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Customer Efficiency, Channel Usage and Firm Performance in Retail Banking

Innovations in technology and service design have increasingly enabled firms to incorporate self-
service technology to augment or substitute for “traditional” employee-provided service channels.
Although it is clear that self-service can reduce cost, less is known about how customers utilize
self-service channels in a multi-channel service delivery system and the resulting impact on firm
performance. An important aspect of service operations is that customers are co-producers of the
service. Thus, the performance of the delivery system and customers’ use of service channels can
be affected by customers’ own efficiency or productivity in service co-production (customer
efficiency). In this paper we utilize prior theoretical frameworks in service operations and
economics to hypothesize relationships among customer characteristics (especially co-production
efficiency), channel utilization, and firm performance. We then test these hypotheses using
panel data from a large retail bank. Overall, we find that higher customer efficiency in self-
service channels is associated with greater profitability and has a complex relationship with

customer retention and product utilization.

Key words: service operations management, service delivery system, self-service technology

(SST), service co-production, customer efficiency.

1. Introduction

Customer participation has always been an indispensable part of any service delivery process
(Chase, 1978, Lovelock and Young, 1979, Karmarkar and Pitbladdo, 1995). In many processes,
the labor of the customers and the employees of the firm are, to some extent, substitutable.
Although self-service has long been an alternative to full service by employees in many
industries (e.g., gas stations), the development of new information technologies and innovations
in product design have led to an unprecedented increase in the scale and scope of self-service
utilization. Around the world, millions of consumers use the Internet for shopping, managing
bank accounts, trading stocks, booking flights, buying movie tickets, tracking packages, and
selling everything from a silver spoon to a used car. The profound impact of this proliferation of

self-service is evident in almost all major service industries.



In this wave of the so-called “self-service revolution,” a multi-channel service delivery system
that combines a portfolio of employee and self-service channels in both physical and virtual
environments has become the dominant model, replacing systems that rely primarily on
employee service delivered in physical channels. Figure 1 shows such a multi-channel service
delivery system in retail banking. Similar systems can also be found in the transportation and
retail sectors. The popularity of self-service is a result of decades of service delivery innovation
in pursuit of lower costs and higher quality, fueled by the advancement of technology, especially
information technology. In some industries, especially in the Western world, the provision of
such a multi-channel service delivery system has become a competitive necessity (The Banker,
2003). Moreover, service delivery systems can have a significant effect on firms’ operations
strategy such as capacity management (Roth and Menor 2003, Ellram et al. 2004), as well as on
the operational performance of other business processes that directly interact with the customer,

such as sales and marketing.

The appeal of adding customer self-service to the overall service delivery mix is straightforward.
By offloading tasks onto customers and enabling them to pursue their own service needs, firms
can often provide customized services at mass production cost levels. In addition, many of the
technologies underlying self-service, such as Internet-based ordering or customer support, also

enjoy significant economies of scale while providing greater access, flexibility and convenience.
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Figure 1: The Multi-Channel Service Delivery System in Retail Banking

In a world in which a significant number of customers obtain their service from multiple service
channels, the design and management of such a system requires understanding of how customers
decide which channels to utilize and how these choices affect both the optimal design of service
delivery systems as well as related business processes. For instance, the widespread adoption of
Internet banking has required changes of traditional banks in the service capacity and skill
requirements of call center representatives (e.g., to provide computer technical support), the
design of different types of banking products to compete against the online-only banks, the
approaches used to cross-sell or up-sell incremental banking products, the distribution of
physical service channels such as ATMs and branches, and the mitigation of potential new risks
such as online identity theft. These interdependencies have caused firms to recognize that
without an integrated perspective on channel utilization, firms may miss opportunities for better

resource allocation, improved operational performance, and stronger customer relationships.

Management of the performance of self-service channels presents an unusual problem in that the
performance of the service system is affected by the actions of the customers with uncertain

capabilities, incentives and goals. Thus, customers’ own actions and cognitive abilities can have



a greater impact on service quality in self-service channels than in employee service channels.
Moreover, because customers are generally free to choose the channels in which they obtain their
service, perhaps shaped by incentives from the service provider, uncertainty in overall customer
use of a channel can be further compounded by uncertainty in customer behavior (Davis 1993,
Ellram et al. 2004). Some institutions have experimented with denying a subset of customers
access to certain channels, such as access to bank branches or other high cost services. Often,
however, these innovations were either misunderstood or rejected by consumers. In some
industries, such as airlines and retail brokerage, explicit price incentives for channel use have
been implemented (e.g., a booking fee for use of a human ticket agent), although uncertainty
about customer reaction to explicit pricing for different channels has limited the diffusion of
these types of practices. Despite these difficulties, many financial institutions are continuing to
experiment with a variety of methods to encourage customers to utilize the “right” channel for

their service needs.

The focus of this study is to provide an empirical analysis of the determinants of self-service use,
and how customers' channel choices are associated with firm performance. Utilizing insights
from prior models of service operations (Huete and Roth 1988, Roth 2001, Boyer et al. 2002,
Heskett et al., 1997), we hypothesize that customers choose among channels to perform these
transactions based on the relative costs and benefits they receive from each choice. Because self-
service involves an aspect of co-production, these costs are directly influenced by customer
capabilities in self-service channels (or “customer efficiency” as in Xue and Harker (2002)) in
addition to other customer and channel characteristics. While this theoretical structure is
straightforward, it is unclear which factors, both absolutely and relatively, are important in
determining service demand. Therefore, our first of two major research questions is: “What

drives a customer’s use of different channels in a multi-channel service delivery system?”

Second, although customers make their channel choice decisions based on their own costs and
benefits of using different channels, their decisions may not necessarily maximize the profits of
the service provider. Given that most organizations have made only limited efforts to influence
customer channel choice and that customers are heterogeneous, we have the opportunity to
observe the effects on the firm of a wide array of individual channel choices. The aggregate



results of these individual customer behaviors affect critical dimensions of firm performance
such as customer profitability, customer retention and product adoption. This leads us to our
second major research question, “How does customers’ channel use influence firm

performance?”

A key empirical challenge of this work is to measure customer efficiency. Xue and Harker
(2002) developed a customer efficiency measurement framework that utilizes direct measures of
customer inputs (e.g. time, effort) and output. However, this approach cannot be directly applied
when customer inputs are hard to measure (especially if some costs are intangible) or when firms
seek to measure efficiency using archival data that did not include direct measures of customer
costs (e.g., data in transaction processing systems). In this paper, we present an alternative
approach in which we infer customer efficiency by revealed channel choice. After accounting for
non-customer factors such as channel availability (e.g., location) and factors unrelated to service
co-production efficiency (e.g., transaction requirements), customers who concentrate their
activity in self-service channels when a full-service alternative is available for the same
transaction are inferred to be more efficient. We can partially validate this measure by
comparing it to factors such as education and experience, which should be associated with
efficiency in our empirical setting, and we also incorporate this measure into models that predict

performance.

We test our hypotheses using a panel dataset of monthly transaction data for approximately
25,000 customers of a large retail bank from July 2002 to June 2003. Our data include detailed
observations on transaction activity, customer demographic information, and customer
profitability, loyalty and product adoption measures. Overall, our results suggest that there is
considerable variation in revealed customer efficiency and that customers with higher measured
efficiency tend to be younger, have more education, and be more experienced with computers
and banking services in general, which is consistent with our prior expectations. We also find
that other factors, unrelated to customer efficiency, also affect channel choice, which suggests
that our measure of customer efficiency is related to but distinct from a customer’s overall use of
self-service itself. Second, customers who appear to be more efficient have greater profitability.
and utilize more bank services and have a lower chance to leave the bank, although the effects of



customer efficiency on product adoption and retention seem to have diminishing returns. Overall,
this suggests that our concept of customer efficiency is relevant for understanding customer
channel choice as well as customer profitability and, therefore, has the potential to be
productively used in practice for understanding customer channel choices and incorporating

these choices into the design of service delivery systems.

2. Literature Review

2.1 Self-Service and Service Operations

The role of the customer as a “co-producer” in service operations has a long history in service
operations management. Fuchs (1968) notes that customers are always either passively or
actively involved in the service production process. Subsequent research on service operations
management recognized the interaction between the customer and firm (Chase 1978) and the
importance of integrating the production role of customers into the design of service delivery
systems (Globerson and Maggard 1991). Prior research has also noted that the design of these
self-service delivery systems can have significant competitive implications (Karmarkar and
Pitbladdo 1995, Heskett et al. 1997).

With customers as co-producers, it is increasingly important to understand and manage
customers’ service choices and their performance in service production activities. Lovelock and
Young (1979) utilize case analysis to demonstrate that developing service systems that account
for customer needs and preferences is essential to realizing productivity gains from self-service
operations. Subsequent work identified the factors which drive customers’ decisions to use self-
service channels, namely time, control, effort, dependence, efficiency, and human contact
(Bateson 1985). Other research has suggested parallels between managing customers and
managing employees, using insights from human resource management (Bowen 1986, Kelley et
al. 1990). Combining insights from the prior literature on service co-production with approaches
from efficiency analysis, Xue and Harker (2002) propose the concept of “customer efficiency” to
capture the notion that customers may vary in their ability to effectively participate in self-
service, which in turn affects both customer outcomes (e.g., satisfaction, perceived cost) as well

as firm profitability.



