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UNDERSTANDING | NFORMATION TECHNOLOGY
COMPLEMENTARITIESUSING AN AUGMENTED
ENDOGENOUS GROWTH FRAMEWORK

Simon K. Poon, Joseph G. Davis, and Byounggu Choi
Knowledge Management Research Group
School of Information Technologies
University of Sydney
Sydney, Australia
spoon@it.usyd.edu.au jdavis@it.usyd.edu.au choi@it.usyd.edu.au

Abstract

Thecomplex relationshipsbetweeninfor mati on technol ogy i nvestmentsand or gani zational practiceshave been
thefocus of intensiveresearch inrecent years. Theresearch focus appearsto have shifted to investigating the
effects of various organizational practices and their interactions with information technology capital. There
also is emerging evidence of recent emphasis on organizational factors and a greater shift toward IT
complementaritiesinwhich valueadditionislinked to combining complementary organi zational practiceswith
IT investments.

In this paper we focus on the contributions of I T use and organizational practices and their interactions. We
usefirm-level datato extend previous studiesin threeways. (1) by using alarge sample covering 3,299 firms
spanning 11 industries, (2) by focusing on a large number of organizational practices, and (3) by augmenting
the endogenous growth accounting framework with a data mining technique. Our findings indicate that the
set of interrelated organizational practices that complement positively to IT use is different from the set of
practices hindering 1T use. We conclude that IT complementary factors that positively affect productivity
growth do not necessarily have a reverse effect when they are reduced or removed. It appears that some
organizational factors have asymmetrical effects on growth.

Keywords. Productivity paradox, business value of IT investment, complementarity

I ntroduction and M otivation

Since the original formulation of the information technology productivity paradox,® a range of useful findings, models, and
methods have emerged. They serve to provide new insights into the multi-faceted relationships between IT investments and
productivity and businessvalue. One of the critical issuesthat remains unresolved isthe dual role played by I T in organizations.
Apart from being a type of input capital directly used in the production process, IT can aso act as an enabler to enhance
productivity by supporting many value-adding activitiesin organizations. Many studieshave argued that informati on technol ogy
investment is not the major factor in achieving productivity and businessperformance. Rather, itistheway I T isbeing used, such
as the complementary organizational practices effectively linking IT with business processes, that can make the difference.
Although aconsensus has been reached asto the need for methodol ogical advancement in analyzing the complementary relations
between IT investments and organizational practices performance, our understanding of such complex relationships remains
sketchy.

Solow (1987) argued that, “Y ou can see the computer age everywhere but in the productivity statistics.”
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Theconcept of complementarities® of fersauseful perspectiveto study the complex rel ationshi ps between organi zational practices
and theuse of IT. Milgrom and Roberts (1990, 1995) proposed the “web of complementarities’ theory, marking a paradigmatic
shift. They argued that organizational activities and practices are mutually complementary and so tend to be adopted together,
with each enhancing the contribution of the other. In other words, the whole is more than the sum of the parts. Based on this
view, the rapid fall in IT cost could potentially lead to increases in many IT intensive activities, which through their
complementary relationships, lead to increases in arelated set of organizational practices as well.

In this paper, wereport on one of the first attempts to explore the impacts of complementary relationships between alarge set of
organizational practices and I'T use on productivity growth at the firm level. In the next section, related literature is presented.
We proceed to describe our research design and provide a description of the data. We discuss the results using our model. In
conclusion, we eva uate our findings and suggest directions for further research.

Literature Review

Using theresource-based perspective, Penrose (1995) conceptualized thefirm asacollection of resourceswithin anadministrative
framework, where the speed of accumulation and assimilation of resourcesisthe key to firm growth asfirms continually search
for innovative waysto enhance productivity and business performance. Many research studies haveinvestigated complementary
factorsthat influence IT payoff through organizational practices; for example, practices such as business process reengineering
(Baruaet al. 1996), job rotation, and team work (Arvanitis 2004). These factors are believed to have different ways of affecting
the production process, where the arrangement and utilization of all inputs (including 1 T) may be affected, in turninfluencing the
output performance. Thekey assumption hereisthat these complementary factorsare also associated with theintensity of I T use.
These complementary factors have been found to explain some of the variationsin estimates of returnto IT investments (Black
and Lynch 2001). This can also help us explain why some firms achieve higher returns than others.

