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Abstract

One of the difficult challenges facing management and researchers today is how to justify costly investments in information

technology (IT). This paper presents an approach to investigating the effects of IT on technical efficiency in a firm’s

production process through a two-stage analytical study with a firm-level data set. In the first stage, a nonparametric frontier

method of data envelopment analysis (DEA) is employed to measure technical efficiency scores for the firms. The second

stage then utilizes the Tobit model to regress the efficiency scores upon the corresponding IT investments of the firms. Strong

statistical evidence is presented to confirm that IT exerts a significant favorable impact on technical efficiency and in turn,

gives rise to the productivity growth that was claimed by recent studies of IT economic value. Practical implications are then

drawn from the empirical evidence. # 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

The management of information technology (IT)

has become one of the critical issues that managers

need to address with great care. The impact of IT has

been perceived in almost every part of a business:

strategic relevance, process control, research and deve-

lopment, customer service, coordination, costs, etc.

At the same time, IT is re-shaping the competition en-

vironment in which a business operates and competes.

Traditional business rules become obsolete and out-

dated and are no longer applicable. IT necessitates the

establishment of new competition rules that focus

more on speed, quality, productivity, efficiency, and

customer orientation.

Realizing the ever-increasing importance that IT

will carry into the foreseeable future of hyper-

competition, businesses are spending more than ever

on IT-related expenditures. Enterprise resource plan-

ning (ERP) systems, for instance, are purchased to

streamline business transactions. TCP/IP networks

are laid out to facilitate organizational communica-

tion and conduct e-commerce. Advanced databases,

assisted by data mining techniques, are installed to

analyze the purchasing patterns of customers in the
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hope of expanding into a potential market segment.

Over the last decade, IT-related investments in the US

have been estimated at a figure as large as US$ 3

trillion [17].

For almost two decades, top management has been

wondering if IT spending is worthwhile [48]. The

issue of measuring IT returns has become even more

pressing because the expenditures on IT equipment

and service activities have skyrocketed. Remenyi et al.

[45] identified several reasons why management needs

to scrutinize IT spending. Firstly, the amounts of

financial resources invested in IT are substantial and

they are thus very likely to supplant other capital

spending. Secondly, IT investments are seldom tied

to the revenue-generating or profit-making aspects of

the business and as a result, management may not

readily agree to IT’s value, contribution, or perfor-

mance. Thirdly, IT investments have frequently been

perceived as high risk, compared with other traditional

capital budgets.

As a consequence, the issue of how to justify

expensive IT investments and substantiate IT’s bene-

fits has become important. There are several ways to

define and measure IT’s business value. The first type

of performance measures that managers understand

and may prefer are financial, such as revenues, profits,

sales growth, return on assets, return on investment,

return on equity, and so on (e.g. [7,16,19,20,35,50]).

Strassmann, however, contends that this bottom-line

type of financial metrics may not serve well as valid

performance measures to reflect IT’s true benefits.

Recent studies on this topic seemed to support this

argument [26].

Such a phenomenon prompts researchers to look

into the economic aspects of IT impact and turn to

performance measures like productivity, capacity uti-

lization, input substitution, relative price, firm bound-

ary, costs, quality, etc. (e.g. [3,6,8,9,18,27,37,41]).

These studies of IT economic value are found frag-

mented and inconclusive at best [40]. For instance, the

IT productivity paradox has been a controversial

argument of this kind [52]; it casts doubts on the

correlation between IT investment and organizational

productivity. Not until recently has it been claimed

otherwise.

A different line of empirical studies considers the

intangible IT benefits that were previously over-

looked. These focus on user’s perceptions, such as

acceptance and satisfaction, and try to capture the

effect of various user behavioral and psychological

constructs, like participation and attitudes, on the

successful outcomes of IT/IS projects [11,30]. These

approaches, however, offer no direct links with IT’s

business value.

Technical efficiency is an important and useful

economic measure of organizational performance,

which is closely related to, but different from, pro-

ductivity. Unlike productivity, which has been inves-

tigated extensively in the literature of IT business

value (e.g. [32,34,38,39,42]), technical efficiency

has been studied less frequently by IS researchers.

Banker et al. [5] analyzed a chain of fast food restau-

rants and found that restaurants equipped with a cash

register point-of-sale and order-coordination technol-

ogy tend to be more efficient in their operations than

those without the technology.

