test this model a sample of 199 boundary spanning employees
was collected. These participants were drawn from a census of customer contact
employees in 30 branches in three regions of a large bank that operates in the
Southeastern and Eastern United States. These regions were selected because they
include both urban and rural branches that are representative of the overall employee base
of the bank according to one Area Vice President. The bank has over $170 billion in
assets and was selected as the financial services industry represents a prototypical service

industry that relies on the selling skills of its boundary spanning employees and has been
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used in many other studies related to services (e.g., the SERVQUAL scale by
Parasuraman, Zeithaml, and Berry, 1988). The surveys and cover letters were distributed
to the employees by a researcher. The researcher waited until the surveys were completed
and collected them from the employees. The response rate for most branches was 100%
and the most employees missing from a single branch was one which occurred in five
cases. This minimizes concerns about non-response bias. A demographic breakdown of
the respondents can be seen in Table 8.

Table 8. Demographics

Age (n=193) Firm Tenure (n = 196)

Mean 39.68 Less than 1 year 5.60%

Median 40 1-3 Years 32.10%

Mode 35 4-6 years 20.40%

7-9 years 10.20%

Gender (n =199) 10-12 years 9.70%

Male 12.10% 13 or more years 22.00%
Female 87.90%

Industry Tenure (n = 196)

Position (n = 199) Less than 1 year 3.60%

Branch Manager 15.10% 1-5 years 31.60%

Assistant Manager 9.00% 6-10 years 18.90%

Teller 39.70% 11-15 years 10.70%

Financial Service Rep 32.20% 16-20 years 10.70%

Investment Advisor 2.50% More than 20 Years 24.50%
Other 1.50%

Measures. Service personnel affinity for technology was measured on a ten-item
scale developed by Edison and Geissler (2003). Each item rated on a six-point Likert
scale (‘1’=strongly disagree and ‘7’ = strongly agree) and had a Cronbach’s alpha of .937
in this study. Service personnel perception of corporate affinity for technology was
measured on an eight-item scale developed by Fleming and Artis (forthcoming). Each

item was rated on a six-point Likert scale (‘1’=strongly disagree and ‘7’ = strongly agree)
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and the Cronbach’s alpha for the scale was .942. The use of induced, synergistic,
voluntary and scanning self-directed learning projects were measured by providing the
definition and example of each and asking the employee how many of these projects
she/he has engaged in over the past six months. Additionally, a measure of fashion
consciousness based on the work of Lumpkin and Darden (1982) was included in the
survey to enable a test for common method bias. This scales was also measured on a Six-
point Likert scale (‘1’=strongly disagree and ‘7’ = strongly agree) and its Crobach’s

alpha was .781 in this study. These items can be seen in Appendix 2.

Analysis/Findings

Confirmatory factor analysis. The first step in the analysis process was to
subject the responses to the personal affinity for technology and perceived corporate
affinity for technology scales to a confirmatory factor analysis (CFA). This was
necessary as the personal affinity for technology scale by Edison and Geissler (2003) was
tested in a different industry on customers/consumers, and the Fleming and Artis
(forthcoming) perceived corporate affinity for technology scale has only been tested via
confirmatory analysis in one study. The purpose of the CFA was to determine if the same
factor structure held for this different population (i.e., service industry employees) in the
case of the personal affinity for technology (PCAFT) scale and to provide an additional
test of the factor structure in the case of the perceived corporate affinity for technology
(AFT) scale. Because the measures are all single-source, self-reports, it was also
necessary to test for common method bias. This was done in two ways. The first was to
use Harman’s single factor-test, which indicates common method variance if a single
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factor is found in an unrotated solution or if a first factor explains a majority of the
variance in all the measured variables (Podsakoff and Organ, 1986). The second method
was to take a measure of a completely unrelated construct (e.g., fashion consciousness)
and examine its correlation with the constructs of interest. A significant correlation with
this marker-variable purports reveal the presence of common methods bias according to
Lindell and Whitney (2001).

As can be seen in Table 9, the confirmatory factor analysis shows moderate fit
based on the root mean square error of approximate RMSEA of .076, Tucker-Lewis
index (TLI) of .924, comparative fit index (CFI) of .932 and estimated cross-validation
index (ECVI) of 2.478. The other fit indices infer that the model is not the optimal way to
model the data, but a comparison of the proposed factor structure with the saturate,
independence and single construct baseline models shows that it does a much better job
of explaining the data than the independence (minimalist) model and the single construct
model while being much more logical and parsimonious than the saturated model. Given
all of the information, it appears that the proposed factor structure does a reasonably good
job of explaining the data. One reason for the lack of a better fit from the proposed factor
structure may stem from the fact that the observed variables are not normally distributed
(in fact most show a significant negative skewedness) and this deviation from normality
adversely impacts the maximum likelihood estimation technique used to fit this model.

An examination of the factor loading further supports the use of the proposed
factor structure as all indicators loaded significantly on the expected latent construct.
Furthermore, a review of the modification indices does not show that that any of the
indicators cross-load onto any of the other latent constructs, which give further support to
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the factor structure. Looking at the inter-factor correlations, however, does raise some
concerns. The significant correlations between PCAFT and fashion conscientiousness
(FC), and AFT and FC raise the possibility of some kind of measurement artifact that is
clouding the results of the factor analysis. A closer look does mitigate the concern about
the PCAFT/FC link as the magnitude is small and the significant result is mostly due to
the large sample size. On the other hand, the AFT/FC relationship does cause concern
because of its magnitude. The reason for this relationship is not clear as it could be the
result of common method bias, some other measurement artifact like a response set, or an

unidentified third variable.

Table 9. Confirmatory Factor Analysis Results

Confirmatory Factor Analysis
Indicator | Lambda | Theta | Sig. | Stdzd Weight
Latent Construct: Affinity for Technology
AFT1 1.000 N/A N/A 0.683
AFT?2 0.697 0.080 <.001 0.658
AFT3 1.232 0.126 <.001 0.734
AFT4 1.241 0.116 <.001 0.820
AFT5 1.216 0.110 <.001 0.847
AFT6 0.986 0.120 <.001 0.615
AFT7 1.351 0.114 <.001 0.914
AFTS8 1.240 0.106 <.001 0.901
AFT9 1.259 0.122 <.001 0.783
AFT10 1.238 0.122 <.001 0.771
Latent Construct: Perceived Corporate Affinity for Technology
PCAFT1 1.000 N/A N/A 0.627
PCAFT2 1.647 0.170 <.001 0.841
PCAFT3 1.510 0.154 <.001 0.837
PCAFT4 1.654 0.156 <.001 0.933
PCAFTS 1.664 0.156 <.001 0.947
PCAFT6 1.651 0.172 <.001 0.810
PCAFT7 1.909 0.202 <.001 0.794
PCAFT8 1.527 0.162 <.001 0.795
Latent Construct: Fashion Conscientiousness
FC1 1.000 N/A N/A 0.694
FC2 0.845 0.103 | <.001 0.714
FC3 1.075 0.130 | <.001 0.820
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Confirmatory Factor Analysis

Inter-factor Covariances and Correlations

Latent Constructs Covariance Stnd. Error Sig. Correlation
AFT -> PCAFT -0.007 0.039 0.851 -0.014
AFT ->FC 0.277 0.085 0.001 0.292
PCAFT -> FC 0.099 0.055 0.075 0.149
Model Fit
Fit Statistic Proposed Saturated Independence | Single Const.
RMSEA 0.076 N/A 0.276 0.216
Low 90% CI 0.066 N/A 0.268 0.207
High 90% CI 0.087 N/A 0.285 0.224
PCLOSE 0.000 N/A 0.000 0.000
RMR 0.106 0.000 0.589 0.356
GFI 0.843 1.000 0.242 0.400
AGFI 0.805 N/A 0.166 0.266
PGFI 0.679 N/A 0.220 0.327
NFI 0.882 1.000 0.000 0.430
PNFI 0.781 0.000 0.000 0.387
RFI 0.866 N/A 0.000 0.367
IFI 0.933 1.000 0.000 0.455
TLI 0.924 N/A 0.000 0.391
CFlI 0.932 1.000 0.000 0.452
PCFI 0.826 0.000 0.000 0.407
ECVI 2.478 2.333 16.380 10.173

Structural equation models. The second step in the analysis process was to fit a

series of full structural equation models to test the hypotheses. These models include both

the measurement model and the structural paths were conducted in two parts. The first

model was a test of the direct effect of both perceived corporate affinity for technology
and personal affinity for technology on the use of the four types of self-directed learning

projects (SDLPs) and the second was a test of the moderating effect of personal affinity

for technology on the relationship between perceived corporate affinity for technology

and the use of the various types of SDLPs. It is important to note that all exogenous

variables were mean centered in order to reduce multicolinearity when the interaction is
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included in the model (Ping, 1996). The moderating effect was estimated using the
method described by Ping (1996) for dealing with continuous variable interactions in
structural equation modeling where the respondents’ mean centered scale scores for AFT
and PCAFT are multiplied and entered it into the model as a single indicator latent
construct with a fixed factor loading and error variance based on the loadings and
variances of the non-interaction model.

The results of the structural equation modeling can be seen in Table 10. An
examination of the model fit statistics for each type of self-directed learning project show
that either the interaction model or the non-interaction model is preferable to the baseline
comparison models which indicates that in all cases some structure is preferable to no
structure or a saturated model. The question then becomes which model best fits each
type of SDLP. For induced SDLPs the preferred model is equivocal as both sets of fit
statistics are nearly identical. Due to the fact that they are nested, an examination of the
change in RMSEA suggests that the interaction model is slightly preferable. In the case
of synergistic projects the higher NFI, CFI and significantly lower ECVI suggests that the
non-interaction model is a better fit for this data. For voluntary projects, again the higher
NFI, CFI and significantly lower ECVI suggest that the non interaction best fits the data.
For scanning SDLPs, the reduction in RMSEA combined with the closeness of the other
fit indices (except ECVI) suggests that the interaction model is a better fit.

An examination of the structural path coefficients of both the non-interaction and
interaction models support the selections made above. In the case of induced SDLPs, the
main effects of AFT and PCAFT on project use are not significant in either model while
the interaction term is which only supports Hypothesis 2. For synergistic projects, the
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main effects of AFT and PCAFT on project use were significant in both models, but the

interaction term was not significant, which supports hypotheses 1 and 3. In the case of

voluntary SDLPs, only the main effect of AFT on project use was significant and it was

significant in both models, which supports hypothsis1 only. For scanning projects, the

main effect of AFT was significant in both models while PCAFT was not while the

interaction term was significant as well, which supports hypotheses 1 and 2. These

findings are further investigated below.