Baruaet a. (1996) presented atheory called business value complementarity and argued that I T investments and reengineering
cannot succeed if implemented in isolation. They also postulated that technology and business processes are complimentary.
Black and Lynch (2001) argued that, until recently, there has been very little direct analysis of the impact of workplace practices
on productivity. They found some synergies among various workplace practices but concluded that the important issue is not
whether an organization adopts a particular work practice but rather how that work practice isimplemented in conjunction with
other complementary practices.

Bresnahan et a. (2002) and Brynjolfsson et a. (2002) examined the influences of anumber of important organizational factors
and management practices in conjunction with the effects of IT investments on organizational performance. Bresnahan et al.
surveyed approximately 400 largefirmsto obtai ninformation on aspects of organizational structure such asallocation of decision
rights, workforce composition, and investmentsin human capital. They found that these work practices are correlated with each
other (and particularly with IT use). They argued that these practicesare part of acomplementary system. They defined organiza-
tional capital asthe built-up knowledgein afirm’ sroutines, procedures, reporting structures, staff training, work flows, company
positioning, decentralized organizational structure, and I T investment, which in combination contribute to productivity growth.

At the empirical level, these factors are generally measured and tested for interaction effects (e.g., Zhu 2004). Athey and Stern
(1998) pointed out two empirical challengesin analyzing the interactions between elements of organizational practices. First,
in contrast to analyses of traditional factor inputs such as capital or labor, the relevant input prices for adopting organizational
practicesare not easily observed and, therefore, not often available. Second, organizational practicesare often adopted in clusters
(i.e., when organizational practices are complements), and some of theimportant organizational variables are sometimes omitted
inthe production analyses. Evenif they are considered, they are often investigated independently. Following thisargument, we
posit that hypothesi zing the economicimpact from aspecific organi zational factor independent of itscomplementsisnot sufficient
to capture the true influence of the joint impact of a set of complementary factors.

Theaim of thisresearchisto highlight aset of fundamental issuesand questionsthat are critical to understanding the mechanisms
by which I T investmentsresultin higher productivity. Inparticular, it addressesthe complementary effects. Anearlier suggestion
wasthat the enabling effects of IT consist of some aspects of intangible organizational capital. Given that organizational factors
are the main focus of this study, the theoretical challenge hereis to devise away of dealing with the fractal-like, interlocking
nature of IT and organizational practices, which can potentially produce higher returns.

The original concept of complementarities was first developed by (1881), it defines activities that are complements if doing (more of) any
one of them increases the returns to doing (more of) the others.
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M ethodol ogy

Theoretical Background

In the economic literature, two possible explanations have emerged for analyzing “excessreturn” from IT investment. The first
explanation isrelated to the technological advancementsin developing the IT products. The economic benefits are passed from
I T-producing sectorsto I T-using firms asthe quality of the I T product continuesto improve without priceincrease. The second,
and more interesting, explanation is related to additional productivity produced by using IT beyond the economic contribution
fromtheimproved IT product itself. Figure 1 isaconceptua framework to illustrate the potential sources of productivity gains
from IT investments.

The concept of complementarities discussed here is represented by “ supermodularity” of afunction with respect to two or more
complementary variables. Topkis (1978) showed that supermodularity dictates that the sum of the increases in the value of a
function when the levels of the complements are changed one at a time would be less than the increase in the function’s value
when the levels are changed simultaneously. In other words, if complementarities between IT use and various organizational
activitiesexist, the productivity and value gains from increasing these complementary activitiesin concert should be larger than
the sumof theindividual increases. Moreover, thetest for complementarities must consider an appropriate performance measure
in the context of a function that is hypothesized to be supermodular. The relevant hypothesis here is that the complementary
factors exhibit a relationship characterized by excess returns.

Under the endogenous economic theory (Romer 1986), firmsface constant returnsto scaleto all inputs, with the exception of the
technical progress, multifactor productivity, arising from the accumulation of organizational capital. This connection can be
considered as a consequence of “learning-by-doing” described by Arrow (1962). The production function equation can be
modified as follows:

Q=A(g)f(K,L g(IT ® ORG)) ®

Thisapproach hypothesizesthat the value-added (Q) isan exponential function of thefactor inputscapital (K) including I T capital
and labor (L), where g() is some function capturing the complementary rel ationships between a set of interrelated organizational
practices (ORG) and some measure of IT use (IT). From equation (1), the concept of supermodularity is modeled. That is,
considering organizational practiceswith IT use simultaneously may achieve ahigher incremental effect on productivity growth
over and aboveto the productivity impact attributableto capital and labor as part of the aggregate capital asset. Equation (2) can
be expressed in Cobb-Douglas function form:

Q — Aeg(lT@ORG)KOtLﬂ (2)
(7] Labor
ﬂ IT capital |
L | Capital input [
| Other types of capital
Use of IT
—| Organizational Capital ‘{
Ll MFP || Use of other

Organizational
— Other sources Practices

Figure 1. Componentsof Productivity Growth for I T-Assisted Production
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Stage 1: Calculate long-period MFP growth

1 e 1 e
an=qt_n—5(aé+aé )-kt-n—g(aﬁaf ). leon

v

Stage 2: Data Mining

: Test for significance of candidate variablesthat lead to firm-level E
i productivity growth using statistical techniques :

Figure 2. Three-Stage Research Model

where e+ =1 (i.e., assuming constant returnto scale). Multifactor productivity (MFP) inthis caseisaproxy for technological
progresswhich shiftsthe production function. The MFP can be broken down into two components: (1) thefunction representing
the complementary relationships among organizational practices and the use of I T (e2/™°%9) and (2) the residual (A). Hence,

MFP = A, gTe0Re) ©)

Equation (3) reveal sthat organizational practicescomplementary to I T usewould be expectedtoincrease multifactor productivity.
Theideaisthat 1 T-using firmslearn aspecificformof “ organizational doing” by coupling complementary organizational practices
to produce more efficiently. This organizational capital generated by effective IT use can explain the technical progress
endogenously and may not suffer from diminishing returns.

Model Devel opment

This paper employs an augmented endogenous growth approach to explore the impacts of complementary rel ationshi ps between
organizational practicesand I'T on productivity growth at thefirm level. Thisanalysisconsistsof three stages. Inthefirst stage,
we calculate the long-term MFP growth based on the growth accounting framework. In the second stage, we discover the
organizational practices that enhance or hinder MFP growth using a data mining technique. In the third stage, we validate the
resulting model of organizational practices from the previous stage with appropriate regression analyses. Thesethree stagesare
illustrated in Figure 2.

Thisgrowth accounting framework hasthe advantagethat it enablesadirect measure of output el asticity and thusthe contribution
of IT investments to output growth can be measured using a nonparametric method. The extent that IT investments associated
with unmeasured complements or intangible assets that might legitimately be part of the productive assets of the firm (i.e.,
organizational capital) can also be analyzed.
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Data Sour ce and Description

The main dataset used in this study is obtained from the Australian Bureau of Statistics (ABS) Business Longitudinal Survey
(BLS) from 1994-1995, 1995-1995, 19961997, and 1997-1998. Thelongitudinal survey was designed to provideinformation
on the growth and performance of Australian-owned businesses and to identify various economic and structural characteristics
of these businesses (ABS 2000). The BLS contains about 9,550 confidential respondent records; 3,864 records participated in
al four surveys. For confidentiality reasons, all large businesses (those employing more than 200 people) have been removed
fromthe dataset by ABS. Using Australian data has the advantage that it isadeveloped country like the United States and at the
sametimehasavery small I T-producingindustry. Thisdataset isparticularly useful instudying theT effectson apredominantly
IT-using economy. Out of 3,864 records, only 3,299 records contain all of the necessary dataitems for this analysis.

The BLSsurvey containsatotal of 787 variableswith diverse coverage of organizational characteristics and measuresincluding
various business intentions, capital expenditures, organizational practices, and performance variables. One of the limitations of
thisdatasetisthat I T capital investment isnot separately collected from machine and equipment capital investment. Descriptions
of the capital investments, labor, and output variables are provided in Table 1.

Table 1. Descriptionsof the Capital I nvestments, Labor, and Output
Description Annual Average per Firm
Capital investment (K) Sum of all capital expenditure’ constant at 1998 dollars $694K
Labor (L) Total number employees 27.67 persons
Value-added (Q) Total income minus purchases constant at 1998 dollars $3,491K

They are plant, machinery, and equipment; land, dwellings, other building and structures; and intangible assets.