Our work is carried out in two stages. The first stage

involves use of data envelopment analysis (DEA) to

construct a nonparametric production frontier and

measure the scores of technical efficiency. In the

second stage, the efficiency scores are treated as a

dependent variable and regressed upon the correspond-

ing IT investments to examine whether IT has a positive

influence on technical efficiency. The Tobit regression

model [49] is used, instead of the ordinary least squares

(OLS), because a significant proportion of the effi-

ciency scores obtained by DEA are equal to 1.

2. Theoretical perspectives and methodologies

2.1. Theory of production

A firm utilizes different kinds of resources (inputs)

and produces tangible goods or intangible services

(outputs) to satisfy the needs of its customers. The

inputs are also termed production factors and usually

include capital, labor, materials, etc. The transforma-

tion of inputs into outputs is a production process. The

production frontier, which characterizes the relation-

ship between inputs and outputs, specifies the max-

imum output achievable by employing a combination

of inputs. The distance between the maximum output

(or the production frontier) and the actual output is

regarded as its technical inefficiency. Thus, a firm

either operates below the frontier when it is technically
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inefficient, or it operates on the production frontier

when it is technically efficient.

Here it is useful to distinguish between technical

efficiency and productivity. Technical efficiency is

concerned with getting more out of input resources

with an extant production technology. In this regard,

technical efficiency focuses on either the output side

or the input side of a production process. An indicator

of technical efficiency can thus be actual output versus

expected output (given some input amounts) or res-

ources actually consumed versus resources expected to

be consumed (for producing a certain level of output).

Productivity, on the other hand, indicates the effec-

tive use of overall resources, without implying any

production technology. Productivity evaluates what

come out of the production process against what are

consumed to produce them. Productivity growth is

then measured as a set of successive indices that

compared outputs to inputs. A crucial connection

between technical efficiency and productivity can

be established: productivity growth is a composite

index of the change in technical efficiency and the

shift in the production frontiers [23,31]. That is,

Productivity growth ¼ technical efficiency change

� technical change

Therefore, technical efficiency is one component

for determining a firm’s productivity index.

There are two different approaches to measuring

technical efficiency: parametric and nonparametric

production frontiers [46]. The parametric approach

requires the assumption of a functional form (e.g.

Cobb–Douglas, translog, CES, etc.) to be made for

the production frontier; it uses the statistical estima-

tion to estimate the coefficients of the production

function as well as the technical efficiency [33]. Since

the parametric production frontier is assumed to be the

‘‘true’’ frontier, the scores of technical efficiency

obtained are regarded as absolute technical efficiency.

One potential drawback of the parametric production

frontier is the possible misspecification of a functional

form for the production process.

Nonparametric production frontiers, on the other

hand, are based on mathematical programming and do

not make any assumptions about the functional form.

The data points in the data set are compared with one

another for efficiency. The most efficient observations

are utilized to construct the piece-wise linear convex

nonparametric frontier. As a result, nonparametric

production frontiers are employed to measure relative

technical efficiency among the observations.

Fig. 1 illustrates the concept of a piece-wise linear

convex isoquant in a production process, wherein two

inputs X1 and X2 are used to produce output Y. Suppose

there are five observations, A through E. Among them,

firms B and C are, relatively speaking, the most

efficient ones (since they utilize the least input com-

binations to produce the same level of output), and

hence, they are used to establish the piece-wise linear

convex isoquant frontier SS.

On the contrast, firm A is technically inefficient and

ideally, wants to move as close to the frontier SS as

possible. As such, point F on the frontier SS would

become the target for firm A, and the distance AF can

be treated as its technical inefficiency. A better defini-

tion, however, uses the ratio of AF/AO to represent

technical inefficiency and FO/AO (1 � AF/AO) to

represent technical efficiency. The merit of using

the ratio measures for technical (in)efficiency is that

they are unit independent: the change in measurement

units does not affect the (in)efficiency scores [14].

This ratio score of efficiency will result in a value from

the range of 0 to 1, and a higher score indicates a

higher technical efficiency. Based on this definition, it

is noted that firms B and C have perfect technical

Fig. 1. Piece-wise linear convex isoquant SS and technical

efficiency.
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efficiency scores, because both lie on the nonpara-

metric production frontier.