Table 10. Structural Equation Model Results

Model Fit: Induced SDLP's

Fit Satistic Non-Interaction Interaction Saturated Independence

RMSEA 0.079 0.076 N/A 0.281

90% CI Low 0.068 0.065 N/A 0.273

90% CI High 0.091 0.087 N/A 0.290
RMR 0.107 0.109 0.000 0.595
GFI 0.853 0.852 1.000 0.245
AGFI 0.815 0.816 N/A 0.165
PGFI 0.678 0.685 N/A 0.221
NFI 0.893 0.885 1.000 0.000
PNFI 0.788 0.788 0.000 0.000
RFI 0.878 0.871 N/A 0.000
IFI 0.938 0.935 1.000 0.000
TLI 0.929 0.927 N/A 0.000
CFI 0.937 0.935 1.000 0.000
PCFI 0.828 0.832 0.000 0.000
ECVI 2.095 2.246 2.121 16.191
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Model Fit: Synergistic SDLP's

Fit Satistic Non-Interaction Interaction Saturated Independence

RMSEA 0.079 0.077 N/A 0.282

90% CI Low 0.068 0.066 N/A 0.273

90% CI High 0.091 0.088 N/A 0.290
RMR 0.133 0.132 0.000 0.625
GFI 0.851 0.850 1.000 0.244
AGFI 0.812 0.813 N/A 0.164
PGFI 0.676 0.684 N/A 0.220
NFI 0.892 0.884 1.000 0.000
PNFI 0.788 0.787 0.000 0.000
RFI 0.878 0.870 N/A 0.000
IFI 0.937 0.934 1.000 0.000
TLI 0.928 0.926 N/A 0.000
CFlI 0.937 0.934 1.000 0.000
PCFI 0.827 0.831 0.000 0.000
ECVI 2.111 2.265 2.121 16.224

Model Fit: Voluntary SDLP's
Fit Satistic Non-Interaction Interaction Saturated Independence

RMSEA 0.079 0.076 N/A 0.281

90% CI Low 0.068 0.066 N/A 0.273

90% CI High 0.090 0.087 N/A 0.290
RMR 0.111 0.111 0.000 0.602
GFI 0.852 0.851 1.000 0.244
AGFI 0.814 0.815 N/A 0.165
PGFI 0.677 0.685 N/A 0.221
NFI 0.892 0.885 1.000 0.000
PNFI 0.788 0.787 0.000 0.000
RFI 0.878 0.871 N/A 0.000
IFI 0.937 0.935 1.000 0.000
TLI 0.929 0.926 N/A 0.000
CFlI 0.937 0.934 1.000 0.000
PCFI 0.827 0.831 0.000 0.000
ECVI 2.101 2.256 2.121 16.192
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Model Fit: Scanning SDLP's

Fit Satistic Non-Interaction Interaction Saturated Independence

RMSEA 0.078 0.075 N/A 0.281

90% CI Low 0.067 0.065 N/A 0.273

90% CI High 0.089 0.086 N/A 0.290

RMR 0.116 0.117 0.000 0.635

GFI 0.854 0.853 1.000 0.243

AGFI 0.816 0.817 N/A 0.163

PGFI 0.679 0.686 N/A 0.220

NFI 0.894 0.887 1.000 0.000

PNFI 0.789 0.789 0.000 0.000

RFI 0.880 0.873 N/A 0.000

IFI 0.939 0.937 1.000 0.000

TLI 0.930 0.928 N/A 0.000

CFlI 0.939 0.936 1.000 0.000

PCFI 0.829 0.833 0.000 0.000

ECVI 2.078 2.228 2.121 16.210

Non-Interaction Model Structural Paths
SDLP: Induced Synergistic Voluntary Scanning
Path Weight| Sig. |Weight| Sig. | Weight| Sig. |Weight| Sig.
PCAFT -> SDLP Use 047 |0.241| 134 |0.015| 0.09 |0.825| -0.63 | 0.211
AFT -> SDLP Use 0.38 |0.173| 0.82 | 0.033| 0.66 |0.016| 1.16 | 0.001
Interaction Model Structural Paths
SDLP: Induced Synergistic Voluntary Scanning

Path Weight | Sig. |Weight| Sig. | Weight| Sig. |Weight| Sig.
PCAFT -> SDLP Use 053 |0.184| 135 |0.015]| 0.09 |0.810| -0.55 | 0.253
AFT -> SDLP Use 0.45 |0.105| 0.83 | 0.032| 0.67 |0.015| 1.23 | 0.000
PCAFTXAFT ->SDLP Use | -0.91 | 0.032 | -0.09 | 0.884 | -0.12 | 0.774 | -0.92 | 0.085

Nested regression models. To further clarify and verify the results of the SEM

models, the mean centered predictor variables were entered into a stepwise regression

with each of the types of SDLPs as the dependent variable. This was done to allow for a

clearer picture of which of the hypotheses were supported and how the addition of paths

impacted both model fit and the explanatory power of the model. In the stepwise entry,

first the strength of the AFT to SDLP relationship was tested, then the PCAFT to SDLP
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path was added, and finally, the interaction term was added. Each step produced a nested
F-value (how the path impacts model fit) and a change in adjusted r-square (how the path
impacts the explanatory power of the model).

The results of the nested models for each of the types of SDLPs can be seen in
Table 11. These results lend credence to the findings of the SEM models when it comes
to the hypotheses they support. In the case of Induced SDLPs, the main effects of both
PCAFT and AFT do not significantly influence an employee’s use of them, but the
interaction of the two variables does significantly influence the use of this type of project.
Additionally, the inclusion of the interaction term creates a significant increase in model
fit (F = 4.327, p = .038) as well as a sizable jump of 1.4% in the explanatory power if the
model.

For synergistic projects both PCAFT and AFT directly influence the employee’s
use of this type of project, but there is no interactive effect. The inclusion of the AFT and
PCAFT main effect paths significantly contribute to both model fit (F =2.919 and F =
5.999 respectively) and in the explanatory power of the model (see Table 11), while the
inclusion of the interaction term does not help model fit and actually hurts the
explanatory power of the model.

The results for voluntary SDLPs show that only the main effect of AFT on the use
of this type of SDLP is significant (F = 5.731) , while the inclusion of the other two paths
do not improve model fit and hamper the explanatory power of the model. Finally, the
results for scanning SDLPs show that both the main effect of AFT does influence the use
of this type of SDLP while PCAFT does not directly impact its use (F = 10.543 and 1.338
respectively) and the main effect does significantly increase model fit and explanatory
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power. Additionally, the interaction of AFT and PCAFT has an impact on the use of
scanning SDLPs and improves model model fit at the .10 level and enhances the model’s
explanatory power by 0.8%. A discussion of the meanings and implications of these

results is discussed below.
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Table 11. Nested Regression Results

SDLP: Induced Model 1 Model 2 Model 3
Path Beta Sig Beta Sig Beta Sig
AFT -> SDLP Use 0.086 0.227 0.089 0.212 0.106 0.137
PCAFT -> SDLP Use N/A N/A 0.084 0.24 0.094 0.185
PCAFTXAFT -> SDLP Use N/A N/A N/A N/A -0.148 0.038
Model F-value 1.468 0.227 1.429 0.242 2.426 0.067
Nested F value N/A N/A 1.378 0.24 4.372 0.038
Adjusted R-square 0.002 0.004 0.021
SDLP: Synergistic Model 1 Model 2 Model 3
Path Beta Sig Beta Sig Beta Sig
AFT -> SDLP Use 0.121 0.089 0.127 0.072 0.127 0.072
PCAFT -> SDLP Use N/A N/A 0.171 0.015 0.172 0.015
PCAFTXAFT -> SDLP Use N/A N/A N/A N/A -0.007 0.924
Model F-value 2.919 0.089 4.496 0.012 2.985 0.032
Nested F value N/A N/A 5.999 0.015 0.009 0.924
Adjusted R-square 0.01 0.034 0.029
SDLP: Voluntary Model 1 Model 2 Model 3
Path Beta Sig Beta Sig Beta Sig
AFT -> SDLP Use 0.168 0.018 0.168 0.018 0.17 0.018
PCAFT -> SDLP Use N/A N/A 0.003 0.967 0.004 0.953
PCAFTXAFT -> SDLP Use N/A N/A N/A N/A -0.018 0.796
Model F-value 5.731 0.018 2.852 0.06 1.915 0.128
Nested F value N/A N/A 0.002 0.967 0.067 0.796
Adjusted R-square 0.023 0.018 0.014
SDLP: Scanning Model 1 Model 2 Model 3
Path Beta Sig Beta Sig Beta Sig
AFT -> SDLP Use 0.225 0.001 0.223 0.002 0.236 0.001
PCAFT -> SDLP Use N/A N/A -0.08 0.249 -0.072 0.298
PCAFTXAFT -> SDLP Use N/A N/A N/A N/A -0.117 0.093
Model F-value 10.543 0.001 5.949 0.003 4.95 0.002
Nested F value N/A N/A 1.338 0.249 2.841 0.093
Adjusted R-square 0.046 0.048 0.056
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Discussion

The results of the SEM and Nested regression models present some interesting
findings. The findings for induced self-directed learning projects indicate that while an
individual’s affinity for technology and perception of the firm’s affinity for technology
do not directly impact the frequency of his/her use of this type of SDLP, the interaction
between the two does influence the use of these SDLPs. This finding is supportive of
Hypothesis 2 but does not support Hypotheses 1 and 3. The results are not surprising in
light of conversations with the employees who noted that most of the induced projects
they engage in can be taken online. The use of this type of delivery format would be
influenced by the combination of AFT and PCAFT, but not by either one separately
because it takes the both an individual who has an affinity for technology to be willing to
use it, but also that individual has to feel that the firm also has an affinity for technology
before they will put forth the effort to use it.

When it comes to synergistic SDLPs, Hypotheses 1 and 3 were supported. This
can be interpreted that both AFT and PCAFT do influence the extent to which an
employee will use this type of SDLP, but that they operate independently of each other.
This makes sense based on the nature of synergistic projects that are taken on by choice
which explains the effect of affinity for technology because the employee has to be
willing to utilize the information in the format in which it is provided (usually based on
some type of technological platform). This type of project also relies on the availability
of firm resources which explains the effect of perceived corporate affinity for technology

on the frequency of its use, specifically based social exchange theory basis of this
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hypothesis that states that if the firm provides a resource for employees, then they will
reciprocate by utilizing that resource for the betterment of the firm.