Table2. Collection of Organizational Practices

1994-1995 1995-1996 1996-1997 1997-1998
Comparing prices Significantly increase production | Production technology Structured training courses
levels
Comparing costs Introduction of new productsor | Use computer On-the-job training
services
Comparing quality of Total quality management Seminars, workshops,
products or service conferences, etc.
Comparing marketing or Quiality assurance Job rotation and exchanges
advertising strategies
Comparing client services Just-in-time management Management training
Comparing range of products | Implementation of strategic plan Professional training
and service
Business process Implementation of business plan Training for computer
improvement specialist
Implementation of budget plan Trade and apprenticeship
training and traineeships
Income and expenditure report
Implementation of business
network
Business comparison
Export marketing
Implementation of business link

Perform research and development in any of the four years
Changesin stock level between 1998-1997 and 1996—1995
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Apart from the capital and labor input variables, the BLS also collected a set of variables each year based on a particular theme
for that year. Asshownin Table 2, thefocusof the BL S data collected in 1994—-1995 was on benchmarking, in 1995-1996 it was
on various organizational processes, in 1996-1997 it was on computer and production technologies, and in 1997-1998 was on
training. Thedataset reveal ed that most of the variables capturing the organizational practicesarediscrete. All thevariableslisted
in Table 2 are either binary coded (Y es/No) or categorical with three values ([Increase/No Increase/NA] or [>25%/<=25% or
NAJ).

Note that the measure of IT in the dataset is a binary variable to indicate if the business unit used IT (or not) for their business.
Banker and his colleagues modeled input variables in the form of use versus nonuseinstead of actual levels of usage or intensity
(such is expenditure). They argued that the benefit of using the binary measure is to broaden the performance impact not only
on input price but also on the intangible potential. (See Banker and Johnson 1995; Banker and Kauffman 1990; Banker et a.
1988.) Inour case, IT useis considered to be atype of organizational practice.

Analysisand Results

Stage 1. Measuring Firm-Level MFP Growth

We use astandard growth accounting approach to cal culate the MFP growth extending from a 1-year difference to amulti-period
difference (3 yearsin this case) MFP growth, allowing usto observe the effects of slow-changing organizational factors. Based
on Bartelsman et al. (1994), Brynjolfsson and Hitt (2003) suggested that the longer period differences can beinterpreted aslong-
run effects of input changes and, further, these changesinclude not only the direct effect of factor inputs, but also the effects of
adjustment of complementary factors. The long-period MFP growth term is calculated as follows:

1 L 1 ot
anzqt_n—E(ag+ag ).kt_n—E(051t+ozlt ).lin 4

where the term a, is MFP growth,®> 0, k and | are log-change form of value-added, capital and labor inputs growth,
respectively, and 4, and «, aretheir corresponding factor income shares. The underlying principleiswith reference to a Cobb-
Douglas production function. Thistype of productivity framework is usually implemented in time series or panel data settings
by taking the time differences of variablesin logarithms to yield growth rates. Based on the growth accounting framework, we
calculate the theoretical values of factor income shares (¢, and «;) for two different years® for each industry. The average
industry-level factor income shares between the two periods are 0.56 for «;, and 0.44 for «,.°

Wethen cal culate the multifactor productivity (MFP) growth based on equation (4) for each firm. Different factor income shares
are applied to firmsin different industries. We find that the average MFP growth of all 3299 business unitsis—6.9 percent and
that 1,579 (48 percent) of the businessunits obtained positive MFP growth, with 1,720 (52 percent) of the businessunitsobtaining
zero or negative growth. The detail of the MFP resultsis provided in Table 3.

Stage 2: Development of Network of Complementary Factors

Association analysisisapplied to the organizational variablesin order to generate association ruleswith specific consequent (i.e.,
positive and negative) MFP growth generated in stage 1. Association rule mining is one of the more popular techniquesin data
mining and is perhaps the most common form of knowledge discovery applied when there is very little knowledge about the
underlying pattern of the data (Agrawal and Srikant 1994). The objective of this technique is to find dependencies between
different variables(called items) in alargedataset. Unlikeastandard statistical approachtotest for correlation between variables,
association rule mining caststhe problem as asearch for dependencies (called frequent itemsets). In order to scale-up the method
for very large datasets and variables, a weaker measure (called support) is used to guide the search process.

*The term MFP is often used in preference to total productivity factor (TFP), as not all changesin all inputs are taken into account.
“See Aspden (1990) for a detailed method to estimate MFP growth.