2.2. Research methodologies and hypothesis

Data envelopment analysis (DEA) is a linear pro-

gramming model for constructing the nonparametric

production frontier and measuring technical effi-

ciency. DEA was initiated by Charnes, Cooper, and

Rhodes (CCR) [12], and their original model assumed

constant returns to scale in the production process.

Banker, Charnes, and Cooper (BCC) [4] later pro-

posed an alternative model that can handle the more

flexible case of variable returns to scale. In the first

stage of our study, the BCC model is employed to

measure the technical efficiency scores for the firms in

the data set. The detailed formulation of the BCC

model for our study is presented in Appendix A.

Technical inefficiency in a production process are

attributed to a number of events that would unfavor-

ably affect the firm’s capacity to transform input

resources into output. Some of the undesirable events

are beyond the firm’s control, like weather, natural

disasters, accidents, regulation changes, etc. Others,

however, can be ascribable to the firm itself and be

amended through efforts to rectify the situation.

Examples of these include information overload, inef-

ficient resource allocation, poor communication, unin-

formed decision making, etc. The integration of IT

into the various activities of the production process

presumably is able to palliate or eliminate some

rectifiable causes for technical inefficiency.

For instance, executive information systems gather,

compile, and process data retrieved from various

sources to present useful summary information to

top management, who then can make sound decisions.

Distributed databases connect geographically dis-

persed business units and share information in a timely

fashion to promote better allocation and efficient

utilization of organizational resources. Computer net-

works help transfer messages quickly among the

employees in an organization, overcome distance

and time zone differences, and facilitate effective

communication. AI-based information agents sift

the fetched information, and hence, are able to help

users cope with the issue of information overload.

As a consequence, there are reasons for us to

presume that the deployment of IT in an organization

is able to enhance its capability to produce more

output using the same amount of input or, alterna-

tively, produce the same level of output using less

input. Therefore, the following hypothesis is implied.

Hypothesis 1. A firm’s IT spending has a favorable

impact on the technical efficiency of its production

process.

In order to examine IT’s impact on technical effi-

ciency in the production process, we carry on the

second stage of our study by regressing the scores

of technical efficiency, derived from DEA in the first

stage, against their respective IT investments. Never-

theless, some firms that are, relatively speaking, the

most efficient in comparison with the others are

employed to construct the nonparametric production

frontier. Hence, they have perfect scores of one for

their efficiency measurement.

McCarty and Yaisawarng [36] suggest that, under

this circumstance, the Tobit regression model should

be used, because it can account for the censoring of the

dependent variable. When the dependent variable is

censored, values in a certain range (>1 in our case) are

transformed to a particular value (one in our case). If,

for firm i, we represent the original scores of technical

efficiency as TE�
i , the measured (censored) scores of

technical efficiency by DEA as TEi, and IT spending

as Ii, then the Tobit regression model in the second

stage of our study is formulated as:

TE�
i ¼ a0 þ aI Ii þ ei;

TEi ¼ 1; if TE�
i � 1;

TEi ¼ TE�
i ; if TE�

i < 1; i ¼ 1; . . . ; n:

When the coefficient estimate aI for IT investments

is found to be significantly positive, we are provided

with statistical evidence to corroborate that IT exerts a

positive total effect on the firm’s technical efficiency

in the production process. Details of the Tobit regres-

sion model are discussed further in Appendix B.

3. Data description

A comprehensive firm-level data set is employed in

our study. This data set was used in several previous

studies to examine the effects of IT on productivity,
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profitability, consumer value, and substitution elasti-

cities.

The data on IT expenditures were collected from

IDG/Computerworld surveys of Fortune 500 firms,

conducted annually from 1988 to 1992. Among the

firms that responded to the surveys, about two-third

were from the manufacturing sector, with the rest from

the service sector. The IT-related data were supple-

mented by the Standard & Poor’s Compustat II data-

base for other data, including output, capital, labor,

and other financial indexes. To rule out the effects of

inflation, appropriate deflators gathered from various

sources were used to convert the monetary values into

constant 1990 dollars. Altogether, the data set con-

sisted of 1115 observations from 370 different firms

during the 5-year period and thus, it is incomplete with

735 missing data points.