The results related to voluntary SDLPs and the fact that only Hypothesis 1 is
supported are not surprising when one considers the nature of voluntary projects. These
projects are self-created and monitored and rely heavily on the individual with minimal
firm involvement. Therefore it makes sense that only affinity for technology influences
the frequency of use of this type of project because these projects also require a great deal
of information literacy to implement which is augmented by the use of technology.
Because the firm is not heavily involved in this type of project and may not even know it
is occurring explains why employee perceptions of corporate affinity for technology does
not directly influence this type of project nor does it interact with personal affinity for
technology.

While scanning SDLPs are similar to voluntary in that they are self-initiated, they
differ in that they are ongoing, and this difference explains why the use of scanning
projects are influenced differently. In this case, like voluntary projects, affinity for
technology positively influences the use of scanning projects because of the information
literacy required to implement them and the assistance technology renders in this process.
The moderating effect of PCAFT also makes sense for this type of project because of
their continuous nature that a perception of an organizational climate that is supportive of
the use of technology would encourage their use while the perception of an unsupportive
climate would reduce the strength of the AFT to SDLP use link. These findings support

Hypotheses 1 and 2.
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The findings also support the typology of Clardy (2000) which, based on the

descriptions of each type of SDLP, suggest that each type of SDLP is unique and

therefore each type should be affected by antecedents differently than the others. These

findings also have important implications for academicians and managers that are

discussed below. The supported hypotheses for each type of SDLP are summarized in

Table 12.

Table 12. Hypothesis Results

Self-Directed Learning Project Type
Hypothesis Induced Synergistic | Voluntary | Scanning
H,: Personal affinity for technology is Not
positively related to employee use of Supported Supported | Supported | Supported
self-directed learning projects. PP
H,: Perceived corporate affinity for
technology will moderate the
relationship between personal affinity su Ngtrted Supported su Ngtrted Su Ngtrted
for technology and employee use of PP PP PP
self-directed learning projects.
Hs: Perceived corporate affinity for
technology is positively related to Not Not
employee use of self-directed learning Supported Supported | Supported Supported
projects.

Contributions

This paper contributes to the sales and services literatures by developing and

testing a model that extends the current thinking on what drives employee use of self-

directed learning projects. The model shows that getting employees to engage in
voluntary and scanning self-directed learning projects is both a selection issue and an
internal marketing issue. On the selection side, this model shows the importance of hiring
and retaining those customer contact employees who have a high affinity for technology
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as they are more likely to engage in the use of self-directed learning projects that benefit
the firm (e.g., voluntary SDLPs) in addition to being more open to the increasingly
important technological advances. On the internal marketing side, this model shows the
importance of communicating the firm’s attitude toward technology to help increase
employee use of certain SDLPs (e.g., induce and scanning SDLPs). Also, this paper
helps to establish the nomological network around the new construct of perceived
corporate affinity for technology. The incorporation of this new construct into the
literature also helps to demonstrate the importance of employee perceptions of corporate
attitudes on behaviors that produce important outcomes for the firm.

From a manager’s perspective this model offers two major contributions. First,
the model shows how both individual and perceptions of firm level affinity for
technology can improve employee profitability by improving their use of certain types of
SDLPs that can result in better knowledge which translates into more sales and better
services. However, it also shows that depending on the type of self-directed learning
projects desired (i.e., voluntary SDLPs), getting employees to do them may be contingent
on proper selection (AFT), while other projects (i.e., induced and scanning SDLPs) may
be contingent on the type of environment fostered by the firm, and still others
(synergistic) may depend on both. Finally, this paper shows how important personal
affinity for technology and perceptions of corporate affinity for technology are in creating
a competitive advantage. The extended knowledge base that employees develop through
the use of voluntary and scanning SDLPs is a competitive advantage that is difficult for
competitors to overcome or replicate because it is based on the employee’s own
understanding of what is needed to be successful.
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Future Research

From the model above, several avenues of future research are available. The first
area of future research is to identify barriers to both salesperson affinity for technology
and their perception of corporate affinity for technology so that ways to overcome them
can be developed. These barriers may be of either a personal or corporate nature, but in
either case, according to the proposed model, they impede the ability of the salesperson to
fully leverage the benefits of the technology available for either direct selling tasks or
learning. Another area for future research is to test the propositions in this model in
conjunction with the model proposed by Artis and Harris (2007) in order to determine the
incremental contributions of each of the determinants of salesperson use of self-directed
learning projects. This is a necessary area of study as it provides academic and
practitioners with an understanding of the key areas to address in order to better allocate

their efforts.
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Appendix 2: Survey Items
Affinity for Technology (Edison and Geissler, 2003)
Please rate your agreement with how well the following statements describe you (‘1’
= Strongly Disagree, ‘7’ = Strongly Agree).

[

. I enjoy learning new computer programs and hearing about new technologies.

. If I am given an assignment that requires that | learn to use a new program or how to
use a machine, I usually succeed.

. Solving technological problems seems like a fun challenge.

. Technology is my friend.

. | find most technology easy to learn.

. People expect me to know about technology and I don’t want to let them down.

. | relate well to technology and machines.

. I am comfortable learning new technology.

. I know how to deal with technological malfunctions or problems.

. | feel as up-to-date on technology as my peers.

N

O OWoo~NO Ol ~W

Perceived Corporate Affinity for Technology (Pretest)
Please rate your agreement with the following statements about your company (‘1°
= Strongly Disagree, ‘7’ = Strongly Agree).

. My company views technology as a friend.

. My company offers the latest technologies.

. I expect my company to know about technology and they usually don’t let me down.

. My company seems comfortable implementing new technology.

. My company relates well to technology.

. My company knows how to deal with technological problems.

. | feel my company is as up-to-date on technology as its competitors.

. My company shows its relationship with technology by offering secure technology-
based services.

O~NO OIS WN -

Induced Self-Directed Learning Projects
In the past six months, how many training programs have you attended that were required
either by your company or a regulatory agency that lasted at least seven hours (not
necessarily consecutively)? For example mandatory training on new service offerings or
government mandated continuing education about banking regulations.

Synergistic Self-Directed Learning Projects
In the past six months, how many times have you used company provided resources for a
minimum of seven hours (not necessarily consecutively) to learn about a job related
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topic? For example, used the company’s available online training software or corporate
library to learn about a specific topic.

Voluntary Self-Directed Learning Projects
In the past six months, how many times have you identified a job related topic you
needed to know more about and spent at least seven hours (not necessarily consecutively)
learning about that topic? For example, if you decided you needed to know more about
the tax benefits of IRA’s and researched it on your own for seven or more hours, then that
would be one instance.

Scanning Self-Directed Learning Project
Sometimes it is necessary to engage in ongoing learning to become a better service
provider. For instance you may feel that you have to constantly monitor competitors’
offers in order to be able to effectively assist clients, or you may determine that you need
to monitor discussions at the federal level regarding you business to better inform
customers of their best options. How many of these types of continuous learning projects
have you engaged in over the past six months?

Fashion Conscientiousness (Lumpkin and Darden, 1982)
Please rate your agreement with how well the following statements describe you (‘1°
= Strongly Disagree, ‘7> = Strongly Agree).

When | must choose between the two, | usually dress for fashion, not for comfort.
An important part of my life and activities is dressing smartly.
A person should try to dress in style.

Demographics

How long have you How long have you What is your current
worked in the worked at Bank X? position at Bank X?
banking industry? Less than 1 year Branch Manager
Less than 1 year 1-3 Years Assistant Manager
1-5 years 4-6 years Teller
6-10 years 7-9 years Financial Service Rep
11-15 years 10-12 years Investment Advisor
16-20 years 13 or more years
More than 20 years What is your age?
What is your gender? Under 20

Branch 20-29

30-39

40-49

50-59

60 or older
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Developing the Nomological Network of Perceived Corporate Affinity For
Technology:
Study 3 — The Effect of Customer Perceptions on Service Outcomes

The challenge facing service firms in as they shift towards a higher reliance on
technology has moved from getting customers to utilize the technology to getting
customers to see the firm as able to provide these technology-based offerings. Customer
perceptions of the firm serve as the basis for several significant streams of literature in
the marketing domain. For instance, it has been well established that consumers select
firms that they perceive as having personality traits in common with themselves (Sirgy
and Samli, 1985). However, no one has examined whether customer perceptions of firm
attitudes toward particular objects or ideas produce similar effects, or if these perceptions
are relevant to key outcomes for both customers and firms. This paper examines these
issues from the perspectives of signaling theory, congruity theory and service
performance literature to develop and test a model of the relationships between customer
perceptions of corporate affinity for technology on perceptions of service performance

and key service outcomes.

Introduction

The use of technology in the service sector continues to rise because of the
benefits it offers to both the firm and its customers. From the firm’s perspective
technologies, especially self-service ones, are an opportunity to reduce overhead
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expenses and standardize service experiences. From a customer perspective, these same
technologies provide the benefits of more convenience and a more consistent service
delivery. Honebein and Cammarano (2006) note that these technologies allow customers
to become “co-Creators” of value with the firm.

Traditionally, the obstacle to this mutually beneficial relationship has been
viewed as an issue of customer willingness to use the available technologies
(Parasuraman, 2000), but a recent article by Woodall, Colby, and Parasuraman (2007)
notes that service customers are technologically savvy and predict that the services
domain will experience a significant shift as customers demand more technology-based
aspects of the service experience into what they term “e-services”. Now the challenge
facing firms is finding ways to show customers that the firm is capable of effectively,
efficiently and securely delivering on this new generation of services. There have been
several studies on the inherent properties of the technology itself that make it more likely
to be adopted or used by individuals (Curran and Meuter, 2005) and studies on what
individual level factors influence adoption decisions (Parasuraman, 2000), but no studies
have been published as yet examined the role that the attitude the company projects about
its feeling toward technology influences customer perceptions of the service outcomes.

