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Abstract. It has been recognized that the link between information technology (IT) investment and firm
performance is indirect due to the effect of mediating and moderating variables. For example, in the banking
industry, the IT-value added activity helps to effectively generate funds from the customer in the forms of
deposits. Profits then are generated by using deposits as a source of investment funds. Traditional efficiency
models, such as data envelopment analysis (DEA), can only measure the efficiency of one specific stage
when a two-stage production process is present. We develop an efficiency model that identifies the efficient
frontier of a two-stage production process linked by intermediate measures. A set of firms in the banking
industry is used to illustrate how the new model can be utilized to (i) characterize the indirect impact of
IT on firm performance, (ii) identify the efficient frontier of two principal value-added stages related to IT
investment and profit generation, and (iii) highlight those firms that can be further analyzed for best practice
benchmarking.
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1. Introduction

Information technology (IT) has become a key enabler of business process reengineer-
ing if an organization is to survive and continue to prosper in a rapidly changing busi-
ness environment while facing competition in a global marketplace (see, e.g., [17]).
The increasing use of IT has resulted in a need for evaluating the productivity impacts
of IT. The impact of IT on performance has been studies within firms, industry, and in-
dividual information systems (e.g., [1,21]). A number of studies on the “productivity
paradox” [8] have found a positive relationship between IT investment and firm perfor-
mance (e.g., [9,10,22]). The research at the industry level has yielded mixed results (e.g.,
[6,14,18,29]).

This is partly due to the fact that IT is indirectly linked with firm performance [23].
In this regard, Kauffman and Weill [21] suggest using a two-stage model to explicitly
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incorporate the intermediate variables that link the IT investment with the firm perfor-
mance. Wang et al. [28] utilize Data Envelopment Analysis (DEA) to study the marginal
benefits of IT with respect to a two-stage process in firm-level banking industry. Al-
though the two-stage DEA approach is developed to include the intermediate measures
as a result of IT-value added activity, an overall efficient firm cannot guarantee 100%
efficiency in each stage.

Based upon DEA, the current paper develops a methodology that measures the rel-
ative efficiency of two-stage processes and identifies an empirical efficient frontier when
intermediate measures are present. The methodology provides initial results with respect
to (i) characterizing relationships between IT investment and productivity, (ii) identify-
ing the efficient firms of a two-stage production process, and (iii) highlighting the firms
that can be further analyzed for best practice benchmarking.

The new tool allows us to also measure the marginal benefits of IT on productivity
based upon the identified two-stage best practice frontier. The new tool can be used by
managers to further identify potential candidates for best practice benchmarking. For ex-
ample, secondary data based research can be conducted in identifying a relationship and
raising questions as to the ultimate source of a phenomenon, e.g., the disparity between
IT investment and performance among various firms.

In fact, despite significant amount of research effort in evaluating the productivity
payoffs from IT investment, it has been recognized that we need a more inclusive and
comprehensive approach that considers broader economic and strategic IT impacts on
productivity [10]. For example, Hitt and Brynjolfsson (1999) study the business value of
IT using three different measures of IT value. Tallon et al. [27] introduce a process-level
model of IT business value to evaluate the impacts of IT on critical business activities
within the value chain. Bresnahan et al. [7] investigate the three related innovations of
IT, workplace reorganization and the demand for skilled labor. Our new tool provides a
set of best practice firms for such follow-up studies.

The current study uses DEA as the fundamental tool for the following rea-
sons. First, in performance evaluation, the use of single measures ignores any inter-
actions, substitutions or tradeoffs among various firm performance measures. DEA
has been proven effective in performance evaluation when multiple performance mea-
sures are present [30,32]. Second, DEA does not require a priori information about
the relationship among multiple performance measures. DEA estimates the empir-
ical tradeoff curve (efficient frontier) from the observations. Third, a number of
studies about the IT impact on firm performance have successfully used DEA (e.g.,
[4,26,28].