A firm’s value-added output (Y) is defined as its

gross sales deflated by the industry output price

deflators [10], minus its non-labor expenses deflated

by the producer price index for intermediate materi-

als, supplies and components [15]. Two production

factors, capital (K) and labor (L), were computed as

book values of capital stock and labor expenses.

They were deflated by the GDP deflator for fixed

investment and the price index for total compensa-

tion, respectively.

The IT-related data were in two parts: IT hardware

value and IS staff expenses. Acquired from the IDG

annual survey, IT hardware value (H) is defined as the

market value of central processors plus the estimated

value of PCs and terminals. It was deflated by the

computer price deflator [21]. The variable of IS staff

expenses (S) was derived as the labor portion of the IS

budget from the survey and then was deflated by the

labor price.

IT spending (I) was constructed by aggregating H

and S. The apparent way of doing this was to add them

and use the total to represent the IT spending variable.

Previous research, however, contended that S stands

for a class of expenditures that create valuable capital

assets (e.g. software programs) with a life span of

several years; accordingly, S needs to be given some

weight in the formulation of I. This line of research

assumed an average of 3 years for those capital assets

but suggested a possible range of 1 year (as an annual

expense) to 7 years (as the life of computer hardware

assumed by the Bureau of Economic Analysis).

To follow this suggestion, we considered the variable

of IT spending as the sum of IT hardware value and

one to seven times IS staff expenses (I ¼ H þ mS;
m ¼ 1; . . . ; 7). The sample statistics for the variables

are presented in Table 1, with I ¼ H þ S.

In conducting this research, we also considered two

cases of production factor categorization. For the first,

the inputs engaged in DEA modeling included the

traditional production factors: capital and labor. Thus,

IT hardware value was part of capital, and IS labor

expenses were included in labor. IT spending was then

thought of as an observable firm-specific factor, which

influences the firm’s capacity of converting inputs into

output in the production process. This kind of input

categorization has been used in production economics

studies to investigate how technical efficiency is

related to such firm-specific characteristics as age,

size, firm ownership, import-substitution versus export

orientation, etc. (e.g. [13,43,44]).

On the other hand, several recent studies of IT

economic value have treated IT spending as an indi-

vidual production factor, in an attempt to examine IT’s

marginal product and net substitution for other inputs.

Thus, for the second case of categorization, we also

excluded IT hardware value and IS labor expenses

from capital and labor, and considered IT spending as

a separate production factor in measuring technical

efficiency through DEA. The Tobit regression model

then followed to determine the correlation between IT

spending and technical efficiency.

It should be pointed out that the same production

technologies are assumed to represent the production

frontiers for the data set when the BCC model of DEA

Table 1

Sample summary statistics in 1990 dollars (dollar figures in

millions)

Variable Average

per firm

S.D. As % of value-

added output

Value-added output (Y) 3087.0 4615.0 100.0

Capital (K) 8732.0 13440.0 282.0

Labor (L) 1788.0 2845.0 57.9

IT hardware value (H) 109.7 249.6 3.6

IS staff expenses (S) 59.6 134.8 1.9

IT spending (I ¼ H þ S) 169.3 356.1 5.5

Capital (K), excluding H 8621.0 13320.0 279.0

Labor (L), excluding S 1728.0 2731.0 55.9
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is formulated in the first stage. This assumption is

consistent with previous studies on productivity,

which were based on the same data set. More justi-

fication of applying DEA to a wide range of industries

can be found in Arcelus and Arozena’s study [2]

devoted to examining the productivity and efficiency

of 14 countries.

4. Results and discussions

4.1. IT spending as a firm-specific factor

When IT spending is treated as an observed firm-

specific characteristic, we are interested in the sign

and significance level of the coefficient estimate of aI

in the Tobit regression model. The results from the first

stage of DEA for this categorization of production

factors (K and L) are presented in Table 2. The BCC

model assumes variable returns to scale, and computes

the scores of technical efficiency (TE) and scale effi-

ciency (SE) for each firm in the data set. The averages

of both efficiencies are presented. Also the numbers

of firms with technical efficiency scores equal to 1

(i.e. those firms which are, comparatively speaking,

the most efficient) are reported. They are used to

construct the nonparametric production frontiers for

the measurement of technical efficiency.