5The detailed calculation of factor income shares is not reported in this paper.
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Table3. MFP Growth Results
Number of Business Units Average MFP Growth
Positive MFP Growth 1579 (48%) 38.85%
Negative MFP Growth 1720 (52%) -48.95%
Average MFP Growth 3299 (100%) -6.9%

An association rule captures aweak form of correlation between theitemsin adataset. In particular, we say that X — Y provided

e Thesupportof Xu'Y, o(Xu Y) isgreater than aminimum threshold minsup. Setswith support greater than minsup arecalled
frequent itemsets.
o(XuwY)

» All the records that contain X also contain at least a minconf percent of Y, i.e., W > minconf. Thisis called the

confidence of the rule.

These association rules are then used to build a multilevel, hierarchical (tree-like) association rule network (ARN) of IT
complementarities in the form-directed hypergraph developed by Chawla et a. (2003). To apply this technique to our dataset,
we consider arelatively large set of organizational practices. Assume each practice has a Boolean variable representing the
presence or absence of that practice and each sequence of practices can be represented by aboolean vector of values assigned to
these variables. The Boolean vectors are analyzed for patterns that reflect practices that are frequently implemented together.
We use rule support and confidence as measures of interest.

The network of complementaritiesis built by arecursive association rules generation method. In this method, we first fixed the
item (for instance, positive MFP growth) and all of the rules whose consequent is MFP_Growth=positive are generated. Then
the antecedents (asfirst order variables) of these rules are considered as consequents in the subsequent round of association rule
generation and all of the rules of these antecedents as consequents are generated. A total of 32 organizational practices (listed
in Table 2) were used in the dataset. Recall that all of these practices are discrete variables either binary or three-valued coded.
Furthermore, 20 percent (660 out of 3,299 records) were randomly retained as holdouts for statistical testing in stage 3.

Two separate ARNSs are produced: one ARN with MFP_Growth=positive and another for ARN with MFP_Growth=negative.
Asthere is no standard method of identifying the more appropriate values, the minimum support and confidence values were
chosen by trial. Using CBA (a data mining software package), association rules were generated for different values of support
and confidence. Finally, it was decided that a set of minimum values were required to generate an adequate number of rulesto
construct the network. For ARN with positive MFP growth asthe goal, we set the minimum support as 10 percent and minimum
confidence as 55 percent for thefirst order rules, and increased the minimum confidence as 99 percent for the second order rules
with minimum support maintained at 10 percent. For ARN with negative MFP growth as the goal, we set the minimum support
as 15 percent and minimum confidence as 65 percent for thefirst order rules, and increased the minimum confidence as 90 percent
for the second order rules with minimum support changed to 10 percent. Figure 3 illustrates ARN with negative MFP growth
while Figure 4 illustrates positive M FP growth.

Several interesting patterns emerge when both the ARNs are analyzed in reference to each other. First, thetwo ARNSs generated
arequite different. Thisresult suggeststhat the variablesthat contribute to positive MFP growth are not necessarily the same as
those contributing to negative MFP growth. For example, the ARN in Figure 4 showsthat thethree variableinstances(i.e., reduce
stock-level, use of computer, and use of budget plan) havethefirst order effect on positive MFP growth, whilethe ARN in Figure
3 showsanother set of variableinstances(i.e., increase stock-level, without implementing TQM, and without introduction of new
goods) havethefirst order effect on negative MFP growth. Second, the positions of computer usein thetwo ARNs are different.
These results suggest that while the use of computers has a direct effect on MFP growth positively, its absence has an indirect
effect (i.e.,, mediated by TQM) on MFP growth negatively. Third, the set of interrelated organizational practices that are
complementary to computer use to generate excess productivity are not necessarily the same set of organizational practices that
hinder productivity growth. After examining all variablesin both ARNSs, we classify them using the following criteria

Variableswith full ellipseif they exist in both ARNs
Variable with dotted ellipseif they only exist in either ARNs
First order variables are labeled with double line

Second order variables are labeled with single line
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MFP Growth
= Negative

Quality Assurance=No

<< Budget Plan=No >>
@/ Expenditure Report=No P BT

X Introduction of
N Goods=No  _#

— -

B —====

— -

Figure 3. Association Rules Network with Negative MFP Growth

Toreducethe complexity in thetesting stage, we reduce the number of candidate variablesto betested by selecting only first order
variable instances from either ARNs. We classify the 5first order candidate variablesinto strong and weak candidate variables.
Tobeconsidered asastrong candidate variabl e, two necessary conditionsarerequired. First, variableinstancesmust haveto exist
in both ARNs with opposite directions. Second, variable instances have direct impact to MFP growth. Table 4 shows the first
order variable instances discovered in the ARNS.