The remainder of the paper is organized as follows. The next section briefly intro-
duces the method of DEA. We then develop our model. The model is then illustrated
by a set of firms from the banking industry used by Wang et al. [28]. Limitations and
managerial values of the model are discussed. Conclusions are provided in the last sec-
tion.
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2. Data envelopment analysis

DEA is a mathematical programming approach that evaluates the relative efficiency of
a set of units with respect to multiple performance measures – inputs and outputs [12].
DEA is particularly useful when the relationship among the multiple performance mea-
sures is unknown. Through the optimization for each individual unit, DEA yields an
efficient frontier or tradeoff curve that represents the relations among the multiple per-
formance measures.

For example, consider the tradeoff between IT investment and number of employ-
ees. Figure 1 pictures the efficient frontier or tradeoff curve containing F1, F2 and
F3 and the area dominated by the curve. A firm performance (or IT investment strat-
egy) on the efficient frontier is non-dominated (efficient) in the sense that there exists
no performance that is strictly better in both IT investment and employee. Through
performance evaluation, the (empirical) efficient frontier is identified, and any current
inefficient performance (e.g., point F) can be improved onto the efficient frontier with
suggested directions (to F1, F2, F3 or other points along the curve).

Suppose we have n observations associated with each firm. i.e., we have observed
input and output values of xij (i = 1, . . . , m) and yrj (r = 1, . . . , s), respectively, where
j = 1, . . . , n. The (empirical) efficient frontier is formed by these n observations. The
following two properties ensure that we have a piecewise linear approximation to the
efficient frontier and the area dominated by the frontier [2].

Figure 1. Efficient frontier of firm performance.
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Property 1. Convexity.
∑n

j=1 πjxij (i = 1, . . . , m) and
∑n

j=1 πjyrj (r = 1, . . . , s)
are possible inputs and outputs achievable by the firms, where πj (j = 1, . . . , J ) are
nonnegative scalars such that

∑n
j=1 πj = 1.

Property 2. Inefficiency. The same yrj can be obtained by using x̂ij , where x̂ij � xij

(i.e., the same outputs can be produced by using more inputs); the same xij can be used
to obtain ŷrj , where ŷrj � yrj (i.e., the same inputs can be used to produce less outputs).

Consider again figure 1 where the IT investment and the number of employees
represent two inputs. Applying property 1 to F1, F2, and F3 yields a piecewise lin-
ear approximation to the curve in figure 1. Applying both properties expands the line
segments F1F2 and F2F3 into the area dominated by the curve.

Applying the above two properties to specific inputs of xi (i = 1, . . . , m) and
outputs of yr (r = 1, . . . , s) yields




n∑
j=1

πjxij � xi, i = 1, . . . , m,

n∑
j=1

πjyrj � yr , r = 1, . . . , s,

n∑
j=1

πj = 1.

(1)

The DEA efficient frontier is determined by the nondominated observations satis-
fying (1). Based upon (1), we have the following DEA model

θ∗ = min
πj ,θ

θ

subject to
n∑

j=1

πjxij � θxij0 , i = 1, . . . , m,

n∑
j=1

πjyrj � yrj0, r = 1, . . . , s,

n∑
j=1

πj = 1,

πj � 0, j = 1, . . . , n,

(2)

where xij0 is the ith input and yrj0 is the rth output of the j0th firm (observation) under
evaluation.

If θ∗ = 1, then the j0th firm is located on the frontier (or efficient). Otherwise,
if θ∗ < 1, then the j0th firm is inefficient. Model (2) is called input-oriented DEA
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model where the goal is to minimize input usage while keeping the outputs at their
current levels. Similarly, we can have an output-oriented DEA model where the goal is
to maximize the output production while keeping the inputs at their current levels.

φ∗ = max
πj ,φ

φ

subject to
n∑

j=1

πjxij � xij0 , i = 1, 2, . . . , m,

n∑
j=1

πjyrj � φyrj0, r = 1, 2, . . . , s,

n∑
j=1

πj = 1,

πj � 0, j = 1, . . . , n.