Table 3 shows the coefficient estimates of aI from

the Tobit regression model in the second stage. It is

observed that all of the coefficient estimates of aI are

significantly positive with the p < 0:01 (actually most

of them with the p < 0:001). Therefore, we are able to

reject the null hypothesis, or the alternative hypothesis

of Hypothesis 1 is not rejected, with a confidence level

of 99%. In other words, the conclusion represents

strong statistical evidence that IT investments, con-

sidered as a firm-specific factor, exert a positive

total effect on the firm’s technical efficiency in the

production process.

4.2. IT spending as a production factor

In the second categorization, IT spending is

regarded as a production factor, along with capital

and labor, in the production process for efficiency

measurement. This categorization of production fac-

tors followed several related studies that were based

on the same data set. The coefficient estimate of aI in

the Tobit regression model reveals the correlation

between IT spending and technical efficiency. For

every value of m (1, . . . ,7) used in aggregating IT

Table 2

Results of the BCC model with IT spending as a firm-specific

factora

Year Average

TE

Average

SE

No. of

observations

No. of

TE ¼ 1

1988 0.785 0.951 137 17

1989 0.787 0.938 133 17

1990 0.775 0.946 262 30

1991 0.759 0.911 287 25

1992 0.765 0.915 296 25

All 0.735 0.915 1115 31

a TE: technical efficiency; SE: scale efficiency.

Table 3

Estimates of aI with IT spending as a firm-specific factora

Year m

1 2 3 4 5 6 7

1988 0.243** (0.088) 0.175** (0.066) 0.137** (0.053) 0.112** (0.043) 0.095** (0.036) 0.082** (0.031) 0.072** (0.028)

1989 0.196** (0.060) 0.135** (0.042) 0.101** (0.032) 0.081** (0.026) 0.067** (0.022) 0.057** (0.019) 0.050** (0.016)

1990 0.155*** (0.041) 0.111*** (0.030) 0.086*** (0.023) 0.069*** (0.019) 0.058*** (0.016) 0.050*** (0.014) 0.044*** (0.012)

1991 0.126*** (0.028) 0.096*** (0.020) 0.077*** (0.016) 0.063*** (0.013) 0.054*** (0.011) 0.047*** (0.010) 0.041*** (0.009)

1992 0.082** (0.025) 0.066*** (0.019) 0.054*** (0.015) 0.046*** (0.013) 0.040*** (0.011) 0.035*** (0.009) 0.031*** (0.008)

All 0.072*** (0.011) 0.058*** (0.008) 0.047*** (0.007) 0.040*** (0.005) 0.034*** (0.005) 0.030*** (0.004) 0.026*** (0.004)

a S.D. are given in parentheses.
** p < 0.01.
*** p < 0.001.
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spending, different scores of efficiency were derived

by the BCC model. Table 4 shows only the results for

m ¼ 3, mainly because this value has been used in

most of prior research. Since the results for the other

values of m are quite similar, they are omitted for the

sake of brevity. The scores of technical efficiency

in Table 4 are higher than those in Table 2. These

results correspond to one feature of DEA, which states

that the addition of an extra input in a DEA model

results in an increase in the scores of technical effi-

ciency.

The estimates of aI from the Tobit regression model

in the second stage are presented in Table 5. All the

coefficient estimates of aI are observed significantly

positive with the p < 0:05 (actually most with the

p < 0:01), thereby allowing us to reject the null

hypothesis with a confidence level of 95%. We are

again provided with significant results to support our

thesis that IT spending, regarded as a production factor

here, exercises a favorable impact on the firm’s tech-

nical efficiency in the production process.

4.3. Discussions

The empirical results presented above are robust

and consistent because different values for the service

life of capital assets created by IS staff expenses were

assumed and two input categorizations were also

considered in measuring the scores of technical effi-

ciency through the BCC model. In general, IT is

expected to enhance the firm’s technical efficiency

in its production process.

Moreover, the estimated total effects of IT spending

on technical efficiency are found to decrease when

the value assumed for m (the multiplier for S in the

formulation of I) increases. The average decrease rate

is 16.74% when IT spending is treated as a firm-

specific factor, and 17.55% when IT spending is

considered as a production factor. As m increases,

the IS labor component of IT spending becomes more

intensive (or the hardware capital component becomes

less intensive). This tendency corresponds with the

claim made by production economics researchers that

technical efficiency and capital intensity commonly

are positively correlated [51]. The rationale for pro-

moting a capital-intensive production process is that

labor-intensive alternatives would require more labor

and at the same time, more capital per output unit,

compared with those production technologies with

high capital–labor proportions.