The purpose of this paper is to investigate the how customer perceptions of firm
attitudes can influence their evaluation of the service experience and ratings of service
outcomes including how well the service met their expectations, their overall satisfaction
with the firm and whether or not they are willing to recommend the firm to others.
Specifically, this paper will examine the impact of customer perceptions of firm affinity
for technology on theses key service outcomes as well how this relationship is moderated
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by customer personal affinity for technology. This paper begins with a review of the
pertinent literature, which is then used to develop a model of customer perceptions of
firm affinity for technology and how these perceptions influence key customer outcomes

of service encounters.

Literature Review

Personification of firms. The consumer behavior literature frequently contains
research based on the notion that customers project human characteristics onto innate
objects, and many of these articles utilize measures of human traits to evaluate firms or
brands. Granted, it is impossible for an inanimate object such as a company to actually
possess traits or attitudes; however, evidence suggests that people do tend to assign
human traits to firms through a process of anthropomorphism (Brown, 1991). Brown
(1991) also states that giving human characteristics to inanimate objects seems to be a
universal occurrence and that the personification of firms allows people to better express
their evaluative judgments. McGill (2000) notes that people place brands in to natural
categories just like they do other people and animals. According to d’ Astous and
Levesque (2003) “...understanding how consumers perceive products, brands, stores and
other commercial objects in terms of human attributes is likely to be useful for the
elaboration and implementation of marketing actions.”

One of the most common examples of applying the anthropomorphism of firms to
marketing research is the Brand Personality scale developed by Aaker (1997) to assess of
consumer perceptions of the “set of human characteristics associated with a brand” (p.
347). This scale has prompted much research on the influence brand personality exerts on
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consumer behavior. d’Astous and Levesque (2003) extended the brand personality
concept by developing a measure of personality for stores. To date, most studies of this
type only assume that customers project human traits onto firms, but none examine
whether attitudes towards other objects or ideas are also attributed to companies. This is
important as customers develop commitments to causes (e.g., a healthy environment) and
objects (i.e., technology) and these customer attitudes influence company communication
efforts and actions. For instance, the increase in consumer concerns about the
environment influenced Wal-Mart to spend $500 million on “green” initiatives to project
the image that the company is concern about the issue as well (Gunther. 2006).
Individual perceptions of technology. In the study of the impact of technology
on customers, there has been a wide array of measures developed and studies conducted
to determine how individuals interact with technology. Goldman, Platt, and Kaplan
(1973) conducted some of the earliest work in this area with their research on the
dimensions of attitudes toward technology. Their work with students of various academic
majors indicates that most differences between groups, were due to differences in
mechanical curiosity (mechanical competence and a preference for technical rather than
humanistic events), but not the other factors such as alienation (societal unconcern with
the individual), spiritual benefits (consider technology as rapid and dramatic way of
solving problems) or global mechanism (a positive or negative global attitude toward
technology). The key finding here was that the global dimension of attitude toward
mechanization did not differentiate between student groups as would have been expected
a priori, but this finding is not surprising given their use of a student population which
would tend to be more homogeneous than randomly selected samples from the general

105



population. Thus, the notion that groups can be differentiated based on global attitude
toward technology should not be dismissed as the samples used in this study were likely
to be very similar in key factors such as age, life style and education level. If this same
study were conducted on the client base of a firm the results may be drastically different
due to the heterogeneous nature of the population.

The work of Heinssen, Glass, and Knight (1987) on computer anxiety provides
another examination of individual level perceptions of technology. According to their
findings, higher levels of computer anxiety are related to lower levels of computer
experience and lower mechanical interest. This indicates that people who are
uncomfortable with computers are less likely to use computers and are less interested in
learning about new technologies.

Parasuraman (2000) developed the Technology Readiness Index (TRI), a scale
designed to measure the willingness of an individual to adopt new technologies. His four-
facet scale uses a combination of optimism, innovativeness, discomfort and insecurity as
personality traits that predict the readiness of an individual to adopt new technologies.

Curran, Meuter, and Suprenant (2003) determined that customer intentions to use
self-service technologies were influenced by attitudes towards both the interpersonal and
technology aspects of the service experience. In their 2005 work, Curran and Meuter
found that the ease of use, usefulness and risk associated with certain technologies were
significant predictors of attitude toward self-service technologies, and attitude then
predicted intentions to use the technologies. Curran and Meuter (2007) found that
customers were more influenced by fun than by utility in deciding to adopt self-service
technologies.
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Edison and Geissler (2003) developed a construct of affinity for technology,
which they define as “positive affect toward technology (in general)” (p. 140). They draw
on the aforementioned work of Goldman and Kaplan (1973), Heinssen, Glass, and Knight
(1987), and Parasuraman (2000) as well as studies by Simpson and Troost (1982) on the
antecedents of learning science and Brosnan (1998) on computer anxiety and personality
traits. Their study is concerned with the attitude people hold toward technology. They
found several antecedents of affinity for technology including optimism, need for
cognition, self-efficacy, age, and gender. In the only other published study to utilize this
scale, Geissler and Edison (2005) found that affinity for technology was positively
related to market mavenism. Additionally, this study repeated both the exploratory factor
analytic and confirmatory factor analytic techniques used in their first study with similar
results, which indicates that the factor structure of this construct holds up over different
samples. The Cronbach’s alpha for this study was .88 which is very close to the .89 they

found in the original scale development study.

While the previously identified scales may possess many similarities, the Edison
and Geissler (2003) scale differs from the other scales in two distinct ways. First their
scale is concerned with the affect people feel toward technology while the Parasuraman
(2000) TRI scale focuses people’s readiness to adopt the technology. While this
distinction may seem small it is important as many times consumers do not necessarily
adopt of their own volition but rather are forced to adopt by changes in corporate
business models that mandate the use of self-service technologies. For instance, in the mid-
1990’s, the customers of the Chicago branches of Bank One were forced to choose between

adopting automatic teller machines (ATMs) or paying a $3 per transaction fee to conduct
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business via a teller. The second important distinction is that their scale explicitly looks at
general technology while the other scales measuring affect/attitude towards technology
have been focused on technology that consists primarily of computers and the internet
(exception being Goldman, Platt, and Kaplan, 1973). This focus on computers and the
Internet as technology reflects a wide spread misconception of what constitutes
technology according to the National Research Council’s Committee on Technological
Literacy (Pearson and Young, 2002). These differences from the other scales related to
personal perceptions of technology make Edison and Geissler’s (2003) scale a more
useful measure for the purpose of this paper.

A proposed extention of the affinity for technology construct is that of customer
and employee perceptions of corporate affinity for technology (Fleming and Artis,
forthcoming). This construct is defined as “the perception individuals have of the affect
held by the firm toward technology in general” (p. 8). This construct places emphasis on
the employee’s or customer’s impression of the firm’s attitude toward technology, which
is very different from how the individual feels about technology which is what is
measured by Edison and Geissler’s (2003) affinity for technology scale. This construct
was developed and validated in pretests utilizing both qualitative and quantitative
methods. They note, based on qualitative findings, that these perceptions of corporate
affinity for technology can be derived from many different points of contact with an
organization such as advertisements, encounters with employees and contact with
managers. Their quantitative exploratory and confirmatory factor analyses found that the
same eight item solution created the best factor structure for both customers and
employees, and a correlational analyses found that from a customer perspective this
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construct is related to both personal affinity for technology (r=.34) and perceptions of
service performance (r=.69).

Self-Congruity. The notion of self-congruity was introduced to the marketing
literature by Sirgy (1980, 1981, 1982a, 1982b) in a series of studies. His work is based on
the psychological view that people possess multiple self-concepts. The key self-concepts
he focuses on are the ideal self, the actual self and the social self. In his work (Sirgy,
1982c), the ideal self is defined as how an individual would like to see himself or herself.
The actual self is defined as how an individual views himself or herself. The social self is
defined as how an individual would like others to see him or her. His work revealed that
consumers were more likely to select products that possessed traits which were consistent
with positive aspects their self-image.

Sirgy’s (1982c) work also showed that this congruity has a strong influence on
purchase motivation. Sirgy and Danes (1982) formalized the mathematical models that
reflect the influence of self-image and product image. The work of Sirgy, Johar, Samli,
and Claiborne (1991) determined that customer evaluations of products are biased by the
extent to which self-related attributes are processed because these perceptions of self-
product congruity influence how incoming information about the environment is
processed. Their explanation of this phenomenon is based on what they term a “self-
serving bias principle.” Additionally, Sirgy and Samli (1985) found that customers are
more likely to purchase products from stores whose image is consistent with their own
self-image. Another example of this extension of the self-congruity research is the work

of Lau and Phau (2007), which examined the importance of brand personality for
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symbolic brands versus functional brands, and found that brand personality congruity is
an important influence on consumer choice in both cases.

Studies by Harris and Fleming (2005) and Ekinci and Riley (2003) have found
that that personality congruency is important in service settings. The Ekini and Riley’s
(2003) study indicate that personality congruence is correlated with service outcomes like
customer satisfaction. Additionally, Harris and Fleming (2005) found that the relationship
between personality congruence and service outcomes is mediated by perceived service
performance. This is in line with the findings of Sirgy, Johar, Samli, and Claiborne (1991)
that self-congruity influences perceptions of service outcomes and the research of
Parasuraman, Zeithaml, and Berry (1994) that states that customer perceptions of service
performance are created during service episodes and occur before service outcomes.

Service experience. In the service literature, there have been many scales
proposed to measure customer service experiences. Perhaps the two best known are the
SERVQUAL scale (Parasuraman, Zeithaml, and Berry, 1985, 1988) and the SERVPERF
scale (Cronin and Taylor, 1992). The two scales seem very similar on a superficial level
because they both contain the same five dimensions of service quality (reliability,
assurance, empathy, tangibles, responsiveness). However, they are vastly different in
terms of what they actually measure and how they measure it. The SERVQUAL scale
(Parasuraman, Zeithaml, and Berry, 1985, 1988) is based on the notion of
disconfirmation of expectations and measures both customer expectations and their
perceptions of the experience. This means that the score for a SERVQUAL measure is a
difference score between what the customer expected and what he or she actually
experienced, thus a high negative score indicates that the experience was much worse
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than expected and a high positive score indicates an experience that was much better than
anticipated.