(3)

Both models (2) and (3) identify the same efficient frontier, because θ∗ = 1 if and
only if φ∗ = 1.

As pointed out in Charnes et al. [11], the user of DEA needs to be cognizant
of the sensitivity of the method to certain issues. For example, there can be applica-
tions where all units or observations are efficient. This is mainly because the number
of observations relative to the number of inputs and outputs is too small. A general
rule of thumb is that the minimum number of units should be equal to or greater than
three times the sum of the inputs and outputs. Also, DEA can be sensitive to the er-
rors in the data such as accuracy or in the measurement. However, such a sensitiv-
ity issue depends on particular data sets under consideration. The sensitivity analysis
techniques developed by Zhu [31] can be easily applied to determine the stability re-
gion.

3. The model

Consider the indirect impact of IT on firm performance where IT directly impacts cer-
tain intermediate measures which in turn are transformed to realize firm performance.
For example, Wang et al. [28] used the DEA model to study the impact of IT invest-
ment on banking performance where two value-added stages were assumed. The first
stage collects funds from the bank customers in the forms of deposits. Since auto-
mated teller machines (ATMs), which constitute a significant portion of IT, are of-
ten regarded as weapons used by banks to capture or protect deposit market shares
[5,28], Wang et al. [28] identify the first stage as an IT-related value-added activity
and deposit dollars as IT-produced intermediate measure. In the second stage, banks
use the deposit dollars as a source of funds to invest in securities and to provide
loans.
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Figure 2. Intermediate measures.

Figure 2 presents a general two-stage production process where the first stage uses
inputs xi (i = 1, . . . , m) to produce outputs zd (d = 1, . . . ,D), and then these zd

are used as inputs in the second stage to produce outputs yr (r = 1, . . . , s). It can be
seen that zd (intermediate measures) are outputs in stage 1 and inputs in stage 2. For
example, in Wang et al. [28], the inputs for the first stage are fixed assets, number of
employees, and IT investment. The second stage evaluates the bank performance by
using two outputs: profit and fraction of loans recovered.

The following theorem shows that a measure cannot be treated as an input and an
output simultaneously in DEA model (2) (or (3)).

Theorem 1. If a measure zk is treated as both an input and an output, then the optimal
value to model (2) must be equal to one.

Proof. Applying model (2) to the measure zk yields
∑n

j=1 πjzkj � θzkj0 (input) and∑n
j=1 πjzkj � zkj0 (output), indicating θ > 1.

Further, note that θ∗ = 1 is always a feasible solution to model (2), indicating that
the optimal θ∗ is always less than or equal to one. Therefore, θ∗ = 1. �

Theorem 1 indicates that although DEA models (2) and (3) can measure the ef-
ficiency in each stage, they cannot deal with the two-stage efficiency with intermediate
measures in a single implementation. Wang et al. [28] exclude the intermediate measures
in one of the DEA implementations and obtain an overall efficiency with respect to the
inputs of the first stage and the outputs of the second stage (see also, [24]). However, as
they discovered, an overall efficient performance does not necessarily indicate efficient
performance in stage 1 and stage 2. Consequently, improvement to the DEA frontier can
be distorted. i.e., the performance improvement of one stage affects the efficiency status
of the other, because of the presence of intermediate measures. This further indicates
that the relationship between IT investments and performance cannot be simply defined
and characterized by model (2) or (3).
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We establish the following liner programming problem

min
α,β,λj ,µj ,z̃

w1α − w2β

subject to
(stage 1)

n∑
j=1

λjxij � αxij0 , i = 1, . . . , m,

n∑
j=1

λjzdj � z̃dj0, d = 1, . . . ,D,

n∑
j=1

λj = 1,

λj � 0, j = 1, . . . , n;
(stage 2)

n∑
j=1

µjzdj � z̃dj0, d = 1, . . . ,D,

n∑
j=1

µjyrj � βyrj0, r = 1, . . . , s,

n∑
j=1

µj = 1,

µj � 0, j = 1, . . . , n,

(4)

where w1 and w2 are user-specified weights reflecting the preference over the two stages’
performance, and symbol “∼” represents unknown decision variables.