Self-service systems are more than just a standalone feature of the organization. The literature
has increasingly focused on the observation that self-service systems need to be integrated with
other aspects of organizational design. As Roth and Menor (2003: 151) observe: “Central to
service delivery system design is explicit consideration of the nature of customer contacts (e.g.,
face—to-face, electronically mediated, and back-office support interactions).” Whereas these
issues have long been part of customer contact theory (Chase 1978, 1981, Kellogg and Chase,
1995, Soteriou and Chase 1998), new types of self-service channels introduced new
considerations into these approaches. For instance, recent work considered how electronically
mediated (or “virtual’”) service activities interact with traditional face-to-face service approaches
(Froehle and Roth 2004) and how these new service options affect strategies for market

positioning and customer relationship management (\VVoss 2000).

In this literature stream, our work is most closely related to the Service Strategy Design Matrix
(Huete and Roth 1988), the Product-Process-Proximity ( p®) Matrix for Services (Boyer,

Hallowell, and Roth 2002), the E-service Customer Retention Model (Roth 2001), the Service
Profit Chain model (Heskett et al. 1997), and the Customer Efficiency Management (CEM)
framework (Xue and Harker 2002). Our model extends the Service Strategy Design Matrix and

the p® model framework by modeling customer choice of delivery channel in a multi-channel

system, while the p® model focuses on firm choice of delivery channel by addressing the

tradeoffs between industrialization level (technical mediation level at the customer touch point)
and customization. Our model also extends the E-service customer retention model (Roth 2001)
by extending the setting from a single channel (Internet) to a multi-channel service delivery

system with both physical and virtual employee service and self-service channels.

Xue and Harker (2002) propose the “customer efficiency” concept to study the role and impact
of a customer as a co-producer in service co-production. An “efficient customer” is one who
consumes less resource to produce more or the same amount of output in her participation in the
service co-production process. In essence, the concept of customer efficiency parallels the
classical concept of employee productivity. However, the “dual roles” of a customer (both as co-
producer and as consumer) imply an important distinction between a firm view of efficiency (the

firm's benefits versus firm costs for facilitating and supporting the customer’s co-production



activity) versus a customer view of efficiency (the customer's value versus direct costs and
opportunity costs faced by the customer for conducting the co-production activity). Xue and
Harker (2002) also note that coordinating service design with other complementary firm
decisions (e.g., marketing and product or service design) to build an efficient customer base can
have significant impact on operational performance, a process they refer to as customer
efficiency management (CEM).

2.2 Online Service in Financial Services

Prior work has also explicitly examined the role of the Internet as a distribution channel in the
financial services industry. Apte and Vepsalainen (1993) examined the tradeoff between using
“high tech” versus “high touch” channels and argued that the former is effective for cost
reduction and the latter is more effective for relationship building. Roth and Jackson 111 (1995)
found a negative correlation between total factor productivity and service quality, which
underscores the importance of cost-benefit tradeoffs in service design. Menor et al. (2001)
showed that operations agility, which is defined as the ability to excel simultaneously on
operations capabilities of quality, delivery, flexibility and cost, is as vital for retail banks’
performance as it is for manufacturing firms. Hitt and Frei (2002) examined customer behavior
using in retail banks and found that customers who utilize online banking used more products
and were more profitable, but that these differences existed prior to the adoption of online
banking. However, this study did not consider channel usage. Chen and Hitt (2002) showed that
customer retention in the online brokerage industry can be influenced by the design of self-
service systems and other product design choices. Choi et al. (2005) presented a modeling
framework for service delivery in retail banking, examining how two alternative service delivery
processes (conventional and electronic) affect customer costs, process economics, market

segmentation, and competition.

2.3 Customer Efficiency and Firm Performance

Prior literature suggests a positive link between customer efficiency and firm performance such

as profitability and loyalty for two major reasons. First, the lower cost of operating self-service
channels than employee service channels offers the opportunity of significant cost savings



(Chase 1978, 1981, Lovelock and Young 1979, Heskett et al., 1997, Bitner et al. 1997). Second,
a more efficient customer gains greater value from self-service (Xue and Harker 2002), which, in
turn, encourages greater product adoption and a longer relationship length (Roth 2001, Xue and
Harker 2002).

However, while efficient customers may realize greater value from their service interactions and
more extensively utilize low-cost channels, they may also engage in other behaviors that can
negatively impact their loyalty and profitability. Since efficient customers are expected to utilize
self-service channels more than employee service channels, the reduced personal contact may
undermine the bond between the customer and the service provider and thus reduce customer
loyalty (Selnes and Hansen 2001). Also, while self-service channels may present a new sales
opportunity, it may come at the expense of reduced contact in employee service channels where
sales efforts can be more effective, yielding a “sales penalty” of self-service (Heute and Roth
1988). Efficient customers, with their deeper knowledge of the firm's products, may also be
better at optimizing their benefits at the expense of the firm by choosing loss-leader products.
Examples of this behavior in retail banking might include minimizing the amount of idle deposits
by keeping money only in interest-bearing accounts, or transferring high-cost loans (e.g., credit
cards) into credit vehicles with lower interest rates and margins (e.g., home equity lines of credit).
Thus, while it is plausible that high efficiency is also associated with higher firm performance,

the relationship between customer efficiency and customer profitability is an empirical question.

3. Model

3.1. Measuring Customer Efficiency Using Channel Choice

When direct measurement of customer inputs and output are possible, customer efficiency can be
calculated directly (Xue and Harker 2002). However, when these data cannot be utilized (either
because all inputs and outputs are not measurable or not available in archival data), customer
efficiency can be inferred from actual customer behavior. Presumably “efficient” customers will
conduct more transactions in self-service channels controlling for other factors that affect self-
service choice because of their relatively lower direct labor and opportunity costs. We utilize
this insight to develop a simple model that relates channel choice to customer efficiency with

10



special attention to measuring variation in efficiency across customers. The model is motivated
by our retail banking setting but appears to be consistent with the structure of other multi-
channel service systems where consumers have discretion over which channels to use for their

transactions.

Consider a customer that can use a multi-channel service delivery system consisting of C
different channels, indexed by ¢, c € C = {1, 2, ..., C} to conduct J possible service or
transaction types, indexed j, je J={1, ..., J}. A customer’s cost of labor is w (e.g., time
opportunity cost) per unit of input customer labor (L), and the value of the service is v per unit
of output (Og). Service value is independent of the channel through which the service is
acquired but differs by service or transaction type (e.g., deposit, withdrawal, inquiry, account

transfer). Thus, a customer’s utility of using channel ¢ to conduct O of type j transactions is:
U; =v,0,; -wL,, jeJ® ceC. (1)
Note J° < J is the subset of transaction types that can be conducted in channel c. The

parameters w and v are assumed exogenous but may vary by customer. Furthermore, assume the

total utility of banking services obtained by the customer is the sum of the utility for each

C c J
individual transaction in each channel. Thus, total utility U is given by:U =>u . =>">"u, .
c=1 c=1 j=1

Assuming that there are no production complementarities between activities of different

: . 0’0, L .
transaction types in different channels (a—CJ:O‘v’C';tC, j'# ] ), each customer’s utility

6
maximization program reduces to a set of independent labor choices across channels for different
transaction types. Consequently, we now focus on characterizing the input choices for each
channel, allowing each channel to have a different value, production function, or set of input
quantities. Because the quantity of transactions of a given type are principally determined by

daily life events, we assume that total numbers of transactions are exogenous, although the

customer is free to allocate her transactions across channels (thus, O, je J,ceC are choices

subject to the constraint O, =» O,

ceC

j €J where the O, are exogenous).

cj?
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In general, transaction services are produced by a combination of inputs from both consumers
and the firm. Let the production inputs for this channel and transaction type be customer-
invested capital (R), customer labor (L), firm-invested capital (K), and firm employee labor (H).
Assuming that the effects of customer inputs and firm inputs are in multiplicative form, this

yields an overall production function for transaction services of type j in channel ¢ (or output O)

of the form:
Ocj :gc(Rc'Lcj)fc(Kc’Hc) (2)
Let the customers’ portion of the production function take the Cobb-Douglas form, commonly

— R% A
used in production economics: 9c (R, Ly) = R* (ALy) where % #care the output elasticities

of customer capital and customer labor, respectively, andAC is a customer-specific factor that
affects the customer’s productivity of labor when using channel ¢ Note that this representation

differs slightly from the usual Cobb-Douglas form which places the productivity term as a

_ ARYA
multiplier of both capital and Iaboro_'AbR L . The two representations are equivalent

because A]:Aﬁ. We utilize this non-standard representation to make it clear that our
hypothesized cause of variations in customer efficiency is due to variations in customer labor
input for a given output.. We represent the mean customer as having A =1, with higher values
of A, representing more productive customers, and lower values of A, representing customers
who are less productive than the average. Note that the firm portion of the production function,
f.(K.,H,) is likely to be slow changing and does not vary across customers with equal physical
access (e.g., geographic location). Therefore, from the perspective of an individual customer,
this term is quasi-fixed. Similarly, since customers do not typically change the location of their
office or residence due to ATM or branch locations, or invest in a computer solely to utilize
online banking, we treat customer capital (R.) as quasi-fixed as well. In this formulation, a
customer then chooses an effort level for each channel (which determines the usage of each

channel) to solve:

JC JC JC
mL<':1xUC = mLzzleuCj = m&xZ(VjOcj -wly) = ZmLiix(ijCj -wly), (3)
j=1 j=1 j=1 i

12



where L, = (L Lessen L,e) I8 the vector of customer labor input for J°¢ different types of

c11 ey oy

transaction using channel c. This problem yields a set of first order conditions in which the

marginal product of labor equals the wage rate (w): L ;" = (L | 5 —).
V.
J

aocj W
L,

Substituting the form of the production function for O and differentiating with respect to labor

input yields the first order condition: iif = BR=Af (K., Hc)Lﬁ}‘l, which implies an optimal