There have been some criticisms of this scale because of the method it employs.
Peter, Churchill, and Brown (1993) note that the use of difference scores in consumer
research can lead to problems such as reliability problems depending on the reliabilities
of the components and their correlation with one another, discriminant validity problems
due to low reliability creating an illusion of discriminant validity, spurious correlation
problems because of the relationship between the difference scores and their components,
and variance restrictions problems that occur when one component score is consistently
higher than the other. To overcome the issues raised about a difference score measure of
service experience, Cronin and Taylor (1992) developed the SERVPERF scale. It uses
the same facets as the SERVQUAL scale, but being a difference score measure, it is a
direct measure of customer perceptions without the expectations component. The
arguments against this measure include that without a measure of expectations, the scale
is not as diagnostic as it does not indicate where significant gaps exist in service delivery
like the SERVQUAL does (Parasuraman, Zeithaml, and Berry, 1994). A detailed account
of the debate over which scale is more valid is beyond the scope of this article, however,
for a more comprehensive discussion of the arguments for each scale see Carrillat,
Jaramillo, and Mulki (2007) or Burch, Rogers, and Underwood (1995). Because this
paper is interested in how customer perceptions of firm attitudes influence service
delivery perceptions and because its psychometric properties are a better fit to the
proposed analytical methods, the Cronin and Taylor (1992) method is used in this current
study.
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Service outcomes. In the services literature, studies have examined a myriad of
outcomes that result from customer perceptions of their service experience. Among the
most common are disconfirmation of expectations, global satisfaction, and word-of-
mouth intentions. Disconfirmation is defined as the discrepancy between what the
customer expected of the service encounter and what was actually experienced (Day,
1984). The literature has utilized two different ways to measure disconfirmation:
subtractive and subjective. Subtractive disconfirmation is measured similarly
SERVQUAL in that it measures both expectations and actual experience and takes a
difference scores to determine disconfirmation (Tse and Wilton, 1988). This method is
also subject to similar criticisms as SERVQUAL including those of Peters, Churchill, and
Brown (1993). Subjective disconfirmation is a more direct measure where customer are
asked to rate how well the experience matched up with what expected the service
experience to be like (Oliver, 1980). According to Oliver (1980), subjective
disconfirmation includes cognitive processing of the experience and should produce a
more robust predictor of satisfaction than subtractive disconfirmation.

Satisfaction is defined by Oliver (1997) as a reaction to the favorable gratification
of wants or needs. Brown, Berry, Dacin, and Gunst (2005) note that satisfaction can be
with a product, a service, or a retailer and is an important response that occurs after
purchase. This construct has been linked to a myriad of consequences such as customer
retention (Rust and Zahorik, 1993) and loyalty (Heskett, Jones, Loveman, Sasser, and
Schlesinger, 1994). Satisfaction has been measured in a variety of ways. For instance,
Churchill and Suprenant (1982) measured attribute specific satisfaction in terms of both
customers beliefs about their satisfaction with a particular attribute of the product as well
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as their affective reaction to their satisfaction with a particular attribute, and they
measured satisfaction with a global item that reflects an individual’s overall evaluation of
a product. This global measure has been previously used in services research because of
the variable nature of service experience (Harris and Fleming, 2005).

Word-of-mouth intention is another of the consequences of customer satisfaction
that has been studied (Heckman and Guskey, 1998, Swan and Oliver, 1989). Brown,
Barry, Dacin and Gunst (2005) defined word-of-mouth intentions as the spread of
information about a product, service, or firm, from consumer to consumer. This outcome,
sometimes termed “viral” or “buzz” marketing, is valued by firm as because it does
influence customer decisions (Sheth, 1971) possibly because the source is seen as more

believable than a persuasive message from the firm (Murray, 1991).

Model Development

The relationship between customer perceptions of firm affinity for technology and
customer perceptions of service quality is based on the conceptual work of Honebein and
Cammarano (2006). According to their article, technology is more than a way for firms to
reduce overhead costs related to service provision, and should be used as a way to “co-
create” value with the customer. The “co-creation” of value and increased
convenience/control provided to the customer should result in increased perceptions of
service performance.

Additionally, customer perceptions of firm affinity for technology should
influence service performance perceptions through it role as a signal to customers.
Signaling theory is based in the economic study of asymmetric information conditions
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between buyers and sellers (Spence, 1974). It is based on the notion that sellers know
their true product quality prior to the sale, buyers do not; especially if these products
contain experience properties (such as services), which can only be evaluated during
consumption (Nelson, 1970). One way firms can over come this information gap is to
send signals about their quality. A variety of signals have been tested such as price
(Milgrom and Roberts, 1986), advertising (Ippolito, 1990), and warranties (Boulding and
Kirmani, 1993). Boulding and Kirmani (1993) also found that the type of signals
interpreted by potential consumers influenced perceived quality ratings even without
actually experiencing the product.

From signaling theory it is possible to see the efforts of managers of firms to
project an attitude of the firm toward technology as a way of signaling to customers that
the firm is committed to providing the best service possible. According to Woodall,
Colby, and Parasuraman (2007) the model of service delivery is being altered as
technology allows for more mobility, portability, personalization and collaboration in
services along with shifts in demographics and lifestyles, and they note that firms must
adapt to these changes and be able to deliver this new “e-service” model to customers.
Customer perceptions of corporate affinity for technology should serve as a signal that
the firm can provide this new generation of services. Therefore, customer perceptions of
firm affinity for technology should influence customer ratings of service performance due

to the experiential nature of services. From this, following hypothesis is proposed:

H1: Customer Perceived Corporate Affinity for Technology is positively
related to customer rating of service performance.
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However, there is a limiting factor to the positive benefit of customer perceptions of
corporate affinity for technology on customer perceptions of service quality; namely, the
customers own affinity for technology. According to the self-congruity literature cited
above, consumers are more likely to be loyal to a firm that they perceive as having an
image (Sirgy and Samli, 1985) consistent their own and are more likely to report a
positive service experience if they perceive the firm as having personality traits congruent
with their own (Harris and Fleming, 2005). It is also logical to assume that customers are
more likely to more positively view service experiences with firms that they perceive as
holding a compatible attitude toward a particular idea or object. The fact that Wal-Mart’s
management spent of $500 million on “green” initiatives to show customers that they
care about the environment (Gunther, 2006) indicates that major companies also believe
that having attitudes that are congruous with their customers is important to retaining
those customers. Additionally, the “self-serving bias principle” put forth by Sirgy, Johar,
Samli, and Claiborne (1991) states that customer evaluations of products are influenced
by the extent to which customers perceive similarities between the attributes possessed by
the product and themselves and these similarities influences how incoming environmental
information is processed by the customer. From this, the following hypothesis is

proposed:

H2: Customer personal affinity for technology moderates the relationship
between Customer Perceived Corporate Affinity for Technology and

customer ratings of service performance.

115



The relationship between perceptions of service performance and subjective
disconfirmation is an intuitive one based on the idea that the better a consumer perceives
the service performance the higher they will rate the service relative to their expectations.
This link has been shown in the literature as well (i.e., Churchill and Surprenant 1982;
Swan and Trawick 1980). Oliver and Bearden (1985) found in their work on
disconfirmation and satisfaction that the impact of inferred disconfirmation (the
difference between expectations and performance) on satisfaction was partially mediated
by the overall (subjective) measure of disconfirmation, indicating that performance does
impact subjective disconfirmation. Additionally, Harris and Fleming (2005) found that
service performance perceptions mediate the impact of customer-service personality
congruence on service outcomes including subjective disconfirmation. Schneider and
Bowen (1999) also highlight the importance of performance in customer subjective
disconfirmation in their description of the Met-Expectations model of customer
satisfaction by noting that the actual service delivery will determine the extent to which
the customers’ expectations were or were not met. Based on this research and the way the
subjective disconfirmation measure is scored (much worse than expected to much better

than expected), following hypothesis is proposed:

H3: Service performance is positively related to subjective

disconfirmation.

The link between subjective disconfirmation and overall satisfaction is well
established in the literature (Oliver, 1980; Olson and Dover, 1976). Oliver and Swan
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(1989) also show a link between disconfirmation and satisfaction with the facets of a
retail buying experience that also impacts overall satisfaction. According to the Met-
Expectations model described by Schneider and Bowen (1999), customers enter a service
encounter with some form of experienced based expectation, and their satisfaction with
the service experience is determined by the extent to which these expectations are met.
For instance, if the experience is close to what the expected they will fall between
moderately satisfied to moderately dissatisfied; but, if the experience is much better or
worse than expected they will be extremely satisfied of extremely dissatisfied. By
combining these findings and given how the measure of subjective disconfirmation is
scored (much worse than expected to much better than expected), the following

hypothesis is derived:

H4: Subjective disconfirmation is positively related to global satisfaction

with the firm.

The link between satisfaction and word-of-mouth intentions is another that has
been well established in the literature. For instance, Westbrook (1987) found a direct link
between both satisfaction and affect on word of mouth intentions. His findings
corroborate the causal chain proposed by Oliver and Bearden (1985) that states that
disconfirmation leads to satisfaction, satisfaction leads to attitudes, and attitudes lead to
intentions. Schneider and Bowen (1999) also note that extremely satisfied customers,

which they term “delighted,” are much more likely to tell others about the brand or firm
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and become “apostles” than those who are just moderately satisfied. Based on these

findings the following hypothesis is proposed:

H5: Global satisfaction with the firm is positively related to customer

word-of-mouth intentions.

These hypotheses can be seen Figure 5.

SERVPERF Subjective
Perceptions Disconfirmation H4

Figure 5. Conceptual Model

Customer
Perceived
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Methods

Sample. In order to test this model, a sample of 349 customers was collected,; this
number provides ample degrees of freedom based on the number of free parameters to be
estimated. The sampling frame for this study was the customer base of two regions of a
large bank that operates in the Southeastern and Eastern United States. The bank has over
$170 billion in assets and was selected as the financial services industry represents a
prototypical service industry that relies on the selling skills of its customer contact
employees and has been used in many other studies related to services (e.g. the
SERVQUAL scale by Parasuraman, Zeithaml, and Berry, 1988) and sales (George, Kelly,

and Marshall, 1986, Ridnour, Lassk, and Shepherd, 2001). These regions contain 22
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branches that are both urban and rural in nature providing a cross section of the overall
customer-base of the bank’s clientele according to one of Regional Vice Presidents. The
participants were selected using an every kth member selection technique over a three
week period in the summer of 2009. The researcher spent at least 4 hours in each of the
target branches and asked every 3™ person to fill out the survey until the time for that day
was completed. The response rate ranged between 42% and 78% at the branch level and
was 61.5% overall. Such a high response rate minimizes concerns over non-response
bias. However, to be sure, an additional comparison of the demographic characteristics of
the sample to the profile of the area where the sample was collected was done to ensure
that the sample was representative. A demographic profile of the respondents can be seen
in Table 13. It shows that the sample to be a representative cross section of bank
customers that utilize a variety of the available services and transaction media as well as

a being a sampling that reflects the age profile of the branches service area.