It has also been noted that when labor costs are

continually rising and hardware costs dramatically

Table 4

Results of the BCC model with IT spending as a production factor

(m ¼ 3)a

Year Average

TE

Average

SE

No. of

observations

No. of

TE ¼ 1

1988 0.812 0.947 137 26

1989 0.840 0.962 133 31

1990 0.798 0.950 262 31

1991 0.794 0.924 287 40

1992 0.792 0.945 296 43

All 0.759 0.938 1115 64

a TE: technical efficiency; SE: scale efficiency.

Table 5

Estimates of aI with IT spending as a production factora

Year m

1 2 3 4 5 6 7

1988 0.181* (0.085) 0.128* (0.060) 0.098* (0.047) 0.079* (0.039) 0.066* (0.033) 0.056* (0.028) 0.049* (0.025)

1989 0.079* (0.040) 0.060* (0.030) 0.047* (0.023) 0.037* (0.018) 0.031* (0.015) 0.024* (0.012) 0.021* (0.010)

1990 0.132** (0.044) 0.094** (0.031) 0.072** (0.024) 0.058** (0.019) 0.048** (0.016) 0.041** (0.014) 0.036** (0.012)

1991 0.121*** (0.031) 0.091*** (0.022) 0.071*** (0.018) 0.058*** (0.014) 0.049*** (0.012) 0.042*** (0.011) 0.037*** (0.009)

1992 0.080** (0.028) 0.066** (0.021) 0.056*** (0.017) 0.047*** (0.014) 0.041*** (0.012) 0.036*** (0.010) 0.033*** (0.009)

All 0.069*** (0.012) 0.055*** (0.009) 0.045*** (0.007) 0.037*** (0.006) 0.032*** (0.005) 0.028*** (0.004) 0.025*** (0.004)

a S.D. are given in parentheses.
* p < 0.05.
** p < 0.01.
*** p < 0.001.
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falling, the firm should make good use of this cost

advantage associated with hardware [25]. This sug-

gests that in an efficient production process the hard-

ware cost advantage should be capitalized by

replacing some labor with hardware, hence, intensify-

ing the hardware component in IT investments.

4.4. Practical implications

IT, in general, is expected to enhance an organiza-

tion’s performance as measured by technical effi-

ciency. Previous studies of IT economic value have

substantiated the positive correlation between IT

investment and a firm’s productivity growth and thus,

suggested that the IT productivity paradox had dis-

appeared. Due to the connection between productivity

and technical efficiency, if management wishes to

improve the firm’s productivity, one logical way of

achieving this is to employ IT in different aspects

of the business and enhance its technical efficiency in

the production process.

However, management should not draw too hasty a

conclusion from our findings. The positive relation-

ship between IT and technical efficiency does not

translate directly into reckless IT investments. Firms

that invest heavily in IT and are highly efficient in the

production process may differ inherently from ineffi-

cient firms in ways that are not rectifiable by merely

increasing IT expenditure. Strong support from top

management, effective IT strategies, innovative orga-

nizational culture, excellent IT personnel, and other

resources must also be available to help exploit this

promised benefit of IT.

4.5. Spurious correlation

In the two-stage procedure, technical efficiency is

measured as a function of variables that incorporate or

include IT investments; then technical efficiency is

regressed against IT investments. This two-stage pro-

cess might lead to a danger of spurious correlation.

In econometrics [24,28], spurious correlation is

known to arise from the transformation of mutually

uncorrelated variables into correlated (values of the)

ratios of the mutually uncorrelated variables, or from

the fact that a common trend is present in the depen-

dent variable and one or more of the independent

variables. In our study, we did not encounter such

situations. Moreover, it is permissible that a variable

(technical efficiency in our case) appears in two places

(equations) in a model (e.g. [29,47]). Thus, we are not

concerned with the problem of spurious correlation in

the statistical analysis.