1

ﬁcRgcAcﬂc fc(Kc'Hc)Vj ]lfﬂc
w

labor choice of L;. =[ . Substituting this back into the original production

function yields:

B 1 1 B

O:J — R(;I-’ﬂc A:]fﬁc [ fC (Kc, H c)]lfﬁc lefﬁc Wﬂcfl . (4)
* Jc *
Because O; =) 0y , we have
j=1

c ﬁc 1 ﬂc Je 1

O: = Rcliﬂc &7ﬁc [ fc (Kc’ Hc)]liﬁc Wﬂflzvjliﬂc 1 (5)
j=1

or in logarithms:

1

JC
Lo-log A+ logw+log(d_ v, ), (6)
1

j=

logO; =2 log f (K, H,)+1%-log R, +

Thus, a customer will utilize each channel to produce a number of transactions O; as a function
of customer efficiency A,, level of customer capital R,, and unit cost of customer labor input w,
the firm’s inputs in the channels, (K.,H.), and the values of each transaction type,
V= (V..V}, V) - Holding service values and non-efficiency-related customer characteristics

as constants, customers will concentrate their transactions in channels with the greater output

elasticity of customer labor and capital (4,,«, ), and where the overall firm contribution to

output [ f.(K_,H_)]is larger.
The concept of most interest in this model is the variation in customer efficiency across
customers.  Hypothetically, if we could run a regression of transaction count on a constant, plus

measures of customer effort costs (w), transaction value (v;) and customer capital (R, ), we

13



could retrieve the efficiency measures as the residual of that equation. This is the approach used
in the empirical production economics literature for the computation of multifactor productivity

(see e.g., Griliches 1994). Formally, consider an empirical model of the form:

1

e, (7)

JC
logO; = 4-log f (K, H,)+%-log R, + = logw+log(D v,

7
=

The residual term of Equation (7) &, then provides an estimate of the customer efficiency term

ﬂ“ﬂc logA. orA = [exp(gc)]% based on Equation (6).

for each customer: &, = -

There are three issues regarding the direct use of the residual ¢, as a customer efficiency

measure. First, this residual applies only to a specific channel. Greater precision can be
potentially gained in estimation by aggregating estimates of this measure from observations
across multiple channels, especially if there is some random variation in the residual due to
unrelated factors. Second, other unobservable customer-specific effects might affect customer

channel choice. Thus, the observed residual can include a term (s) which can be a customer-

f}c log A, +s. Third, the production function in Equation (2)

specific fixed or random effect: &, =

applies to both self-service and employee service channels due to the inherent co-production
nature of each service delivery process (Chase 1978), though the level and extent of a customer’s
participation can vary substantially. Our expectation and much of the prior literature suggests
that the amount of customer labor input in full-service channels is smaller than that in self-
service channels, for a given transaction type (see e.g., Xue and Harker 2002). This implies a low

elasticity of labor input (S ~0) in full-service channels, and therefore minimal variation in

channel use due to the direct effect of efficiency (A” ~1). However, the full-service channel use
may be helpful in estimating individual effects (s), so they can be usefully incorporated into a

composite efficiency measure.
Therefore, to minimize the effect of random variation and eliminate the customer-specific effects,

we construct an overall efficiency measure as a weighted difference between the residuals in full

service (C’”) versus self-service (C’) channels:

14



CE = z O.c. — Z 6.&, (8)

ceC' ceC"

where ZHC = Z 6. in order to eliminate s. The optimal weights are theoretically related to the

ceC' ceC’

variance of each residual and are proportional to the marginal product of labor in each type of

channel (through f;c ). To control for variance in the residuals, we standardize them to a mean

of zero and a standard deviation of 1. We then assign weights of the residuals of different
channels. There are a variety of ways of weight assigning depending on the focus of the study
and the empirical setting. Our preferred approach is to include weights proportional to the
monthly transaction counts in each channel for each customer because this weighting captures a
sense of individual customer’s relative effort across channels over time. Alternatively, weights
can be done with the population average channel use or equal weighting. We empirically
investigate these alternative weightings and find their use does not alter our major conclusions,

so we focus on our preferred measure in most of our analysis (see Section 4.3 for more details).

3.2 Empirical Implementation

Our prior derivation suggests that variation in transaction use across channels depends on a series
of customer factors including cost of labor, customer capital, and relative customer value of the
service. In addition, there are firm factors that can affect customer channel choice. Some firm
choices have effects that can vary by customer, such as the location of branches and ATMs
relative to each customer's home or place of work, while others affect all customers equally (the
design of the Internet banking interface). Finally, there will be variance in channel use due to
customer efficiency, some of which is due to observable factors and some of which is not
directly or indirectly observable. Our principal empirical task is to construct suitable proxies for
each so that we can: a) isolate customer efficiency from other factors that affect channel choice
and b) provide support to the claim that our definition of customer efficiency is measuring what
we expect by demonstrating that it is correlated with factors we believe to be associated with
efficiency (e.g., education) in a plausible way. Below we describe the variables used in our
empirical study to capture the factors that are influential on customer channel use in retail

banking:

15



Factors that affect customer efficiency. A large body of literature in labor economics has
emphasized that skill, training and experience can affect labor productivity both generally as well
as in technology-mediated self-service (Bartel and Lichtenberg 1987, Bartel 1995, Ichniowski et
al. 1997; Gurau 2002, Wang et al. 2003). We capture training as the level of education in the
household, because it is plausible that general human capital is associated with efficient
transaction behavior, especially in the Internet channel. We capture experience by a customer’s
tenure. Tenure (measured in years) represents a measure of familiarity with the bank and might
be plausibly related to productivity improvements through learning by doing. We can also
compute the time since adoption of online banking, which provides an alternative learning-by-
doing measure specific to the online banking channel. This measure may also be associated with
computer skill, because early adopters are likely to be more skilled with computers. Finally, we
are fortunate to have an additional potential proxy for computer skill — a market research
indicator of whether the customer shows an “interest in computers” which might be associated
directly with computer skill. We would therefore expect that use of self-service channels and
customer efficiency are positively related to education, tenure, and computer experience and
interest. We also have a measure of customer age. Greater age and experience might be
associated with greater efficiency from learning-by doing argument. However, older customers
may differ from younger customers in that they have less experience or comfort level with
technology-mediated self-service channels (see e.g., Hitt and Frei 2002, Bitner et al. 2000,
Curran et al. 2003, Gurau 2002, Wang et al. 2003). Since our age measure varies only in the
cross-section, customer heterogeneity likely dominates the learning effect and we would
therefore expect a negative correlation between the self-service usage and customer age. Finally,
several of the time-dependent variables, such as age and tenure, may be associated with lifecycle
effects that lead to a non-linear relationship with efficiency. We therefore allow for these effects

by including quadratic terms in the empirical analysis for these variables.
Opportunity Cost. A number of studies have suggested that income is a good proxy for the

opportunity cost of time (Becker 1993). We therefore approximate the unit labor cost (w) by

annual household income of the customer.
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Transaction Value. We control for the number of transactions of each type that can be conducted
in a channel as a way of normalizing the transaction counts based on the customer’s overall
transaction requirements. This measure is also consistent with treating total transaction counts of
each type as exogenous. These variables may also broadly capture variation in customers’ value
of transactions (v) because value affects the total number of transactions of a given type but not
their allocation across channels.

In addition to potentially capturing transaction value, there is an additional benefit to
incorporating measures of transaction mix into the analysis. A number of prior studies have
shown that the nature of the product and transaction has a strong relationship with the optimal
use of technology mediation for service delivery (Huete and Roth 1988), which would suggest
that more standardized transactions would be likely to be done in self-service channels that have
a high technology mediation level (Boyer et al. 2002, Froehle and Roth 2004). By incorporating
measures of transaction counts, we can empirically examine whether self-service channels are

more closely associated with more routine transactions.

Channel Access. Classical facility and location theories in service operations management have
long established that the ease of access to a physical outlet of a service provider is crucial to a
customer’s decision to choose a service provider (Boyer et al. 2002). The availability of a
channel directly affects the usage of that channel because it lowers opportunity costs. Channel
availability can also affect the demand for other channels for which they are substitutes (Boyer et
al. 2002). Thus, customers located in areas with higher branch density may perform more branch
transactions and less transactions in other channels; similarly, customers located in areas with
more ATMs may perform more ATM transactions and less transactions in other channels.
Customers located in areas where there is a high density of physical channels may use virtual
channels less. Because these factors are really control variables in our analyses, we are
principally interested in whether these variables perform as expected as a check on the model

rather than as an explicit empirical hypothesis.

Channel Design. Channel design and product structure can influence channel choice. However,
because we only observe the choices of a single bank over a relatively short time period, the
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variation in behavior due to channel design is likely to be small. Nonetheless, to control for
variation over time in channel design or incentives, we incorporate monthly dummy variables.
In addition, the institution we analyze operates across a number of different states with slightly
different products and business practices. Due to banking regulations which are principally
state-specific, products within a state tend to be similar. Thus, we also include dummy variables
for the customer’s state of residence to control for variation in channel design, products or other

aspects of the service production process.

3.3. Testable Hypotheses

Our hypotheses focus on the measurement of customer efficiency and its relationship with firm
performance. First, we can conduct analyses of individual channels to understand whether the
factors associated with efficiency (which we will refer to as efficiency correlates) are correlated
with channel use in the expected way. From our earlier discussion, efficiency correlates should
be positively related to self-service use. Moreover, because self-service channels can substitute
for other channels, more use of self-service may lead to less use of employee service channels.