Table 13. Demographics

Gender (n = 302) Bank Tenure in Months (n = 206)
Male 52.00% Mean 86.38
Female 48.00% Median 60
Mode 12
Age (n = 299)
Under 20 2.01% Transaction Frequency (n = 218)
20-29 15.05% 3+ Times/week 31.65%
30-39 19.06% 1-2 Times/Week 46.79%
40-49 23.75% 1-2 Times/Month 16.06%
50-59 20.40% 6-10 Times/ Year 2.29%
60-69 12.71% 3-5 Times/Year 0.92%
70-79 6.35% < 2 Times/Year 2.29%
80 and older 0.67%
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Channel Use (n = 208)
Service Type (n = 219) Lobby 95.20%
Personal 64.38% Drive through 51.90%
Commercial 8.20% ATM 47.10%
Investments 0.46% Telephone 15.30%
Combination 26.94% Online 42.20%

Measures. Affinity for Technology was measured via a 10-item 6-point
(‘I’=strongly disagree and ‘6’ = strongly agree) Likert-type scale developed by Edison
and Geissler (2003) and is designed to assess an individual’s affect and attitudes towards
general technology. This scale has been psychometrically validated and shown to have
good convergent and discriminant validity as well as high reliability (Cronbach’s alphas
ranging from .82-.89) (Edison and Geissler, 2003; Geissler and Edison, 2005). In this
study, the Cronbach’s alpha for the Affinity for technology scale was found to be .95.
Customer perceptions of corporate affinity for technology were measured on an 8-item 6-
point Likert scale (‘1’=strongly disagree and ‘6’ = strongly agree) developed and
psychometrically validated by Fleming and Artis (forthcoming) (Cronbach’s alpha = .98);
and in this study, the Cronbach’s alpha for the PCAFT scale was .97.

Service Performance was measured via an adapted a 15-item measure of
SERVPEREF as used by Harris and Fleming (2005) based on the work of Cronin and
Taylor (1992) and Brady, Cronin, and Brand (2002). Each dimension of SERVPERF
(reliability, assurance, tangibles, empathy, and responsiveness) conceptualized by
Parasuraman, Zeithaml, and Berry (1985, 1988) was measured by three items using a 6-
point Likert-type scale. Three-item measures are utilized to shorten the survey and reduce

respondent fatigue. Previous work by Harris and Fleming (2005) indicates that this scale
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demonstrates good psychometric properties (e.g., Cronbach’s alpha =.97), and in this
study the Cronbach’s alpha for the scale was .98.

The key service outcomes were measured by single items adopted or adapted
from Harris and Fleming (2005). The global satisfaction measure read, “Please indicate
your level of satisfaction with BANK X and was measured on a 7-point Likert-type
scale that was anchored by (1) Extremely Dissatisfied and (6) Extremely Satisfied. The
subjective disconfirmation measure asked, “Compared to your overall expectations, how
do you perceive BANK X’s service performance?” and was measured on a 6-point
Likert-type scale anchored by (1) Much worse than expected and (6) Much better than
expected. The word-of-mouth intention measure read, “How likely is it that you would
recommend BANK X to a friend?” and was measured on a 6-point Likert-type scale
anchored by (1) Definitely would not and (6) Definitely would. There has been
considerable debate in the literature about the use of single item indicators, but the
findings of Wanous, Reichers, and Hudy (1997) indicates that they are useful if the
content of the question is unambiguous as would be expected with these types of
questions. Additionally, a 3-item measure of fashion consciousness (Cronbach alpha =
.84) based on the work of Lumpkin and Darden (1982) was included in the survey as a
test for common method bias. All survey items can be seen in Appendix 3.

Analysis. The first step in the analysis process was to subject the responses to all
multi-item scales to a confirmatory factor analysis (CFA). The purpose of the CFA is to
determine if the same factor structure holds up for this different population (i.e., financial
service industry customers) in the case of the personal affinity for technology scale and to
provide a test of measurement problems for the rest of the scales. Because the measures
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are all single-source, self-reports, it was also necessary to test for common method bias.
This was done in two ways. The first is to use Harman’s single factor-test, which
indicates common method variance if a single factor is found in an unrotated solution or
if a first factor explains a majority of the variance in all the measured variables
(Podsakoff and Organ, 1986). The second method is to take a measure of a completely
unrelated construct (e.g., fashion consciousness) and examine its correlation with the
constructs of interest. A significant correlation with this marker-variable reveals the
presence of common methods bias according to Lindell and Whitney (2001).

The second step in the analysis process was to conduct a series of path analyses to
test the hypotheses. The first model tested was a full structural equation model in which
both the measurement model and the structural paths are estimated simultaneously. It is
important to note that all predictor variables were mean centered in order to reduce
multicolinearity when the interaction is included in the model (Ping, 1996). This test was
conducted in two parts. First, a test of the direct effect of both perceived corporate
affinity for technology and personal affinity for technology on customer perceptions of
service performance and the key outcomes was conducted. Second, an interaction model
was used to test of the moderating effect of personal affinity for technology on the
relationship between perceived corporate affinity for technology and customer
perceptions of service performance. The interaction term was created by multiplying a
respondent’s centered scale scores for AFT and PCAFT and entering it in the model as a
single indicator latent construct with a fixed factor loading and error variance based on

the loadings and variances of the non-interaction model. This is the method proscribed by
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Ping (1996) for dealing with continuous variable interactions in structural equation
modeling.

The second model tested was a parceled model in which the respondent’s average
score for each scale is used in the correlation matrix as a single observed variable rather
than estimating the measurement model and the structural paths simultaneously. This
method was used to overcome the measurement issue that arose in the AFT scale as
discussed in the confirmatory factor analysis section below in the full measurement and
structural model. The estimation of this model was conducted in two steps similar to the
full model to allow for the testing of the moderating effects of personal affinity for
technology.

Finally, to assess the increase in predictive validity of including the moderating
effect over and above the inclusion of the direct effects of PCAFT and AFT, a series of
nested regressions were run using the summated scale scores for each respondent as the
predictors variables. In the first block, only the impact of PCAFT on service performance
(SERVPERF) was measured. The second block added the direct influence of AFT of
SERVPERF and the third block showed the interactive effect that would indicate a
moderated relationship. The use of this method allowed for a detailed assessment of the
incremental impact of each variable on the model fit (nested F-test) as well as the

predictive ability of the model (adjusted r-squared value).

Findings
Confirmatory factor analysis. The confirmatory factor analysis supported the
expected factor structure across all multi-item scales. As can be seen in Table 14, the
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loading of each indicator on its respective latent construct was significant at the p <.001
level. An examination of the modification indices of the model also revealed that cross
loading indicators onto other latent constructs would not significantly improve the
measurement model, suggesting that each indicator was only tapping into one of the
latent constructs and providing further support for the proposed factor structure.

The model fit statistics and infer-factor correlations raise some measurement
issues. First off, the model not only fails the chi-square test of perfect fit for the
population (as it commonly does when a study contains a large sample size), but it also
does not meet the test of close fit that tests whether or not the root mean square error of
approximation (RMSEA) is less than .08. The model RMSEA of .097 indicates that the
model has marginal fit at best, and the other fit indices support this as well. The exception
to this marginal fit finding is the Goodness of Fit family of indices (i.e., GFI, AGFI,
PGFI) which indicate that the measurement model has a poor fit. However, to judge the
relative fit of this model a comparison was made using the same variable in different
configurations and examining the fit statistics. As can be seen in Table 14, the fit
statistics of the proposed model are clearly better than the independence and single
construct models, which indicates that this factor structure does a better job of explaining
the data that models where there is no factor structure or that all of indicators are related
to a single latent construct respectively. When compared to the saturated model, the fit
statistics for the model were obviously worse, but when parsimony and theory are taken
into account the proposed model becomes clearly better than a model in which every
possible path is linking all observed and latent variable is suggested. An additional
explanation for the poor model fit comes from the fact that the distribution of responses
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to each of the indicator variables was non-normal. In almost every case the observed
variables were negatively skewed, and even slight deviations from normality can have
sever adverse effects on the results of the maximum likelihood estimation techniques
used to fit this and the other SEM models in this paper.

The inter-factor correlations raise the issue of some kind of measurement artifact
as a potential confounding factor in the measurement model and the poor overall fit
results. While the expected inter-factor correlations between the constructs of interest
(AFT, PCAFT and Service Performance) were in the directions and magnitudes expected
(see Table 14), the correlations between the marker variable of Fashion
Conscientiousness and the constructs of interest were significant as well. In the cases of
PCAFT and Service Performance (SERVPERF), the correlations are not a major
indicator of a measurement issue as the magnitudes are low and the significance is the
result of the large sample size. The correlation between AFT and Fashion
Conscientiousness is a cause for concern as the magnitude of this correlation between
two variables that should not be related is higher than the correlation between AFT and
Service Performance that are expected to be indirectly related and should show some
correlation. This indicates that there may be an issue with common method bias or other
measurement artifacts (i.e., response sets) affecting the measurement of affinity for

technology.
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Table 14. Confirmatory Factor Analysis Results