The two-stage process presented in figure 2 now can be modeled in a single linear
program. We have

Theorem 2. If α∗ = β∗ = 1, then there must exist an optimal solution such that λ∗
j0

=
µ∗

j0
= 1, where (∗) represents optimal value in model (4).

Proof. Note that λ∗
j0

= µ∗
j0

= 1, α∗ = β∗ = 1, and z̃∗
dj0

= zdj0 are feasible solutions in
model (4). This completes the proof. �

Theorem 3. If α∗ = β∗ = 1, then θ∗ = 1 and φ∗ = 1, where θ∗ and φ∗ are the optimal
values to models (2) and (3), respectively.

Proof. Suppose α∗ = β∗ = 1 in model (4). By theorem 2, we know that λ∗
j0

= µ∗
j0

= 1,
α∗ = β∗ = 1, and z̃∗

dj0
= zdj0 . Now, if θ∗ < 1 in model (2) and φ∗ > 1, then this

indicates that α∗ = β∗ = 1 is not optimal in model (4). A contradiction. This completes
proof. �
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Theorem 3 indicates that when α∗ = β∗ = 1 then the firm is efficient when the two-
stage production process is viewed as a whole. Therefore, model (4) correctly defines
the efficient frontier of a two-stage production process and further can characterize the
indirect impact of IT on firm performance in a single linear programming problem.

From theorem 3, we immediately have the following result

Corollary 1. A firm must be a frontier point in both stages with respect to α∗xij0 (i =
1, . . . , m), z̃∗

dj0
(d = 1, . . . ,D), and β∗yrj0 (r = 1, . . . , s), where (∗) represents optimal

value in model (4).

The above discussion indicates that if a firm is efficient in its use of IT (and other re-
sources in figure 2), then each stage represents nondominated performance given a set of
optimized intermediate measures determined by model (4). Model (4) provides not only
an efficiency index, but also optimal values on the intermediate measures with which
the two stages are efficient. Seiford and Zhu [24] develop a DEA-based procedure to
provide the efficient (optimized) intermediate measures. Our model (4) (or corollary 1)
yields such values in a single linear programming problem.

Based upon corollary 1, model (4) yields directions for achieving the DEA fron-
tier of this two-stage process. Consequently, we can study the (marginal) impact of IT
investment on firm performance. We demonstrate this in our empirical application.

Note that in model (4), the intermediate measures for a specific DMU0 under eval-
uation are set as unknown decision variables, z̃dj0 . As a result, additional constraints can
be imposed on the intermediate measures. This can further help in correctly character-
izing the indirect impact of IT on firm performance. This also constitutes an important
contribution to DEA modeling, because no additional constraints on the inputs/outputs
can be added into the conventional DEA model or process.

4. Application

In this section, we apply the newly developed model (4) to the data set used in Wang
et al. [28] which consists of 27 observations on 22 firms in the banking industry in the
years 1987–1989.1 The data are given in table 1. The data on IT budgets are obtained
from the annual survey by ComputerWorld on top 100 effective users of information sys-
tems. The data on the percentage of loans recovered and the dollar value of deposits are
generated from Standard and Poor’s Industry Surveys. The remaining data are obtained
from the Compustat database.

The last three columns of table 2 report the efficiency based upon models (2), (3)
and (2) in stage 1, stage 2, and overall, respectively. The overall efficiency is calculated
using model (2) with fixed assets, number of employees and IT investment as the in-

1 There are 36 observations in Wang et al. [28]. We remove the observations that have negative profits.
We should point out that Wang et al. [28] study the marginal benefits of IT with respect to the two-stage
process whereas our approach identifies the best-practice of the two-stage process.
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Table 1
Data.