Thus, we posit that:

Hypothesis 1-1: Factors associated with customer efficiency (age, tenure, education, skill) are
positively correlated with self-service channel use and negatively correlated with employee-

service channel use.

These hypotheses will be tested at a finer level of precision (e.g. correlation between age and use
of teller transactions), but are stated broadly here for concise presentation. Our data also allows
us to examine the relationship between transaction complexity and channel choice as suggested
by the prior literature (Huete and Roth 1988, Boyer et al. 2002):

H1-2: Customers use self-service channels more often than employee-service channels to meet

routine and standard service needs in a multi-channel service delivery system.
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Second, our interest is in creating a systematic measure of customer efficiency based on the
aggregate channel utilization. Just as our efficiency correlates should show the proper
correlation with each channel, they should show the appropriate correlation with our aggregate

efficiency measures.

H2: Customer efficiency, as defined and measured in this analysis, is positively correlated with

tenure, education, and computer skill, and negatively correlated with age.

Finally, we would like to test whether indeed customer efficiency is associated with firm
performance. Although there are theoretical reasons to expect either a positive or negative
correlation between performance and customer efficiency in banking, we state our hypothesis in

terms of the positive prediction.

H3: Customer efficiency is positively correlated with customer profitability, product utilization

and retention.

The hypothesized relationships among customer efficiency, channel use and firm performance

are shown in Figure 2.
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Figure 2: Hypothesized Relationships between Efficiency, Channel Usage and Firm

Performance
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4. Empirical Analysis

Our empirical analysis includes three components. First, we will examine the determinants of
channel utilization to validate our model of channel use on an individual channel level (to test
H1-1 and H1-2). We will also examine the various control variables for consistency with prior
theoretical predictions about channel access and channel usage. Next, we will compute several
alternative measures of customer efficiency and test the hypothesis that customer efficiency is
related to customer characteristics in a systematic way (H2). Finally, we will use our customer
efficiency measure to investigate the relationship between efficiency and firm performance,
specifically profitability, product utilization and retention (H3). All analyses were performed

using standard procedures in STATA 8.0.

4.1 Data

The retail banking industry has been a pioneer in applying new technology to deliver services to
its customers. Most retail banks today have built multi-channel service delivery systems similar
to the one shown in Figure 1. These systems typically include retail branches (in which
transactions are conducted in person by tellers and “platform” sales representatives), telephone-
based customer service representatives (CSRs), automated Voice Response Units (VRUES),
Automatic Teller Machines (ATMs), and Internet banking. In addition, customers can generate
transactions by writing checks or by using the automated clearing house (ACH) for direct debit
or credit of their accounts. Among these channels, teller, VRU, ATM, Internet and ACH are
often used to handle standard and routine transaction types such as straightforward inquiry,
deposit, withdrawal, and account transfers; CSR and platform are often used to handle more
customized or complex service needs. Although we will analyze our model in all the channels
for which we have data, we will focus our efficiency analysis on one full-service channel (tellers),
and three self-service channels (VRUs, ATMs, and online banking) because these channels have
the best measurement in our data and are not subject to issues such as serving non-standard

transactions (platform) or being fully automated and not requiring any customer effort (ACH).
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The bank used in our study is one of the largest retail banks in the U.S., and its operational
practices and customer population are regarded as representative of banks of similar size. From
a raw data set of the bank’s several million customers, a random sample of about 25,000
households was drawn and used for this study. We restricted our analysis to customers who
appear in the banks customer information file and who had at least one transactional deposit
account, since it does not make sense to analyze transaction behavior for customers who do not
routinely perform transactions. These data include monthly transaction records for each
customer’s deposit accounts organized by transaction type and channel for each month from July
2002 to June 2003; monthly account balances for each deposit, loan and investment account for
these customers over the same period. We define deposit accounts to include time deposits,
interest and non-interest checking, and money market accounts. Loans include consumer loans,
auto loans, credit cards and mortgages. Investment accounts include trust, asset management,
brokerage accounts and mutual funds (with mutual funds being the most common). We also use
the bank’s bi-monthly profit measure which is based on an internal model that incorporates
interest and non-interest revenue, less service costs (including overhead allocations), expected

loan loss and taxes.

For each customer we have a single cross-section of demographic information which includes
the date the customer first joined the bank, the date the customer obtained Internet banking
access (if any), and standard demographics (age, income, education level, gender, marital status,
presence of children, and zip code of principal residence). In addition, these data also include
market data purchased from a third party which captured “interest in computers” (a binary
measure). Finally, we obtained information on the bank’s own ATM and branch networks,

which provided a count of the number of branches and bank-owned ATMs in each zip code area.

The transactional and account data was obtained from the bank’s transactional systems and
therefore is believed to be of high quality. However, for some channels, notably platform and
telephone CSRs, the bank does not track all transactions in its online systems, so we limit our
analyses of these channels. The transaction file also omits non-inquiry VRU transactions, but
these are believed to be a relatively small portion of overall VRU activity. The customer data

(other than those derived from transactional data) are collected as part of the bank’s normal
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operations and are supplemented by third-party market research data. These data are also
believed to be highly accurate, although some data are missing. The data of ATM and branch
locations are drawn from the bank’s operational databases and are also believed to be extremely
accurate and complete. As for the profitability data, although there is some subjectivity in the
calculation of customer profitability, especially due to cost allocation procedures, these data are
used for internal performance measures. Regardless of its potential flaws, customer profitability

is one of the measures which the bank actively monitors and attempts to maximize.

All the data described above is at individual customer level, so we conduct our analysis at the
customer level with each observation representing a household in a given month. Observations
are not excluded for missing data on the demographic variables. Instead, we include a dummy
variable to indicate if the data is missing and set the value to the variable mean for a continuous
variable, or have an explicit “missing” category for all categorical variables. This procedure
ensures that the results are not sensitive to the value used to fill missing data. A consequence of
this data selection process is that our data includes a mix of new customers over our period,
customers who stayed throughout the 12-month period, and customers who abandoned some or
all of their accounts. Because the bank retains customer information data after customer
departure, our counts of departure are not skewed by missing data on the characteristics of
customers who departed. We also validated that our proportions of new, departing and

continuing customers match the customer population.

We utilize three outcome measures in our performance analysis: customer profitability (as
computed by the bank), product utilization, and customer retention. Product utilization is
measured by the aggregate balance for each of the three types of accounts a customer holds:
deposit, asset and investment accounts. Because the economics of these three account types are
similar within category (e.g., interest and non-interest checking accounts are similar) but
different across categories (e.g., mutual funds are different from loans), we perform separate
analyses for each of these categories, but do not use broader aggregates. Customer retention is
measured as a binary variable that captures whether a customer closed all her accounts. These

measures are consistent with other research in banking performance at the customer level (e.g.,
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Hitt and Frei, 2002), as well as with the performance metrics that the bank utilizes internally.

Table 1 presents definitions and summary statistics of our key variables.
4.2 Channel Use Analysis

Using our service co-production model in Section 3, our general empirical model for channel
demand relates the total number of transactions in a channel to correlates of customer efficiency
(age, tenure, interest in computers, online banking tenure), correlates of cost of customer effort
(household income), correlates of transaction value (total transactions by type), channel
availability (branch density, ATM density, having online banking), and other control variables
for customer characteristics (martial status, having children, gender) and variation in bank
characteristics (month, customer state of residence). Time-related variables (age, online banking
tenure, customer tenure) are both entered as linear and as squared terms to account for lifecycle
effects and other non-linear trends. The variables for income and education are categorical and
are expanded to a set of dummy variables, so no ordering is imposed on these measures. Thus,
our baseline empirical model is:

log(1+T,) =4, + ZJ:&J. log(1+T,) +5,,.a0e + B age’ + Bromp€OMP + B yeieCollege + By o graduate +

e

2 2
+fenretENUre+ S tenure” + 4, eb—tenure+ 4 .eb—tenure” + g, atm+ 4, .. ..branch

b—tenure b—tenure

+ ,[)’has_ebweb + Lo _incomeMed —income + ﬂhigh_incomehigh —income + Biender gender + £, 4e,Children
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We estimate this equation using monthly data of each customer’s transactions in each of five
channels (teller, VRU, ATM and online banking, and ACH), although we exclude ACH from our
efficiency measure later, because ACH is fully automated. Because transaction count variables

(transactions in a given channel T, and transactions of a given typeT, ) can be legitimately zero,

we add one to the transaction count before taking the logarithm to prevent a zero observation
from creating an extreme point.  Transaction types that cannot be conducted in a particular
channel (e.g., deposits in the VRU channel) are omitted from the regression. For the two sets of
categorical variables for education and income, the “lowest” category is omitted (high school

education, low income). Because the dependent variable is the logarithm of transactions, the
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coefficients (except for the transaction count controls, which are also in logarithms) can be

interpreted as percentage changes (e.g., [ IS the percentage difference in transactions

between a college educated customer and a high school educated customer). For variables
entered in both linear and quadratic terms (e.g., age), both coefficients need to be examined to
determine the relationship. Where relevant, we will discuss both the trend (increasing or
decreasing) and where the minimum/maximum point is achieved (for relationships that are

L . -p :
convex or concave). For example, for age, this point is achieved at —>*-. In many cases, this

age’

will show that the minimum or maximum is at the edge of the data range, so the relationship is
effectively monotonic over the sample range. For all channels except the online banking channel,
the estimates will be performed using ordinary least squares with Huber-White robust standard
errors (clustered by customer) to account for repeated customer observations over time

(Wooldridge, 2002). These analyses are done with the STATA “reg” procedure.