Note that there are total of five different first order candidate variables. Out of the 5 first order variables, only 3 variables (i.e.,

adjustment in stock level, use of computer, and budget plan) appeared in both ARNs with opposite directions. In preparing the
candidatevariables, the5first order variableslisted in Table 4 are sel ected as candidatesfor typelevel statistical testingin stage 3.
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Figure4. Association Rules Network with Positive MFP Growth

Table4: VariableInstances Discovered in the Association Rules Networ ks
Strength of Candidate
Positive MFP Growth Negative MFP Growth Variable L abel

Decrease stock-level (1% order) | Increase stock level (1% order) Strong negative Stock_Adjust
Use computer (1st order) No use computer (2™ order) Strong positive ucC
Use Budget Plan (1% order) No use Budget Plan (2™ order) Strong positive BudgetPlan

No Introduction of Goods (1% order) | Weak positive IntroGood

No Implementation of TQM (1% Weak positive TQM

order)
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Stage 3. Testing the Impacts of IT Complementary Factors

Based on the model suggested by the candidate variables sel ected in stage 2, we proceeded to carry out econometric analysesin
two ways. Thefirstisan anaysis of theimpact of individual organizational practice on MFP growth (note that computer useis
one of the organizational practices). The second isthe analysis of the impact of the interactions between computer use and each
of the organizational practices.

Hypotheses Testing 1: MFP Growth and Individual Organizational Practices

Theregression analysis performed in this stage tests for statistical significance of aset of candidate organizational variablesthat
are potentially attributabl e to organizational capital. Based on the five organizational variables selected, aregression model can
be derived as

as=A+ B,PC + B,Sock _ Adjust + S,BudgetPlan + 8,TQM + S IntroGood
(©)

+industry + &

where the dependent variable as is the longer-term multifactor productivity growth, and the independent variables UC,
Sock Adjust, BudgetPlan, TQM, and IntroGood are changesin stock level, use of computer, use of budget plan, implementation
of total quality management (TQM), and introduction of new goods and services, respectively. Furthermore, industry variable
isalso modeled in the regression to adjust for the possible industry effect. The set of hypotheses for H1, no technical progress
due to each organizational factor, iswritten as

Hla:  Useof computer is positively correlated to MFP growth

Hilb:  Stock level adjustment is negatively correlated to MFP growth
Hlc:  Useof budget planis positively correlated with MFP growth
Hld: Useof TQM is positively correlated with MFP growth

Hle: Introduction of goodsis positively correlated with MFP growth

The estimation resultsin Table 5 show that four of the five organizational variables, namely, UC, Stock Adjust, BudgetPlan, and
TQM are significant at the 0.01 level. The remaining variable, Introgood, is found to be statistically insignificant. The sign of
thecoefficient for Sock_Adjust isnegative, whichisconsistent to thefindingsinthe ARNs. We concludethat the sub-hypotheses
Hlathrough H1d are statistically supported. On the contrary, sub-hypothesis Hle is not supported. Therefore, only the four
strong candidate variables are found significantly correlated with MFP growth.

Table5. Coefficients Estimates of Equation 5

Estimates Standard Errors t-value
uc 223%** .022 10.158
Stock Adjust -.084%** .010 -8.419
BudgetPlan .062%** .012 5.104
TQM 047%** .011 4,307
IntroGood .019 .011 1.808
Control Industry
R? .351
N 660
F-value 23.217

Key: ***p<.0land*p<.05
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Table6. Mediating and Moderating Impact of Computer
and Organizational Factors
Relationship Candidate I nteractions
Moderating Computer use and stock level adjustment
Moderating Computer use and budget plan
Mediating Computer use is mediated by TQM
Unspecified Computer use and introduction of goods

Hypotheses Testing 2: MFP Growth and I nteractions among Organizational Practices

To analyze complementary organizational factors, one can classify interrelated variables into two forms. moderating and
mediating. Based on the relative positions of the computer use variable and each of the other 4 first order candidate variables,
two moderating relationships and one mediating relationship are revealed. The moderating relationships are computer use and
stock level adjustment, and computer use and budget plan. The mediating relationship is computer use mediated by TQM. The
candidate interactions are provided in Table 6.