Confirmatory Factor Analysis

Indicator | Lambda |  Theta | Sig. | Stdzd Weight
Latent Construct: Affinity for Technology
AFT1 1.000 NA NA 0.719
AFT?2 0.856 0.064 p <.001 0.715
AFT3 1.085 0.075 p <.001 0.780
AFT4 1.142 0.071 p <.001 0.862
AFT5 1.168 0.069 p <.001 0.899
AFT6 0.883 0.071 p <.001 0.672
AFT7 1.200 0.069 p <.001 0.924
AFTS8 1.180 0.070 p <.001 0.897
AFT9 1.133 0.071 p <.001 0.849
AFT10 1.046 0.072 p <.001 0.774
Latent Construct: Perceived Corporate Affinity for Technology
PCAFT1 1.000 NA NA 0.861
PCAFT?2 1.079 0.046 p <.001 0.887
PCAFT3 1.087 0.048 p <.001 0.876
PCAFT4 1.145 0.042 p <.001 0.948
PCAFT5 1.154 0.040 p <.001 0.972
PCAFT6 1.112 0.043 p <.001 0.932
PCAFT7 1.144 0.045 p <.001 0.92
PCAFT8 1.137 0.043 p <.001 0.939
Latent Construct: Service Performance
RESP1 1.000 NA NA 0.842
RESP2 1.162 0.046 p <.001 0.944
RESP3 1.124 0.045 p <.001 0.937
EMP1 1.058 0.044 p <.001 0.917
EMP2 1.209 0.050 p <.001 0.926
EMP3 1.184 0.050 p <.001 0.917
REL1 1.072 0.047 p <.001 0.893
REL2 1.121 0.051 p <.001 0.875
REL3 1.073 0.054 p <.001 0.833
TAN1 0.929 0.046 p <.001 0.832
TAN2 0.899 0.044 p <.001 0.838
TAN3 0.892 0.042 p <.001 0.858
ASU1 1.129 0.046 p <.001 0.929
ASU2 1.151 0.047 p <.001 0.927
ASU3 0.917 0.044 p <.001 0.857
Latent Construct: Fashion Conscientiousness
FC1 1.000 NA NA 0.679
FC2 1.253 0.097 p <.001 0.879
FC3 1.151 0.089 p <.001 0.824
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Table 14. Confirmatory Factor Analysis Results (Continued)

Confirmatory Factor Analysis

Inter-factor Covariances and Correlations

Latent Constructs Covariance Stnd. Error Sig. Correlation
AFT -> PCAFT 0.261 0.062 <.001 0.248
AFT -> SERVPERF 0.162 0.054 0.003 0.170
AFT ->FC 0.417 0.083 <.001 0.339
PCAFT ->
SERVPERF 0.543 0.057 <.001 0.709
PCAFT -> FC 0.152 0.059 0.010 0.155
SERVPERF -> FC 0.107 0.053 0.042 0.120
Model Fit
Fit Statistic Proposed Saturated Independence | Single Const.
RMSEA 0.097 NA 0.275 0.194
Low 90% CI 0.093 NA 0.272 0.190
High 90% CI 0.101 NA 0.279 0.198
PCLOSE 0.000 NA 0.000 0.000
RMR 0.079 0.000 0.652 0.420
GFI 0.681 1.000 0.103 0.275
AGFI 0.639 NA 0.052 0.188
PGFI 0.602 NA 0.097 0.246
NFI 0.854 1.000 0.000 0.513
PNFI 0.797 0.000 0.000 0.484
RFI 0.843 NA 0.000 0.484
IFI 0.884 1.000 0.000 0.532
TLI 0.875 NA 0.000 0.502
CFlI 0.884 1.000 0.000 0.531
PCFI 0.825 0.000 0.000 0.500
ECVI 7.690 3.828 49.731 24.517

Structural equation models. Two different structural models were estimated and
compared for fit. The first model did not include the interaction term while the second

did. The non-interactive model showed marginal fit as indicated by the statistics in Table

15. Most notable, the RMSEA of the model was higher than acceptable while the

standard fit indices were lower than desired. These same issues of fit also affect the
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interactive model with the exception that the RMSEA was closer to the target maximum
of .08. When both models are compared to saturated and independence model, it is clear
that both the non-interactive and interactive models are preferable to models that suggest
all possible paths or minimal paths based on a comparison of the fit indices. And over all
it appears that the interactive model is the better of the two proposed models.

There are a couple of potential reasons these poor results. The first is that these
models were full SEM models, so the issues that arose in the CFA may be harming the fit
of the entire model. To clarify this potential problem with the full SEM model, parcel
models were also tested and will be discussed in the next section. The second is that this
model does not include any of the other antecedents of service performance that have
been found in the literature. Therefore, the variance accounted for in this outcome is
limited by the inclusion of only one possible antecedent in the model. Also, again the fact
that the observed variables were negatively skewed may also be a contributing factor to
the less than stellar fit of this model.

An examination of the structural paths for both proposed models (see Table 15)
show that the path from perceived corporate affinity for technology to service
performance is strong and positive as hypothesized. Additionally, both models show no
direct effect of a customer’s affinity for technology on their perceptions of service
performance. The interaction between PCAFT and AFT that would indicate a moderating
effect of affinity for technology on the link between customer’s perceptions of corporate
affinity for technology and service performance is not significant, but is stronger than the
link between affinity for technology on service performance and is close to the necessary
.10 significance level that would indicate the expected moderating effect. Because this
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path is close the question becomes whether the noise in the measurement portion of the

model is obscuring these findings, thus parcel models and nested regression models were

fitted to the data to see if this could be further teased apart. The paths from SERVPERF

to subjective disconfirmation, subjective disconfirmation to satisfaction and satisfaction

to word-of-mouth intentions were all strong and positive as hypothesized.

Table 15. Structural Equation Model Results

Model Fit Statistics

Non-Interactive Interactive Saturated Independence

Chi-square 2678.327 2711.983 N/A N/A

df 591.000 624.000 N/A N/A

P-value 0.000 0.000 N/A N/A
RMSEA 0.101 0.098 N/A 0.277

90% CI Low 0.097 0.094 N/A 0.273

90% CI High 0.105 0.102 N/A 0.280
RMR 0.077 0.077 0.000 0.653
GFI 0.672 0.674 1.000 0.090
AGFI 0.630 0.633 N/A 0.040
PGFI 0.596 0.598 N/A 0.085
NFI 0.854 0.853 1.000 0.000
PNFI 0.801 0.799 0.000 0.000
RFI 0.844 0.843 N/A 0.000
IFI 0.882 0.883 1.000 0.000
TLI 0.874 0.874 N/A 0.000
CFlI 0.882 0.882 1.000 0.000
PCFI 0.827 0.827 0.000 0.000
NCP 2,087.327 2,087.983 0.000 18,202.305
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Table 15. Structural Equation Model Results (Continued)

Structural Paths

Non-Interaction Model Interaction Model

Regression Regression
Path Weight Sig Weight Sig
PCAFT -> SERVPERF 0.643 <.001 0.622 <.001
AFT -> SERVPERF -0.004 0.893 -0.001 0.985
PCAFTXAFT -> SERVPERF N/A N/A -0.042 0.142
SERVPERF -> SubDis 0.853 <.001 0.853 <.001
SubDis -> Global Sat 0.853 <.001 0.853 <.001
Global Sat -> W-0-M Intent 0.968 <.001 0.968 <.001

Parcel models. The parcel models were analyzed in order to generate a clearer
understanding of the structural relationships without the previously noted noise inherent
in the path models. Again the customer AFT and PCAFT indicators were mean centered
to reduce the multicolinearity between them and the interaction term. They were then
summed and averaged to create a scale score for each respondent and then these two
scale scores were multiplied to create a measure of interaction. These three terms were
then entered into a structural model as observed exogenous variables along with the
average scale score for each respondent on service performance and the observed
variables used to measure subjective disconfirmation, satisfaction and word-of-mouth
intentions as endogenous variables. A second model was tested with the interaction term
removed. As can be seen in Table 16, the results of these models also have some fit
issues such as high RMSEA values and low parsimony adjusted fit indices. In this case
most of the fit issues come from the fact that the variables used to create the scale score
were non-normal in their distribution and this trait was magnified when they were

combined, and, as noted previously, this has a negative impact on the results of the
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maximum likelihood estimation technique used in the model. A comparison of the
interaction and non-interaction models with saturated and independence models again
reveal that either of the two proposed models would be a better choice than a model that
proposes every possible path and a model the proposes very few paths. Based on the
RMSEA, root mean residual (RMR) and the raw fit indices; the interaction model appears
to be the best fit for this data set.

The structural paths in the interaction and non-interaction model (see Table 16)
confirm the findings of the full SEM model that the path from PCAFT to SERVPERF is
strong and in the positive direction again supporting Hypothesis 1. The non-interaction
model also shows that the direct effect of affinity for technology on perceptions of
service performance is not significant. The interaction model does show that personal
affinity for technology does moderate the relationship between perceived corporate
affinity for technology and service performance perceptions at the .10 level of
significance. This finding is different from the full SEM model that contained the
interaction term and does give some credence to the idea that the noise in the
measurement model was masking some of the interaction effect. The rest of the paths
also serve to reinforce the findings of the full SEM model, namely that the paths from
SERVPEREF to subjective disconfirmation, subjective disconfirmation to satisfaction and

satisfaction to word-of-mouth intentions are all strong and positive as hypothesized.
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Table 16. Parcel Model Results

Model Fit
Fit Statistic Interaction Non-Interaction Saturated Independence

RMSEA 0.151 0.177 N/A 0.496

LO 90 0.125 0.147 N/A 0.477

HI 90 0.178 0.207 N/A 0.515
RMR 0.053 0.059 0.000 0.433
GFI 0.930 0.920 1.000 0.366
AGFI 0.837 0.813 N/A 0.154
PGFI 0.399 0.394 N/A 0.274
NFI 0.941 0.940 1.000 0.000
PNFI 0.538 0.564 0.000 0.000
RFI 0.897 0.899 N/A 0.000
IFI 0.947 0.944 1.000 0.000
TLI 0.907 0.907 N/A 0.000
CFlI 0.947 0.944 1.000 0.000
PCFI 0.541 0.566 0.000 0.000
ECVI 0.400 0.375 0.161 5.264

Structural Paths

Model: Interaction Non-Interaction
Regression Regression
Path: Weight Sig. Weight Sig.
PCAFT -> SERVPERF 0.582 <.001 0.607 <.001
AFT -> SERVPERF 0.001 0.969 -0.003 0.921
PCAFTXAFT -> SERVPERF -0.047 0.059 N/A N/A
SERVPERF -> Subjective Disconfirmation 0.777 <.001 0.777 <.001
Subjective Disconfirmation -> Satisfaction 0.853 <.001 0.853 <.001
Satisfaction -> Word-of Mouth Intentions 0.967 <.001 0.967 <.001

Nested regressions. The purpose of the nested regression analysis was to
examine the incremental increase in explanatory power of the model through the addition
of the interaction term. This analysis focused on the first half of the model. To utilize this

procedure, the path from PCAFT to service performance was estimate and then the path
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from AFT to SERVPERF was added to the model and finally the interaction of PCAFT
and AFT on service performance was added. This allowed for a comparison of the
changes to the model with the addition of each component. The findings here are similar
to those of the other models in that the path from PCAFT to SERVPEREF is strong and
positive while the addition of a direct effect of AFT on SERVPERF does little for the
model and the addition of the interaction term does improve the model. As can be seen in
Table 17 the interaction term is significant at the .10 level of significance and does
improve the model significantly according to the nested F-test while increasing the
percentage of variance in SERVPERF explained by the model by .3 percent. Regression
was also used to test the additional links in the model, which were again to found to be
significant and extremely powerful when it came to explaining the variance in each of the

outcomes.