For online banking, we have to account for the fact that some customers have not initiated online
banking and therefore their online transaction count will be zero. There are two ways of
handling this issue. One option is to restrict our analysis only to customers with online banking.
However, this analysis can be biased by customer self-selection (Tobin 1958, Maddala 1983).
Our preferred method is to treat the “desired” number of online banking transactions as a latent
variable which is censored at zero. This formulation leads to the use of a generalized Tobit
model (the interval regression model) that allows both censored observations of customers
without Internet accounts and non-censored observations of customers with Internet accounts
(Tobin, 1958, Goldberger 1964, Maddala 1983, Long 1997). This model was estimated using
the STATA “intreg” procedure. The results of these analyses are presented in Table 2, with each

column representing an analysis of an individual channel.

In our testing of hypothesis H1-2 and some other discussions later, we refer to coefficient
comparisons across models for different channels. For these comparisons, we compute statistical
significance by noting that coefficients in two different regressions are statistically independent,
so the standard error of the difference can be computed by the simple formula for the variance of

a difference of two independent random variables. Because the sample size is the same for all
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our channel use regressions, the appropriate test for the equality of two hypothetical

coefficients g, and g, with regression standard errors SE(f,)and SE(/,) is a t-test given by:

t= ﬂ1 — ﬂz
1 2 1 2
\/E[SEwl)] +5ISE(A,)]

Overall, the models are all significant (p < .001) and the results (see Table 2) in this analysis are
broadly supportive of the hypothesized relationships among self-service usage and correlates of
customer efficiency (H1-1) and the relationship between self-service usage and transaction type
(H1-2).

Age. Customer age is generally positively associated with full-service transactions (tellers)

(B =021, p<.01) and age has a negative and significant correlation with the use of self-

age

service channels which is strongest for online banking (A2 = —.026, p <.01). The quadratic

age
terms are also significant but small, generally suggesting that the relationship between
transaction use and age is monotonic over the sample (the maximum is reached at

.0205

——————=64.1 years for tellers and the minimum is reached at age 60 years for online
2(-.00016)

banking, which are both around the 90" percentile of the sample age distribution).

Experience/Tenure. The tenure results are mixed. For the most part, greater relationship length
with the bank is associated with less usage of two self-service channels (ATM and online
banking) as well as less usage of tellers. There are positive relationships with VRU usage and
ACH. Examining the quadratic terms suggests that these trends persist over the entire sample
distribution or at least far out in the upper tail (the earliest minimum is reached in the teller
channel at a tenure of 16.4 years, which is close to the 90% percentile of the tenure distribution).
We therefore conclude that this analysis does not show any systematic relationship between
length of relationship and choice of channel.

Experience/Online Banking Tenure. The results are closer to expectation on online banking

tenure. An additional year of experience in online banking is associated with a 5% decrease in
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the number of teller transactions (significant at p<.01) and this holds across the entire sample.
The relationship between online banking tenure and the use of other channels is more complex.
Initially, the number of online banking transactions is declining in online tenure, reaches a
minimum at approximately 1.9 years and is increasing thereafter. VRU use initially increases
following the adoption of online banking but decreases as online banking tenure moves beyond
the mean. The initial increase in VRU use may be consistent with the increased demand on
telephone support for Internet customers learning to use the system (this interpretation was
suggested by managers we interviewed as part of this research). The same holds for ATMs, but
the decreasing region is reached much faster (.65 years) suggesting a negative relationship with
online banking tenure. ACH use is increasing in online banking tenure, although this may be
partially expected for technical reasons — automatic bill pay in the online banking channel is
often fulfilled through the ACH system. Overall, the declining use of teller transactions and the
increase use of the online channel for long-time users suggests channel substitution, which is
fully consistent with H1-1. In addition, the convex relationship between online banking use and
online banking tenure suggests that it takes a period of time before online banking is fully
utilized, and at that time it becomes a substitute for other self-service (VRU and ATM) and full-

service channels (teller).

Education. The hypothesized relationships also hold generally for self-service channel usage
and education. Point estimates suggest that the highest levels of education are consistently
associated with greater use of self-service channels and less use of full-service channels except
for VRUs. Customers with a graduate degree perform 12% fewer teller and nearly 15% more
ATM transactions than do customers with a high school education (these differences are
significant at p<.01). The results of online banking are mixed — college educated customers
actually perform fewer online banking transactions than high school educated customers while
customers with a graduate degree perform higher numbers of transactions than either group, but
none of the results are significant. The one unusual finding is that VRU use is declining in
education. This may, in part, be due to the fact that the VRU is a gateway to telephone CSRs,
which makes the VRU channel have some of the appearance of a full-service channel as well
(that is, calls to the CSR are first routed through the VRU, with an option to “speak to a customer
representative”). For this reason, we omit the VRU channel from our subsequent efficiency
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analysis since our measure of VRU transactions may confound self-service transactions with

attempted full service transactions through CSRs.

Skill/Interest in Computers. Generally, the coefficients on “interest in computers” are in the right
direction but tend to be small and insignificant for most channels. Expressed interest in
computers is associated with 9.3% greater online banking transactions, but even this number is
not significant at conventional levels (t=1.5). Thus, the results on this variable are inconclusive
but not inconsistent with our hypotheses. The lack of power of this variable may simply be due

to imperfect measurement, an issue which can hopefully be addressed in future research.

Channel Availability. There is a clear relationship between customer adoption of online banking
and lower numbers of transactions in all other channels except ACH, which shows a modest
increase. The greatest relationships are the VRU channel (38% less use for customers with
online banking after controlling for tenure) because the capabilities between online banking and
the VRU are similar. Similarly, customers with online banking access perform nearly 13% fewer
teller transactions. As observed in the online banking tenure analysis, ACH appears to be a
complement to online banking. The results are not as strong for other channel availability
measures but are largely consistent with our hypotheses. Greater numbers of available ATMs in
the customer’s home zip code area is associated with fewer teller transactions and more ATM
transactions, suggesting that ATMs are substitutes for tellers, as would be expected. One
additional ATM is associated with a 0.8% decline in teller transactions and a 2% increase in
ATM transactions. ATMs appear to be substitutes for the other channels, although these
coefficients are not significant. The results of branch density are puzzling. More branches are
associated with less branch transactions and more use of online banking. Although this is
inconsistent with our story of branch availability, it could indicate that branches tend to have the
highest densities in communities that also have a propensity to use online banking such as urban
settings. Thus, it appears that it may be acting as a control for unobserved demographic factors.
Unfortunately we are not able to test this further because the branch data and our geographic
control are both at the same level of aggregation (zip code), which means we cannot use a zip

code control to eliminate this source of variation.
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Opportunity Cost. The results on income are consistent with an argument that customers may
utilize self-service to economize on opportunity costs. Medium-income consumers perform
nearly 13% more online banking transactions and 3% more ACH transactions. The relationship
is even more pronounced for high-income customers: high-income customers conduct 28% more
online banking transactions, 7% fewer VRU transactions and 2% fewer teller transactions
(although the figure for tellers is only marginally significant at p<.1). Interestingly, although
income might be proxy for other factors such as education or computer skill, the fact that these
numbers are substantial after controlling for both education and “interest in computers” provides

greater confidence in our interpretation.

Transaction Volume. The results also support hypothesis H1-2, that simple transactions are more
often accomplished in self-service channels. The coefficients suggest that a 10% greater number
of inquiry transactions is associated with an approximately 1.8% increase in online banking
transactions and a 1.3% increase in ATM transactions, but only a 0.5% increase in teller
transactions. In other words, the results are consistent with the argument that a marginal inquiry
transaction is more likely to be directed to a self-service channel. These differences between the
coefficients on inquiries for the teller channel versus the other channels are all significant at
p<.001.

Other Controls. The control variables for state of residence and month are jointly significant and
in most cases individually significant in all analyses. The same is also true for the family
structure variables. Our theory does not provide specific predictions for these variables, so we
cannot interpret them further in terms of our model. However, one interesting observation is that
households where women are the primary account holder are significantly more likely to perform
transactions in the online channel and less likely to use tellers, an observation that might prove

useful in marketing efforts for online banking.

4.3. Customer Efficiency

Using the approach described in Section 3, we now construct measures of customer efficiency.
We first perform regressions of channel usage against all covariates in our model except those
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associated with customer efficiency. The standardized residuals from this regression are used to
construct four efficiency measures as described in Section 3. CE1 is computed as the difference
between the two self-service channel residuals (ATM, online banking) weighted by number of
transactions an individual customer performs in each channel each month, and the residual of the
teller channel. CEL1 is our preferred measure as it accommodates transaction differences across
consumers over time and does not include the potentially problematic VRU channel. For the
purpose of robustness check we also construct alternative measures. CE2 is the same as CE1
except that it includes VRU as a self-service channel. We also computed two additional
measures, also omitting the VRU channel: CE3 uses weights proportional to population means
rather than customer specific time-varying weights, and CE4 utilizes equal weights. In all cases,
the efficiency measures are standardized to a mean of zero and a standard deviation of 1 to ease
interpretation. These measures are then regressed on the customer efficiency covariates using
ordinary least squares with Huber-White robust standard errors (Wooldridge 2002) using the
STATA “reg” procedure. (see Table3).