Note that as the focus is to study the test for the complementary effects between computer use and organizational practices,
mediation is not tested.® We represented both moderating and mediating relationships with the measure of interactions. The
regression model, equation (6), can be written as

as = A+ B,PC + ,PC* Sock _ Adjust + f3,,PC * BudgetPlan + 4,,PC * TQM

(6)
+ SsPC* IntroGood + industry + &

where the dependent variable as isthe longer-period multifactor productivity growth. gs, are the coefficients to be estimated
for the interactions between UC and organizational variables. Theindustry variableismodeled in the regression to adjust for the
possible industry effect. The set of hypotheses for H2, no technical progress due to complementary relationships between
computer use and organizational factors, can be written as

H2a:  Interactions between use of computer and adjustment of stock level is negatively correlated to MFP

growth

H2b:  Interactions between use of computer and use of budget plan is positively correlated to MFP growth

H2c:  Interactions between use of computer and implementation of TQM is positively correlated to MFP
growth

H2d: Interactions between use of computer and introduction of goods is positively correlated to MFP
growth

Theregression results show that three known interaction terms are statistically significant. The estimated coefficients are shown
in Table 7. The coefficients for interactions between use of computer and stock level adjustment, the interactions between use
of computer and use of budget plan, as well as the interactions between use of computer and implementation of TQM are
statistically significant at the 0.01 level. We conclude that hypotheses H2a, H2b, and H2c are supported. However, hypothesis
H2d is not supported.

Baron and K enny (1986) contended that moderators and mediators have conceptual and statistical distinctions: moderation indicates that the
effect of the predictor on the outcome is dependent upon the moderator such that its influence can be represented as an interaction, and
mediation accountsfor the relation between the predictor and the outcome such that the mediator acts as an effect of the predictor and acause
of the outcome.
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Table7. Coefficients Estimates of Equation (4)
Estimates Standard Errors t-value

uc 249%** .023 10.762
UC*Stock_Adjust -.093%** .010 -9.115
UC*BudgetPlan .059%** .012 4,778
UcC*TQM .044%** .011 4,011
UC*IntroGood .025 .015 1.337
Control Industry

R2 .357

N 660

F-value 23.876

Key: ***p< .01, *p<.05

When comparing the results between the two regressions, we find the R? has increased from 0.351 to 0.357, implying that the
second regression has amarginally higher explanatory power than the first one. Furthermore, the coefficients estimated for UC
and UC* Sock_Adjust have increased from 0.223 to 0.249 and -0.084 to -0.093. These changes in coefficients indicate that the
impact of UC and the interactions between UC and Stock Adjust are much stronger in the second case. Hence, complementary
effect is found between UC and Stock_Adjust.

Discussion and Conclusions

This paper has addressed the impacts of I T complementarities on productivity growth based on endogenous growth assumptions.
The innovative combination of the growth accounting framework and association analysis allowed us to search for interesting
patterns and relationships among organizational practicesfor alarge-sample firm-level dataset. Therole of association analysis
served to propose candidate hypotheses regarding to the impacts of variables and relationships among the variables, while
statistical methods were used to validate the proposed hypotheses against data.

Althoughwehavefound evidenceof productivity-enhancing complementaritiesbetween | T use and some organi zational practices,
our results have also shown that their relationships are more complex than been revealed by previous studies. The presence of
clustering among organizational practices clearly implies that some combinations of practices make it difficult to precisely
estimate the parameters and the interactions between these parameters using a regression of productivity on the practice
combinations. Furthermore, our study has uncovered a new dimension to the complexity of the IT complementarities. Certain
organizationa practices that affect productivity positively do not necessarily have a reverse effect when they are reduced or
removed. Furthermore, these practices complementary to IT use can be very different to the set of practices hindering IT use.

The contributions of this study are twofold. First, the study shows how the use of data mining techniques can provide further
insights into what IT complementary practices are critical to improve and hinder productivity. Second, the study provides an
illustration of situations in which traditional statistical estimation techniques are inefficient when the independent variables
correlate with the dependent variable asymmetrically. We have highlighted some of the possible asymmetries in the way
individual organizational practices can influence the return on IT investments through their complementary relationships with
IT use. Thispaper providesanew approach to explaining the T productivity paradox. Theresultsof thispaper providethebasis
for further studies to investigate a broader model of IT complementarities. Our future research focus is to devise appropriate
strategies in testing different types of complementary relationships and their effects on performance.
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