Bank Fixed assets IT budget # of employees Deposits Profit Fraction of
($ billion) ($ billion) (thousand) ($ billion) ($ billion) loans recovered

1 0.713 0.15 13.3 14.478 0.232 0.986
2 1.071 0.17 16.9 19.502 0.34 0.986
3 1.224 0.235 24 20.952 0.363 0.986
4 0.363 0.211 15.6 13.902 0.211 0.982
5 0.409 0.133 18.485 15.206 0.237 0.984
6 5.846 0.497 56.42 81.186 1.103 0.955
7 0.918 0.06 56.42 81.186 1.103 0.986
8 1.235 0.071 12 11.441 0.199 0.985
9 18.12 1.5 89.51 124.072 1.858 0.972

10 1.821 0.12 19.8 17.425 0.274 0.983
11 1.915 0.12 19.8 17.425 0.274 0.983
12 0.874 0.05 13.1 14.342 0.177 0.985
13 6.918 0.37 12.5 32.491 0.648 0.945
14 4.432 0.44 41.9 47.653 0.639 0.979
15 4.504 0.431 41.1 52.63 0.741 0.981
16 1.241 0.11 14.4 17.493 0.243 0.988
17 0.45 0.053 7.6 9.512 0.067 0.98
18 5.892 0.345 15.5 42.469 1.002 0.948
19 0.973 0.128 12.6 18.987 0.243 0.985
20 0.444 0.055 5.9 7.546 0.153 0.987
21 0.508 0.057 5.7 7.595 0.123 0.987
22 0.37 0.098 14.1 16.906 0.233 0.981
23 0.395 0.104 14.6 17.264 0.263 0.983
24 2.68 0.206 19.6 36.43 0.601 0.982
25 0.781 0.067 10.5 11.581 0.12 0.987
26 0.872 0.1 12.1 22.207 0.248 0.972
27 1.757 0.0106 12.7 20.67 0.253 0.988

puts and profits and the percentage of loans recovered as the outputs. i.e., we ignore the
intermediate measures. It can be seen that overall efficient banks do not necessarily in-
dicate efficient performance in the two stages (see, e.g., banks 4, 16, 17, 22, 23, and 24).
Model (4) in fact provides a way to further improve the “overall efficient” banks. For
example, banks 16, 22, 23 and 24 are “overall efficient” but not so in the intermediate
stages. These banks can benefit from improving their intermediate stages so that each
of the intermediate process is also on the efficient frontier. Such improvements are re-
flected in the optimal α∗ and β∗ which are an indicator of relative efficiency. The original
DEA score (e.g., θ∗ and φ∗) only considers the single stage efficiency whereas α∗ and
β∗ measure the efficiency under the context of a two-stage process.

The second and third columns of table 2 report the efficiency based upon model (4)
with w1 = w2 = 1.2 We have (i) six banks (7, 9, 18, 20, 21, and 27) achieve 100%
efficiency in both stage 1 and stage 2; (ii) three banks (4, 17, and 22) achieve 100% effi-

2 The results are calculated using the DEA Excel Solver provided in Zhu [32].
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Table 2
Results.

Bank Model (4) DEA IT impact on

α∗ β∗ θ∗ φ∗ Overall Deposit Profit

1 0.67802 1 0.75683 1.00128 0.73708 Increasing Increasing
2 0.68523 1 0.68727 1.00012 0.83206 Constant Decreasing
3 0.55641 1 0.55641 1.00000 0.65482 Increasing Decreasing
4 1 1.00570 1.00000 1.00570 1.00000 Increasing Increasing
5 0.90133 1.00380 0.90133 1.00341 0.99765 Increasing Increasing
6 0.55370 1 0.95543 1.03031 0.71171 Constant Constant
7 1 1 1 1 1 Constant Constant
8 0.62619 1.00186 0.65088 1.00213 0.68295 Increasing Increasing
9 1 1 1 1 1 Decreasing Decreasing