5. Conclusions

This paper has focused on the relationship between

IT investments and technical efficiency in the firm’s

production process and employed a two-stage analy-

tical investigation, DEA and the Tobit regression

model. We have obtained statistical evidence suggest-

ing that IT, in general, exerts a significantly positive

influence on the firm’s technical efficiency. Due to the

close relationship between technical efficiency and

productivity, this study offers another way to explain

the productivity paradox associated with IT.
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Appendix A. The BCC model for the first stage
study

In this research, there are several inputs Xi (capital

and labor, plus an optional IT spending) and one

output Y. For any specific firm k, the CCR model

with constant returns to scale can be formulated as

follows to obtain its score of technical efficiency

(where n is the number of firms, and s is the number

of inputs):

� CCR

Maximize ukYk;
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subject to

ukYj �
Ps

i¼1vikXij � 0; j ¼1; . . . ; n;Ps
i¼1vikXik ¼ 1;

uk � 0;

vik � 0; i ¼ 1; . . . ; s:

8>>><
>>>:

Using the duality in linear programming, we can

derive an equivalent envelopment form for this

problem. The envelopment form involves fewer

constraints than the CCR formulation and is thus

preferred for programming. The dual form is for-

mulated as follows:

� Dual

Minimize qk;

subject to

�Yk þ
Pn

j¼1pkjYj � 0;

qkXik �
Pn

j¼1pkjXij � 0; i ¼ 1; . . . ; s;

pkj � 0; j ¼ 1; . . . ; n;

qk unrestricted in sign:

8>>><
>>>:

To relax the assumption of constant returns to

scale inherent in the CCR model, an additional

convexity constraint,
P

jpkj ¼ 1, is added to the

dual model. This convexity constraint makes sure

that an inefficient firm is only compared with

the firms of a similar size, and the target for that

firm on the nonparametric production frontier is a

convex combination of the most efficient firms

utilized to construct the frontier. This BCC model

constructs a convex hull of intersecting planes

which enclose the data points more tightly than

the CCR hull and thus, generates technical effi-

ciency scores greater than or equal to those

obtained using the CCR model. In our first stage

study, the BCC model, which can handle variable

returns to scale, is formulated to measure the

scores of technical efficiency as follows:

� BCC

Minimize qk;

subject to

�Yk þ
Pn

j¼1pkjYj � 0;

qkXik �
Pn

j¼1pkjXij � 0; i ¼ 1; . . . ; s;Pn
j¼1pkj ¼ 1;

pkj � 0; j ¼ 1; . . . ; n;

qk unrestricted in sign:

8>>>>>><
>>>>>>:

Appendix B. The Tobit regression model
for the second stage study

Suppose the original scores of technical efficiency

TE�
i has a normal distribution N(m, s2). The measured

(censored) scores of technical efficiency TEi, derived

from the BCC model of DEA in the first stage, is equal

to 1 if TE�
i � 1, or TEi ¼ TE�

i otherwise. Then from

[1,22]:

E½TE
 ¼ ð1 � FÞ þ Fðmþ slÞ;

Var½TE
 ¼ s2F½ð1 � dÞ þ ða� lÞ2ð1 � FÞ
;

where Fðð1 � mÞ=sÞ ¼ FðaÞ ¼ ProbðTE�
i � 1Þ ¼ F;

l ¼ �f=F, and d ¼ l2 � la; F and f are the cumu-

lative distribution function and probability density

function for N(0, 1), respectively.

In the second stage, the Tobit regression model is

formulated as follows:

TE�
i ¼ a0 þ aI Ii þ ei;

TEi ¼ 1; if TE�
i � 1;

TEi ¼ TE�
i ; if TE�

i < 1; i ¼ 1; :::; n:

If ei  Nð0; s2Þ, then E½TEijIi
 ¼ ½1 � Fðð1 � a0�
aI IiÞ=sÞ
 þ Fðð1 � a0 � aI IiÞ=sÞÞða0 þ aI Ii þ sliÞ,
where li ¼ �fðð1 � a0 � aI IiÞ=sÞÞ =Fðð1 � a0 �
aI IiÞ=sÞÞ, and E[TE�

i jIi
 ¼ a0 þ aI Ii. The marginal

effects are estimated by

@E½TEijIi

@Ii

¼ F
1 � a0 � aI Ii

s

� �
aI ;

@E½TE�
i jIi


@Ii

¼ aI :
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