Table 17. Nested Regression Findings

Model 1 Model 2 Model 3
Path Beta Sig Beta Sig Beta Sig
PCAFT -> SERVPERF 0.700 0.000 0.701 0.000 0.894 0.000
AFT -> SERVPERF N/A N/A -0.004 0.921 0.339 0.070
PCAFTXAFT -> SERVPERF N/A N/A N/A N/A -0.439 0.061
Model F-value 333.320 0.000 166.190 0.000 112.790 0.000
Nested F value N/A N/A 0.001 NS 3.544 p<.10
Adjusted R-square 0.488 0.487 0.491
SERVPER -> SubDis 0.751 0.000
Model F-value 448.230 0.000
Adjusted R-square 0.562
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Table 17. Nested Regression Findings (Continued)

Model 1 Model 2 Model 3
SubDis -> Global Sat 0.865 0.000
Model F-value 1031.260 | 0.000
Adjusted R-square 0.748

Global Sat -> W-0-M Intent 0.914 0.000
Model F-value 1757.100 0.000
Adjusted R-square 0.835

Discussion/ Limitations

The findings from the above models all point to the same conclusions. The first is
that there is a strong positive relationship between customer perceptions of a firm’s
affinity for technology which supports Hypothesis 1, and shows that PCAFT is indeed a
signal to customers about the service quality of the firm. The second is that this
relationship is moderated by the customer’s own affinity for technology, which supports
Hypothesis 2, and demonstrates that congruity between customer’s personal feelings and
his/her perceptions of the firm’s feelings when it come to technology do serve to
influence how strong that signal is when it comes to assessing service performance.
While the rest of the hypotheses (Hs-Hs) were confirmed as would be expected of
relationships that have been so robustly found in the literature; the fact that they were
demonstrated through the use of single item measures and that the results were as strong
if not stronger than those found with multi-item scales gives additional support to the
findings of Wanous, Reichers, and Hudy (1997) of the viability of this type of measure in

certain situations.
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Table 18. Hypothesis Outcomes

Hypothesis Supported

H1: Customer Perceived Corporate Affinity for Technology is positively
related to customer rating of service performance. Yes

H2: Customer personal affinity for technology moderates the relationship
between Customer Perceived Corporate Affinity for Technology and

customer ratings of service performance. Yes
H3: Service performance is positively related to subjective
disconfirmation. Yes

H4: Subjective disconfirmation is positively related to global satisfaction
with the firm. Yes

H5: Global satisfaction with the firm is positively related to customer
word-of-mouth intentions. Yes

These finding must be taken cautiously as there are several limitations to them.
The first is that the measurement model was a bit clouded due to the unexpected
correlation between AFT and Fashion Conscientiousness due to some sort of
measurement artifact, which means that the findings regarding the moderation role of
Affinity for technology are not as clear as they could be. Alternatively, this could be
taken as a conservative test of the influence of AFT given that the measurement artifact
should have made it more difficult to detect any moderating effect if one did exist. A
second limitation is the fact that the model fit for the SEM and Parcel Models were not
great which indicates that there may be a better model out there that was not tested. This
is a reasonable short coming given that this model only includes one antecedent of
service performance and there are many other antecedents that have been shown to be
strong drivers of customer ratings of this measure (Carrillat, Jaramillo, and Mulki, 2007).

The exclusion of these other variables means that much of the ability to explain the
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variance in service performance due to other factors is missing and there for the model
does not fit perfectly. Future research should be conducted to determine exactly how
important PCAFT is to customer perceptions of service performance relative to other
established antecedents. A third limitation is that this data set was collected in the
lobbies of bank branches while researching the use of technology, and that this sample
may not include the more technologically inclined customers who may . However, this
limitation also makes the current study a conservative test of the model as the exclusion
of these types of customers would make the direct and moderating effects harder to find.
A final limitation of this study is the fact that the data is collected in a single industry and
specifically a single firm within that industry. Future research should be undertaken to

determine if these results extend beyond both this firm and the financial services industry.

Implications

Academic. The findings of this paper have several important implications for
academicians. The first is that this paper introduces a new class of potential antecedents
to the formation of customer perceptions of service outcomes. Specifically, this paper
shows that perceived firm attitudes my influence customer perceptions of service quality,
and through service quality perceptions indirectly influence other key outcomes of
interest to the firm. The second key finding is that the congruity between individual
attitude and perceived firm attitude determines strength of this antecedent relationship.
While this may not seem like a big contribution given the extensive literature on
congruity theory, it is actually very important as it shows that the influence of congruity
extends beyond the match of customer and firm traits (usually personality traits). This
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study shows that congruity theory should be expanded to include the agreement between
customer personal attitudes and their perception of firm attitudes as well. Finally, this
paper begins the process of developing the nomological network for the new construct of
perceived corporate affinity for technology. Given that this is a new construct with very
little empirical research, it is important that it be thoroughly tested in order to assess its
convergent, discriminant, concurrent and predictive validity. It is also important to test
this new construct to determine what, if any, influence it will have on the current
knowledge base of the field.

Managerial. For managers, this paper contains some important insights as well.
First, the study shows the importance of customer perceptions of firm attitudes, in this
case toward technology, but it could reasonably be extended to customer perceptions of
firm attitudes toward objects, ideas or causes. As shown in the Wal-Mart example above,
it seems that the management of firms already suspects this, but this paper provides
empirical evidence of the importance of customer perceptions of firm attitudes and links
these perceptions to their impact on key outcomes that relate directly to customer
attraction, retention and profitability. This provides managers with evidence to present to
their shareholders in defense of their efforts to project certain attitudes to customers. A
second benefit that this paper provides managers is that it shows the importance of
knowing the target market’s personal attitudes as well because personal attitudes serve to
enhance or limit the strength of relationship between customer perceptions of firm and
outcomes. In the case of the firm’s attitude toward technology, if the core markets of the
firm do not have favorable personal attitudes toward technology, then the efforts to
enhance their perceptions of the firm’s affinity for technology are frivolous at best and
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harmful at worst. Thus, it provides empirical support for managers of the importance of
creating a congruity between their customers’ attitudes and the perceived attitude the
attempt to project through the firm. Finally, this paper shows managers the importance of
customers’ perceptions of a positive firm attitude toward technology because as the
service domain shifts towards an “e-service” model these customer perceptions could

determine which firms survive or even thrive.
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Appendix 3: Customer Survey ltems

Affinity for Technology (Edison and Geissler, 2003)
Please rate your agreement with how well the following statements describe you (‘1’
= Strongly Disagree, ‘7’ = Strongly Agree).
1. I enjoy learning new computer programs and hearing about new technologies.
2. If I am given an assignment that requires that | learn to use a new program or how to
use a machine, I usually succeed.
3. Solving technological problems seems like a fun challenge.
4. Technology is my friend.
5. I find most technology easy to learn.
6. People expect me to know about technology and I don’t want to let them down.
7. | relate well to technology and machines.
8. I am comfortable learning new technology.
9. I know how to deal with technological malfunctions or problems.
10. I feel as up-to-date on technology as my peers.

Perceived Corporate Affinity for Technology (pretest)
Please rate your agreement with the following statements about BANK X (‘1’ =
Strongly Disagree, ‘7’ = Strongly Agree).
1. BANK X views technology as a friend.

2. BANK X offers the latest technologies.

[99)

. I expect BANK X to know about technology and they usually don’t let me down.

o

. BANK X seems comfortable implementing new technology.

5. BANK X relates well to technology.

6. BANK X knows how to deal with technological problems.

7. 1 feel BANK X is as up-to-date on technology as its competitors.

8. BANK X shows its relationship with technology by offering secure technology-based

services.
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SERVPERF (Harris and Fleming, 2005)
Please rate your agreement with the following statements about BANK X (‘1° =
Strongly Disagree, ‘7’ = Strongly Agree).

Reliability Tangibles

1) Complete services when promised. 1) Has pleasant facilities.

2) Insists on error-free service. 2) Has visually appealing materials.
3) Performs services right the first time. 3) Employees’ appearance is neat.
Assurance Empathy

1) Instills confidence in customers. 1) Gives individual attention.

2) Makes you feel safe and secure. 2) Cares about your specific needs.
3) Is up-to-date on banking knowledge. 3) Keeps customers interests in mind.

Responsiveness

1) Provides prompt service.

2) Is responsive to your needs.
3) Always willing to help you.

Global Satisfaction (Harris and Fleming, 2005)
Please indicate your level of satisfaction with BANK X (1’ = Extremely Dissatisfied, ‘7’
= Extremely Satisfied).

Subjective Disconfirmation (Harris and Fleming, 2005)
Compared to your overall expectations, how do you perceive BANK X'’s service
performance? (‘1" = Much worse than expected, ‘7" = Much better than expected).

Word-of-Mouth Intentions (Harris and Fleming, 2005)
How likely is it that you would recommend BANK X to a friend? (‘1" = Definitely would
not, ‘7’ = Definitely would).

Fashion Conscientiousness (Lumpkin and Darden, 1982)
Please rate your agreement with how well the following statements describe you (‘1°
= Strongly Disagree, ‘7’ = Strongly Agree).
When I must choose between the two, | usually dress for fashion, not for comfort.
An important part of my life and activities is dressing smartly.
A person should try to dress in style.

146



Demographics

Please circle the answer that best describes you for each question below.

Please circle the age range
that best describes you:

Under 20 50 - 59
20-29 60 — 69
30-139 70-79
40— 49 80 or older

Please circle your
gender:

Male

Female

How long have you been a
Bank X customer?
Years

Months

How often do you
conduct transactions with
Bank X?

3 or more times a week

1-2 times a week

1-2 times a month
6-10 times a year

3-5 times a year

2 or fewer times a year

Please indicate what
percent of your banking
transactions are
completed by each of
these methods

Branchlobby %
Drive-through %
ATM %
Telephone %
Online %
Total _100%

How would you
describe the services
you use at Bank X?

Mostly personal
Mostly commercial
Mostly investments
A mix of all

Other (please describe)
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