10 0.44256 1 0.52785 1.00420 0.53607 Increasing Constant
11 0.43780 1 0.52319 1.00420 0.53313 Increasing Constant
12 0.86274 1.00250 0.87180 1.00272 0.87988 Increasing Increasing
13 0.91135 1.01976 1 1.02642 0.91977 Increasing Constant
14 0.48140 1 0.63637 1.00824 0.52566 Decreasing Decreasing
15 0.62000 1 0.71657 1.00529 0.67680 Constant Decreasing
16 0.70505 1 0.70505 1 1 Increasing Increasing
17 1 1.00734 1 1.00734 1 Increasing Increasing
18 1 1 1 1 1 Constant Constant
19 0.62573 1 0.84542 1.00305 0.72598 Increasing Increasing
20 1 1 1 1 1 Increasing Increasing
21 1 1 1 1 1 Increasing Increasing
22 1 1.00708 1 1.00708 1 Increasing Increasing
23 0.94397 1.00419 0.97201 1.00444 1 Increasing Increasing
24 0.95019 1 0.95918 1.00042 1 Constant Decreasing
25 0.73625 1.00027 0.78607 1.00041 0.74924 Increasing Increasing
26 0.64285 1.01082 1 1.01646 0.78977 Increasing Constant
27 1 1 1 1 1 Constant Constant

ciency in the IT-related activity (stage 1) without achieving 100% efficiency in stage 2;
(iii) eleven banks (1, 2, 3, 6, 10, 11, 14, 15, 16, 19, and 24) do not achieve 100% effi-
ciency in the IT-related activity while achieving 100% efficiency in stage 2; and (iv) the
remaining seven banks (5, 8, 12, 13, 23, 25, and 26) do not achieve 100% efficiency in
both stages. The above observation indicates that only 33% of the banks were efficient
in IT-related activity and 63% were efficient in converting deposit dollars into profit.

The current study develops an approach that identifies the efficient frontier of a
two-stage production process, and the impact of IT investment on firm performance is
studied based upon the identified efficient frontier. Based upon the identified efficient
firms, we can further identify potential candidates for best practice benchmarking and
identify the factors for a more efficient performance. For firms that are not on the fron-
tier, we should further investigate their cause for inefficiency. We should note that a vari-
ety of exogenous factors beyond IT investment are likely to have influence on the perfor-
mance characteristics studied. Also, the IT investment variable can include a number of



MEASURING IT’S INDIRECT IMPACT ON FIRM PERFORMANCE 19

Table 3
Bank 8.

Fixed IT No. of Deposit Profit Fraction of
assets budget employees loans recovered

Original 1.235 0.071 12 11.441 0.199 0.985
Efficient 0.7557 0.0445 7.5143 10.6616 0.1994 0.9868

λ20 = 0.763, λ27 = 0.237
µ3 = 0.205, µ16 = 0.037, µ20 = 0.758

categories with respect to the type of technology selected, organization structure, invest-
ment in the development of firm’s human resources (see, e.g., [7,10,19,27]). Therefore,
a detailed model with the variance in IT investment is needed to further characterize the
IT impact on performance.

The production function defined in figure 2 has its limitations due to the availability
of data. It does not break down the type of IT investments, for example. Some IT invest-
ments may be used to assist check processing and increase labor productivity and some
may be used to expand market share (Banker and Kauffman, 1991; [20]). Consequently,
the input-output match may not be direct. However, the use of DEA effectively handles
the possible indirect match. The model actually treats the production process as a “black
box”, because the model is based upon DEA which examines the resources available
to each firm and monitors the “conversion” of these resources (inputs) into the desired
outputs of the firm. When more evidence on the exact relations between the IT invest-
ment and the firm performance become available, we can incorporate subprocesses into
the current DEA production function and refine the model by incorporating additional
constraints.