Overall, the models are all significant (p< .001) and the results on the efficiency measures mirror
our earlier analysis (Table 3) and lends support to hypothesis H2. Age is negatively related to
efficiency, which is significant for CE2, CE3 and CE4 although not significant for CEL.
Efficiency is shown to be increasing in education, which is significant for the highest education

level “graduate” for CE1 ( S5 =0.13, p<.01) and significant for both “college” and

educ—graduate
“graduate” for CE3 and CE4. The efficiency measures are all shown to have a concave
relationship with tenure: for CE1 with the maximum roughly in the middle of the sample (9 years)
— thus, efficiency is initially increasing in tenure, then decreasing. This is similar to the results
for the individual channel analyses. Efficiency is increasing in experience with online banking
up to the midpoint of the sample (the maximum is achieved at 1.6 years) and then declining in
tenure although tenure has a net positive contribution over the entire sample range. Thus,
efficiency is broadly related to age, education, online banking tenure and overall customer tenure

though the results on “interest in computers” are inconclusive.

Overall, examining the columns of Table 3, it appears that although there are some variations in
the results from the different efficiency measures they are broadly consistent, which suggests the
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empirical performance of our efficiency measure is not particularly sensitive to the choice among

plausible weight schemes.
4.4 Customer Efficiency and Performance

We consider three measures of performance: profitability as computed by the bank, product
utilization, and retention. The baseline model relates the dependent performance variable
(designated generically by P) to customer efficiency (and its square to account for nonlinear
effects), and to a set of control variables suggested by our channel use model. We include
customer efficiency correlates in addition to customer efficiency for two reasons: first, it may
improve empirical performance of the model if these variables have a direct relationship with
performance; second, our results are more conservative and perhaps more relevant because the
efficiency measure now can be interpreted as efficiency that was not otherwise observable
through the efficiency correlates. Thus,
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We also examined variations of the model which include transaction count controls (the counts
of different types of transactions of the customer) and channel count controls (the counts for

transactions in various channels of the customer).

We utilize Huber-White robust standard errors to correct for repeated observations of the same
customer over time (Wooldridge 2002) except in fixed-effects and random-effects analyses
which already control for repeated observations. For the profitability analysis, the dependent
variable is the bank’s internal profit measure. For product utilization, we utilize the logarithm of
account balance as the dependent variable for each type of product (deposit, assets and
investment). All of these models are estimated by ordinary least squares (using the STATA “reg”
procedure) as well as by fixed and random effects panel data models (using the STATA “xtreg”
procedure). For the retention analysis, we utilize logistic regression where the dependent

variable (depart) is set to one if the customer departed the bank and zero otherwise (using the

31



STATA “logit” procedure). Overall the models are all significant (p < .001) although some have
a relatively small R-squared (see further discussion below) and the results are generally

supportive to hypothesis H3.

Profitability. The profit results are shown in Table 4. The baseline model (Column 1) suggests
that more efficient customers are more profitable — a customer that is one standard deviation

above the mean in efficiency contributes $4.76 of additional monthly profit

(B @)+ peot (1) =4.76, p <.01). This relationship continues to hold (and is significant)

CE1-squared
when we control for transaction types (Column 2) and actually gets stronger when we utilize a
fixed effects analysis that controls for all time-invariant customer characteristics (Column 4).
Results of a random effects panel data model are similar (not shown).

In addition, the estimates of the model with channel controls (Column 3) suggest that the
allocation of transactions across channels does explain the relationship between efficiency and
profitability. When controls for channel usage are included the coefficients are large and
negative (as channel use incurs cost), and the efficiency coefficient turns slightly negative. This
suggests that more efficient customers are associated with greater profits principally due to
allocation of transaction activity across channels, not because of a change in the overall mix of
actual transaction types (consistent with our treatment of these as exogenous), nor due to
incremental revenue enhancing behaviors. If customer efficiency had no relationship with profits
except through channel transaction volume, this CE1 coefficient should be close to zero. We

will consider the possibility of revenue differences further in the product usage analysis.

The control variables in these regressions also appear to be reasonable. Profitability is increasing
in income, as would be expected. Interestingly, although ATM density is largely unrelated to
profitability, branch density is associated with higher profitability. This is consistent with our
explanation of a prior result that branch density was associated with higher online banking
adoption. It may be that branch density acts partially as a proxy for unobserved demographic
variables in addition to representing the availability of the teller and platform channels. The
overall fit of the regression is somewhat small with an R? of around 2%. This is not surprising as
customer profitability in retail banking is known to vary considerably across customers (see e.g.,
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Hitt and Frei 2002) for idiosyncratic reasons. However, due to our large sample size, most of the
variables are significant individually and jointly. Overall, these results lend support for H3.

Attrition.  The attrition results shown in (Table 5) suggest a convex relationship between
attrition rate (the probability of departing the bank) and customer efficiency. Column 1 shows
the linear CE1 coefficient to be negative and the quadratic term coefficient to be positive (both
significant at p< .01). A customer with a very low efficiency has a higher attrition rate that is
reduced as efficiency increases. This negative relationship between efficiency and attrition
persists until attrition is minimized at .96 standard deviations above the mean of CEL, and is
increasing with efficiency thereafter. The result is similar, although weaker with transaction type
controls (Column 2). In Column 3 we add channel usage controls. Greater use of tellers and the

online banking channel are both associated with less attrition, although the teller relationship

(Brrt =-22,p<.01) is more than double the coefficient on online banking

ntl

(Bt = 12, p<.01). This suggests that while more use of self-service is associated with

neb
decreased departure, the relationship is much stronger with the full service teller channel.
However, unlike in the profitability analysis, the relationship between attrition and efficiency
(with channel use controls) becomes much stronger and suggests a negative relationship between
attrition and efficiency over almost the entire sample (the departure rate is minimized at 3.7
standard deviations above the sample mean which is above 99% percentile of the sample
distribution). Thus, while the general relationship between efficiency and departure is negative,
the very lowest and highest efficiency customers show greater attrition. Since we believe the
results without channel usage controls are the proper way to interpret CE, this provides mixed

support for H3.

Product Utilization. The results on product utilization are similar in direction to the results on
attrition. In Table 6, we estimate separate regressions for each of the three account types:
liabilities (deposit accounts), asset accounts (loans), and investment products (principally mutual
funds). Each regression was performed using OLS, random effects (not shown but similar to
OLS), and fixed effects models. The results consistently show a concave relationship between
product use and efficiency where balances are maximized around or above the sample mean. In

OLS, deposit balances are maximized at .84 standard deviations above the sample mean of
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efficiency. Similar results hold for asset balances (concave with maximum at 0.2 standard
deviations) and investment balances (concave with maximum at -.02 standard deviations relative
to the mean). The results of the fixed effects analyses are more consistent — all show concave
relationships with significant linear and quadratic terms and that balances are maximized in the
range of 1.4 to 1.9 standard deviations above the mean (about the 90" percentile of the sample
distribution). Thus, the balances results also provide partial results for H3, although the
relationship between customer efficiency and product utilization is more complex (being

curvilinear rather than linear) than we had anticipated.

The control variables in these analyses are mostly insignificant and generally mixed in sign.
Education is consistently positively associated with balances but often not significant. One
notable exception is income, which as expected has a large and positive relationship with
balances — a high income customer has approximately 87% higher liability balances, 68% greater
asset balances and 37% percent greater investment balances than a low income customer. These

coefficients as well as the coefficients on medium income are all significant at p< .01.

5. Summary and Discussion

Operations managers across service industries face the challenge of designing and managing an
increasingly complex multi-channel service delivery system that consists of both traditional,
physical, employee-provided service channels as well as virtual, self-service channels. Given the
co-production nature of service production, a crucial step toward successful service design and
management is to understand both how customers utilize these channels and the corresponding
impact on firm performance in short and long term. This requires identifying a wide array of
factors that affects customers’ channel choices. Prior literature has developed the theoretical
argument that customer efficiency, defined as a customer’s efficiency of participation in the
service co-production process, should be associated with greater self-service utilization, and that
greater customer efficiency is therefore associated with greater firm performance. In addition,
many of the customer characteristics that should be associated with greater customer efficiency
have been previously identified. We make two specific contributions to this literature. First, we

develop an approach for the measurement of customer efficiency utilizing channel demand,
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enabling examination of customer efficiency issues without requiring complete data on all
customer inputs and outputs. Instead, we measure efficiency as a residual in a model of self-
service channel use after controlling for channel availability and other factors unrelated to
efficiency. Analysis using this measure suggests that our efficiency measure is correlated with
many demographic characteristics in the expected way. Second, we utilize our efficiency
measure to examine the relationship between customer efficiency and performance, a
relationship which has been hypothesized but rarely tested. Our results suggest that customer
efficiency is strongly and positively associated with customer profitability across the sample.
We also find that customer retention and product balances are increasing in efficiency for at least
half the sample which is consistent with expectations, but that the very highest efficiency
customers have lower retention and lower balances than other customers which was not
anticipated by our model and theoretical discussion. We also find support for theories presented
in prior work in service operations, that self-service channels that often have high automation
levels are relatively favored by bank customers for simple and standard transactions in

comparison to employee service channels.