Note that model (4) not only measures efficiency, but also provides optimized val-
ues on the intermediate measures. Table 3 reports the result for bank 8 from model (4)
where α∗ = 0.62619 and β∗ = 1.00186. Model (4) shows that the optimized deposit for
bank 8 should be 10.662. The original value on deposit is 11.441. This result indicates
that less deposit dollars would have been used to efficiently generate the profit and to
recover the loans while reducing the usages on IT budget along with other inputs. Also,
the optimal λ∗

j and µ∗
j indicate the benchmark banks in the two stages, i.e., λ20 = 0.763

and λ27 = 0.237 indicate that banks 20 and 27 are used as referent banks for bank 8 in
stage 1, and µ3 = 0.205, µ16 = 0.037 and µ20 = 0.758 indicate that banks 3, 16 and 20
are used as referent banks for bank 8 in stage 2.

Note that for bank 8, θ∗ = 0.65088 and φ∗ = 1.00213. This indicates that
(i) optimal solutions in models (2) and (3) are only feasible solutions to model (4), and
(ii) model (4) is not just a simple unification of models (2) and (3).

Recall that corollary 1 provides a way to project the inefficient observations onto
the efficient frontier. This further enables us to study the impact of IT on deposit and
profit.3 Consider the IT-value added activity (stage 1). Suppose bank0 is efficient or is

3 See Wang et al. [28] for an alternative approach to measuring the marginal impacts of IT on performance.
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moved onto the efficient frontier by corollary 1. Let δ be a change in IT budget and ρ

the resulted change in deposit dollars. Consider the following problem:

max
ρ

δ
subject to

27∑
j=1

πj x̂
IT
j � δx̂IT

0 (IT budget),

27∑
j=1

πj x̂
asset
j � x̂asset

0 (Fixed assets),

27∑
j=1

πj x̂
employee
j � x̂

employee
0 (Employee),

27∑
j=1

πj ŷ
deposit
j � ρŷ

deposit
0 (Deposit),

27∑
j=1

πj = 1,

δ, ρ, πj � 0,

(5)

where “ˆ” represents efficient value. The above model (5) is associated with the returns
to scale estimation in DEA [3,25].

We have (i) if (ρ∗/δ∗) < 1, then the marginal returns from IT budget is decreas-
ing; (ii) if (ρ∗/δ∗) = 1, then the marginal returns from IT budget is constant; and
(iii) (ρ∗/δ∗) > 1, then the marginal returns from IT budget is increasing.

Similar conclusion can be obtained for the marginal returns from IT budget on
profit, if we replace deposit dollars with profit in model (5). The last two columns of
table 2 report the marginal impact of IT on deposit dollars and profits, respectively. 67%
of the bank observations indicate increasing marginal returns when the impact of IT
on deposit dollars is under consideration. This further indicates that the banks should
consider to further increase their IT investment.

When the impact of IT on profits is under consideration, 48 and 22% of the bank
observations indicate increasing and decreasing marginal returns, respectively. This re-
sult may be affected by the fact that deposit was not efficiently used to generate profit.

5. Conclusions

Based upon DEA, the current paper develops a model for characterizing the best-practice
of a two-stage production process. Using the identified best-practice firms, managers can
use this new tool to further identify potential candidates for benchmarking and identify-
ing the source of the disparity between IT investment and performance among various
firms.
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Because of the data limitation, the managerial implications can be obtained from
the current study are limited. However, based upon the current inputs and outputs and
the identified efficient frontier, one may conclude that in the sample studied, IT budget
is not efficiently utilized. Further analysis based upon the type of IT system, manage-
ment practice, and others should be performed to explain the differences in performance.
The current identified efficient frontier does not consider the IT innovation shocks. As
pointed out by D’Aveni [15] and Christensne et al. [13], new innovation can push the
performance frontier toward a greater efficiency. If we have the data capturing the IT in-
novation shocks, we can use the Malmquist productivity index [16] or the DEA bench-
marking models [32] to measure the efficient frontier shift. Further, we can establish
different efficient frontiers for firms that are investing in different technologies.

While the empirical application is only served for the purpose of illustration, it
demonstrates that the new model is an effective one. However, it is important to continue
to investigate our model with large scale applications. Models are under development
for the situations where more than two stages are present and each stage has its own
inputs and outputs that are not intermediate measures.
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