While our efficiency measure has practical advantages, it also has some theoretical
disadvantages shared with other approaches that capture a latent construct as a residual (for
example, the Solow residual of multifactor productivity — see e.g., Solow 1957 -- also has this
disadvantage). In particular, we rely heavily on prior assumptions and model specification to
establish that our residual measure indeed captures efficiency and not some other latent construct.
As noted by Edwards and Bargozzi (Edwards and Bagozzi 2000) the elimination of unwanted
causal factors from empirical measures is well known but difficult problem for empirical testing
of social science constructs. We attempt to minimize this problem by using theoretically
motivated control variables and checking the results of our analyses for consistency with prior
theoretical and empirical arguments. Nonetheless, the ideal test would be to combine the direct
measurement of customer inputs and outputs with our indirect measurement approach to see how
much of our measure is due to efficiency as opposed to general customer heterogeneity. We

hope to pursue this in future work.
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Our empirical analysis of transaction behavior uncovered two unexpected relationships. First,
greater branch density is associated with fewer teller transactions and more online banking. This
may be a causality issue because the factors associated with greater online banking usage are
also likely to be associated with the areas with desirable demographics where branches might be
constructed for non-transactional reasons (e.g., selling investment products, opening new
accounts). However, since this variable is utilized as a control it does not lead us to question our
core findings about customer behavior and efficiency. Second, we did not anticipate a strong
concave relationship between product utilization and efficiency. Part of this observation is
consistent with the idea that more efficient customers are better at managing their money which
leads to lower balances. It may also be consistent with the idea that customers for whom
transactional access is costly will tend to use fewer products. Regardless of the explanation, it is
clear that the highest efficiency customers, by our measures, behave differently than other
customers and further investigation into this issue is needed. The attrition results are easier to
explain as there is a tension between online channel usage and increased retention and an even
stronger relationship between retention and teller usage. Without knowing the causal direction
of this relationship, whether loyal customers use online banking and tellers more or whether
these channels build lock-in and encourage loyalty, it is difficult to understand whether
interventions to alter channel utilization are likely to improve retention. It does, however,
suggest, that efficiency and performance are related. It may be possible to disentangle these

effects with a longer time series, which represents another opportunity for future research.

There are four additional limitations of the current study that suggest avenues for future research.
First, our data is from a single bank. Given the random sampling approach and the sheer size of
the bank we consider, our results are likely to be broadly representative of a large population.
However, we cannot investigate the possibility that the customer choices we observe are affected
by specific practices of this bank, such as account features (e.g., fee structure), channel
characteristics (e.g., online banking system design or call center hold times), and brand
positioning. We hope to expand the scope of the data collection in future research. In addition,
although our model was motivated by our discussions with retail banking executives, it appears
the model should apply to multi-channel service delivery systems in other industries as well. A
study in a different industry would help to validate our customer efficiency measurement

36



approach. Second, our customer transaction records only cover transactions for traditional
deposit products. Because this represents the vast majority of discretionary retail banking
transactions, this seems a reasonable starting point. However, as banks are increasingly reliant
on non-traditional products (investment, brokerage, insurance) and these products are
increasingly served through the same service delivery infrastructure, it would be useful to extend
our analysis to consider these products beyond simply examining product utilization. Third, the
explained variance in some of our performance regressions is relatively small, although all the
models are highly significant. While we would generally prefer greater explanatory power, this
most likely suggests that profitability and other performance dimensions are driven heavily by
unobserved differences across customers. However, we do note that the significance levels of
our efficiency measure are on the same order as factors known to be important in banking
profitability, such as household income or transaction volume. Thus, explanatory power is a
broader concern regarding the empirical setting, rather than a concern specific to our approach.
This also suggests it would be beneficial to identify other constructs that can be used to further
distinguish customer profitability differences among customers. Moreover, it also suggests that
without substantial improvements in modeling or data on profitability, large sample sizes will be
required for this type of research. Fourth, and finally, because we measure efficiency as a latent
construct revealed through channel choice, we cannot directly investigate the relationship
between efficiency and self-service usage. Our prior arguments suggest that at least some
components of efficiency may be immeasurable, but it would be useful to compare our measure
of customer efficiency to direct measures of customer behavior (e.g., time spent performing
transactions) for the purpose of examining the accuracy of the measure and to understand the
importance of unobservable components to overall customer efficiency. This issue exactly
mirrors the concern in the firm productivity literature that focuses on methods for “explaining”

multifactor productivity of firms given that it is also measured as a residual concept.
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Table 1: Data Description and Summary Statistics

Variable Definition No. No. of Mean Std. Min Max
Subjects Obs. Dev.

CEl Customer efficiency measure ( “CE1 24450 224377 0 1 -5.59 4.97
squared” is the square term of CE1)

CE2 Alternative customer efficiency measure 24450 224377 0 1 -5.49 4.66
(with VRU data)

CE3 Alternative customer efficiency measure 24450 224377 0 1 -5.07 3.56
(sample mean proportion weight)

CE4 Alternative customer efficiency measure 24450 224377 0 1 -4.28 3.87
(equal weight)

profit Customer profitability (as measured by the 23089 109428 9.65 117.07 -4,562.63  14,062.06
bank)

depart 1 if customer left the bank and zero 24450 224377 .05 .22 0 1
otherwise

Inliabbal Liability balance (e.g. deposits) 24450 224377 8.19 2.52 0 17.43

Inastbal Asset balance (e.g. loans) 24450 224377 2.72 4.08 0 15.13

Ininvbal Investment balance (e.g. mutual fund) 24450 224377 .62 2.37 0 16.15

Inatm ATM transactions 24450 224377 1.31 1.10 0 5.02

Invru VRU transactions 24450 224377 .92 1.40 0 6.78

Intl Teller transactions 24450 224377 1.26 .82 0 5.66

Ineb Internet/online banking transactions 24450 224377 .40 .97 0 6.07

Ining Account inquiry transactions (all channels) 24450 224377 1.67 1.36 0 6.79

Indep Deposit transactions (all channels) 24450 224377 1.25 .72 0 5.66

Inwd Withdrawal transactions (all channels) 24450 224377 1.72 .85 0 5.36

Inxfr Transfer transactions 24450 224377 .15 42 0 3.33

tenure Length of relationship (years), tenure2 is the 24450 224377 9.63 7.72 0 35.52
square

eb-tenure  Time since online banking initiated (years), 24450 224377 2.23 .93 0 6.34
eb-tenure2 is the square

age Customer age, age2 is the square 24450 224377 47.21 15.59 18 90

ATM Count of ATMs in customer’s home zip 24450 224377 1.65 1.92 0 14
code area

branch Count of bank branches in customers” home 24450 224377 1.13 1.42 0 9.00
zip code area

web Has internet banking (1=yes, 0=no) 24450 224377 .36 48 0 1

gender Gender (1=female, 0=male) 24450 224377 .80 40 0 1

comp Interest in computers (1=yes) 24450 224377 .05 .21 0 1

children Has children at home 24450 224377 0-missing (69.25%); 1-no (11.73%); 2-yes

(19.02%)
married Primary account holder is married 24450 224377 0-missing (33.18%); 1-no (33.71%); 2 —yes
(33.11%)
income Annual household income (estimated) 24450 224377 0-missing (19.55%); 1-low (<=$40k) (19.18%),

2- medium ($40~75Kk) (24.87%), 3-high
(>=$75k)(26.39%)

education  Education level of primary account holder 24450 224377 0-missing (87.3%); 1-high school, vacation or
technology school (4.54%), 2-college (5.06%),
3-graduate school (3.1%)

Each observation (“obs.”) is a subject in a month. All variables can potentially vary over time except demographic
variables (gender, comp, children, married, income, education), and physical channel availability (ATM, branch).
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Table 2: Channel Use Analysis

) ) @) (4) ()
Teller Channel VRU Channel ATM Channel ACH Channel  Online Banking
Intl Invru Inatm Inach Ineb
Ining .050 .832 130 181
(.003)** (.004)** (.004)** (0.010)**
Inwd 153 .612 331 124
(.006)** (.006)** (.005)** (0.016)**
Indep 436 129 454
(.007)** (.008)** (.006)**
Inxfr 452 737
(.012)** (0.023)**
age .021 -.006 -.009 -.007 -.026
(.001)** (.002)** (.002)** (.001)** (0.005)**
age2 -.0002 .00005 -.00001 .0001 .0002
(.00001)** (.00002)** (.00002) (.00001)** (.00005)**
comp -.005 -.035 .010 .010 .093
(.020) (.026) (.025) (.020) (.062)
college -.033 -.052 .087 .006 -.048
(.027) (.035) (.031)** (.024) (.086)
graduate -.123 -.123 153 .018 .060
(.030)** (.040)** (.036)** (.029) (.101)
tenure -.012 .015 -.008 .025 -.010
(.00173)** (.002)** (.002)** (.002)** (.006)
tenure2 .0004 -.0003 -.00001 -.0006 .0002
(.00006)** (.00007)** (.00007) (.00005)** (.0002)
eb_tenure -.053 101 .019 102 -.365
(.013)** (.020)** (.015) (.012)** (.025)**
eb-tenure2 .003 -.030 -.014 -.017 .093
(.002) (.004)** (.003)** (.002)** (.005)**
ATM -.008 -.006 .020 -.004 -011
(.003)** (.004) (.003)** (.003) (.009)
branch -011 -.015 .032 -.021 .031
(.003)** (.005)** (.004)** (.003)** (.012)**
web -.128 -.379 -191 132
(.022)** (.0274)** (.024)** (.021)**
Med-income -.005 -.025 .002 .026 133
(.012) (.014) (.013) (.010)* (.036)**
High-income -.020 -071 .006 .022 .281
(.012) (.015)** (.013) (.011)* (.036)**
gender -.091 -.023 .044 .045 .155
(.018)** (.023) (.020)* (.016)** (.055)**
children .059 -.005 -.015 .021 -.143
(.016)** (.021) (.019) (.015) (.053)**
married -.057 -.039 .106 -.044 -.021
(.011)** (.014)** (.013)** (.010)** (.036)
Dummy State, Month State, Month State, Month State, Month State, Month
Variables
Observations 224377 224377 224377 224377 224377
R-squared .26 .63 .53 .46

Each column represents a separate regression. The column header is the dependent variable. Huber-White robust
standard errors are shown in parenthesis. * - p<.05, ** - p<.01. Dummy variables for missing data (children, married,
income, married, and education) are also included (not shown). All models are significant with p<.001. None of the
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regression coefficients are standardized. Three decimal places are used unless to have more decimal places is necessary
(e.g. the coefficients and standard errors of “age2” and “tenure2”).

Table 3: Customer Efficiency Measure and Correlates

1) ) (©) (4)
Customer-specific VRU Included Sample Mean Equal Weights
Weights Weights
CE1l CE2 CE3 CE4
age -.003 -.005 -.021 -.018
(.002) (.002)* (.00207)** (.002)**
age2 -.00003 -.00002 .00009 .00006
(.00002) (.00002) (.00002)** (.00002)**
comp -.002 -.014 .034 .023
(.027) (.027) (.029) (.029)
college .044 .024 107 116
(.036) (.037) (.039)** (.039)**
graduate 105 .061 .235 .235
(.042)* (.043) (.043)** (.043)**
tenure .006 .016 .015 .022
(.002)* (.002)** (.003)** (.002)**
tenure2 -.0003 -.0006 -.0006 -.0008
(.00007)** (.00007)** (.00009)** (.00008)**
eb_tenure .092 114 .093 114
(.020)** (.021)** (.018)** (.018)**
eb-tenure2 -.028 -.033 -.021 -.025
(.004)** (.004)** (.003)** (.003)**
web -.528 -.446 -.304 -.383
(.029)** (.029)** (.031)** (.0309)**
Dummy Variables State, Month State, Month State, Month State, Month
Observations 224377 224377 224377 224377
R-squared .07 .05 .04 .05

Each column represents a separate regression. The column header is the dependent variable. Huber-White robust
standard errors are shown in parenthesis. * - p<.05, ** - p<.01. Dummy variables for missing data (education) are also
included (not shown). All models are significant with p<.001. None of the regression coefficients are standardized.
Three decimal places are used unless to have more decimal places is necessary (e.g. the coefficients and standard errors

of “age2” and “tenure2”).
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Table 4. Customer Efficiency and Profit

(1) ) ©)] 4)
Baseline Transaction type control Channel Control Fixed Effects
profit profit profit profit
CEl 4.963 5.522 -2.796 6.638
(.674)** (0.679)** (1.108)* (.652)**
CE1 squared -.204 -171 -.666 .041
(.228) (.229) (.226)** (.213)
age -.356 -.228 -177
(.180)* (.178) (.180)
age2 .007 .004 .003
(.002)** (.002)* (0.002)
comp 1.136 418 .570
(2.102) (2.079) (2.082)
college 3.752 4111 3.765
(2.911) (2.868) (2.885)
graduate 12.119 11.817 11.117
(3.477)** (3.426)** (3.437)**
tenure 2.726 2975 2.736 15.589
(.227)** (.229)** (.229)** (6.956)*
tenure2 -.064 -.072 -.066 -.386
(.007)** (.007)** (.007)** (.073)**
eb_tenure 20.872 20.756 19.418 36.381
(1.887)** (1.872)** (1.884)** (3.841)**
eb-tenure2 -3.669 -3.531 -3.419 -5.260
(.356)** (.351)** (.358)** (.619)**
ATM -.268 -.166 -.406
(.460) (.456) (.467)
branch 2.665 2.573 2.623
(.535)** (.530)** (.537)**
web 16.828 19.012 15.120 55.139
(2.213)** (2.231)** (2.257)** (6.532)**
Med-income 2.002 2.178 2.077
(1.160) (1.149) (1.151)
High-income 15.958 15.815 15.785
(1.628)** (1.630)** (1.615)**
gender 2.384 3.799 2.400
(2.122) (2.101) (2.101)
children 144 1.076 718
(1.985) (1.963) (1.967)
married 2.117 2.215 1.442
(1.426) (1.413) (1.431)
Ining -3.802 1.527
(.424)** (.577)**
Inwd -7.449 -2.554
(.865)** (.834)**
Indep 5.890 -4.747
(.869)** (.897)**
Inxfr -7.276 -5.127
(1.175)** (1.357)**
Intl -12.806
(1.159)**
Inatm -2.038
(.732)**
Ineb -6.926
(.910)**
Inach 8.554
(.818)**
Invru -3.377
(.355)**
Observations 109428 109428 109428 109428
R-squared .02 .03 .03 .02

Each column represents a separate regression. The column header is the dependent variable. Huber-White robust standard errors are
in parenthesis except for the fixed effects regression. * - p<.05, ** - p<.01. A constant and dummy variables for missing data
(income, gender, married, education) are also included (not shown), state and month are also included. Sample size is reduced since
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profit is only available every two months. All models are significant with p< .001. None of the regression coefficients are
standardized. Three decimal places are used unless to have more decimal places is necessary (e.g. the coefficients and
standard errors of “age2” and “tenure2”).
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Table 5: Customer Efficiency and Attrition

@ @ )
Baseline Transaction type Channel Controls
control
depart depart depart
CEl -.067 -.034 -.187
(-024)** (-025) (.036)**
CE1 squared .035 .026 .025
(.008)** (.008)** (.009)**
age -.049 -.048 -.047
(.010)** (.010)** (.010)**
age2 .0003 .0003 -0003
(.0001)** (0.0001)** (.0001)**
comp -.139 -.134 -.135
(-199) (-199) (-199)
college -.066 -.065 -.069
(.226) (.225) (-226)
graduate .252 .265 .254
(.254) (.255) (.255)
tenure -.081 -.070 -.073
(.013)** (.014)** (.014)**
tenure2 .002 .001 .001
(.0006)** (.0006)* (.0006)*
eb_tenure .247 .258 .251
(-094)** (-094)** (.095)**
eb-tenure2 -.039 -.039 -.038
(.019)* (.0192)* (.019)
ATM .016 .017 .011
(.02) (.020) (.021)
branch .060 .066 .057
(.023)** (.023)** (.023)*
web .089 .128 -132
(.143) (.144) (.146)
Med-income -.001 .010 .008
(.083) (.083) (.083)
High-income -.084 -.059 -.066
(.088) (.088) (.088)
gender -.115 -.094 -.102
(.118) (.118) (-119)
children -.221 -.235 -.218
(.144) (.144) (.144)
married .561 .550 -526
(-092)** (-092)** (.093)**
Ining .029
(.024)
Inwd -.034
(.033)
Indep -.223
(.038)**
Inxfr -.117
(.069)
Intl -.216
(.047)**
Inatm .063
(.033)
Ineb -.119
(.039)**
Inach -.116
(.041)**
Invru .019
(.021)
Dummy Variables Month, State Month, State Month, State
Observations 224377 224377 224377

Each column represents a separate logistic regression. The column header is the dependent variable. Huber-White robust standard
errors are in parenthesis. * - p<.05, ** - p<.01. Dummy variables for missing data (income, gender, married) are also included (not
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shown). All models are significant with p<.001. None of the regression coefficients are standardized. Three decimal places
are used unless to have more decimal places is necessary (e.g. the coefficients and standard errors of “age2” and
“tenure2”).

Table 6: Customer Efficiency and Product Use

@ (2 3 4 ®) (6)
Liabilities: Liabilities: Assets: Assets: Investments:  Investments:
OoLS Fixed Effects OLS Fixed OoLS Fixed Effects
Effects
Inliab Inliab Inast Inast Ininv Ininv
CE1 .393 .645 .050 .286 -.006 .042
(.018)** (.005)** (.0231)* (.008)** (.01) (.004)**
CElsquared -.235 -.236 -.050 -.100 -.020 -.011
(.006)** (.002)** (.008)** (.003)** (.004)** (.001)**
age .018 .100 .015
(.005)** (.008)** (.005)**
age2 .00002 -.001 -.00009
(.00005) (.00007)** (.00005)
comp .056 -12 .097
(.065) (.132) (.096)
college 162 125 .024
(.084) (.169) (.118)
graduate .466 .087 .013
(.094)** (.195) (.137)
tenure .146 -.785 131 -.389 .069 -.051
(.006)** (.032)** (.010)** (.050)** (.006)** (.022)*
tenure2 -.003 .0001 -.003 -.012 -.002 .007
(.0002)** (.0006) (.0004)** (.001)** (.0002)** (.0004)**
eb_tenure .037 211 254 .320 136 .015
(.043) (.032)** (.083)** (.051)** (.052)** (.023)
eb-tenure2 .005 .031 -.026 -.045 -.016 .010
(.008) (.005)** (.016) (.008)** (.010) (.004)**
ATM -.005 -.007 -.009
(.010) (.017) (.012)
branch 114 -.027 .036
(.012)** (.021) (.016)*
web 211 .947 .348 .755 .167 .086
(.066)** (.054)** (.129)** (.086)** (.072)* (.039)*
Med-income  .451 419 .160
(.037)** (.068)** (.041)**
High-income .867 674 .369
(.038)** (.072)** (.046)**
female -.033 322 -.027
(.063) (.100)** (.064)
children -.300 .005 -.074
(.052)** (.104) (.070)
married -.232 -.557 .031
(.036)** (.068)** (.04)
Dummy Month, State  Month, State  Month, State  Month, State  Month, State  Month, State
Variables
Observations 224377 224377 224377 224377 224377 224377
R-squared A7 12 .07 .09 .03 .05
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Each column represents a separate regression. The column header is the dependent variable. Huber-White robust
standard errors are in parenthesis except for the fixed effects regressions. * - p<.05, ** - p<.01. A constant and dummy
variables for missing data (income, gender, married, education) are also included (not shown), state and month are also
included. All models are significant with p < .001. None of the regression coefficients are standardized. Three decimal
places are used unless to have more decimal places is necessary (e.g. the coefficients and standard errors of “age2” and
“tenure2”).
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