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Abstract 
 

In many fields of empirical science, theories have 
been proposed arguing that behavioral relationships 
change over time. There are many possible ways in 
which parameters of regression models are assumed to 
change. With better understanding of how parameters 
change, estimation and testing procedures for various 
structural changes can be developed. This paper uses 
an exploratory way by augmenting the multivariate 
regression framework with data mining to study the 
less understood structural change concept by 
examining the effects of IT investments on industry 
profiles. It explores the shifting of industry boundaries 
over the past 17 years (1990-2006) in Australia. 
 
1. Introduction and Motivation 
 

It is generally recognized that a physical entity 
experiences structural change as it evolves over time.  
The notion of structural change has been prevalent in 
various theories of economic development[1]. For 
example, the industrial revolution was caused by the 
introduction and integration of new technologies which 
in turn led to widespread reforms that affected every 
industry sector. Others compare this with the 
introduction and integration of information technology 
(IT) and refer to IT as a catalyst for a new ‘industrial 
revolution’ [2]. However, the changes of IT and its’ 
impact on productivity is not so clear cut. The impact 
of IT has been widely discussed in the academic 
literature, but it has been a source of contention 
between econometricians and empirical scientists. 

 
In regression analysis, structural change is defined 

as a change in one or more of the parameters of a 
regression model.  In the example of the effectiveness 
of IT investments on business value, we have observed 
two emerging phenomenon. The first is the substantial 
variation in the business value achieved from IT 
investments across organizations [3]. The second is 
that the once insignificant IT investment variable in the 

production function has changed to become 
increasingly significant [4].  

 
These two phenomena are probably best understood 

in the context of the Old and the New Economy. IT has 
had a major role in ushering in the New Economy, 
because the rapid adoption of IT has dramatically 
changed the means of communication [5]. This 
adoption can safely be assumed to have had a change 
on the ways organizations conduct business activities 
[6]. This in turn would have effected changes upon 
production processes in different industries because 
businesses would have adopted new communication 
practices to become more effective [7]. Various 
researchers have discussed how IT brings about 
changes upon business processes, organizations, 
industries and the labor economy [6, 8]. They note that 
not only can IT be used to substitute certain part of the 
labor market [9], IT can also bring about changes in 
organizational structure, and affect the dynamics of 
industries. This paper will examine these trends in the 
context of the continuously increasing levels of IT 
expenditure [10]. 

 
With the increasing availability of panel data 

spanning longer periods, it is now possible to study the 
relatively longer-term effects of IT and its role in 
changing the industry structure and the reshaping of 
industry boundaries.  In this paper, we aim to use an 
augmented data-driven approach to make inferences on 
the change points (i.e. the points at which parameter 
change) and particularly on the change parameters that 
are related to IT investments in productivity analysis.  
From the analytical viewpoint, this study can provide 
two major benefits in regression analysis. The first is to 
take into account the structural change and provide 
more accurate estimates in comparison to regression 
models. The second benefit is to more broadly assess 
the correctness of some economic assumptions in the 
IT productivity impacts literature. 
2. Literature Review 
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The effects of IT investments on business value and 
productivity have been well documented. After 
decades of IT evolution, the widespread diffusion of IT 
in organizations appears to entail an impact on the 
structure and definition of industries. A few 
researchers have argued that the boundaries between 
some industries have become less distinct. They have 
attributed this phenomenon to the ways how 
organizations use IT [11]. A range of studies have 
investigated the complex relationships between IT 
capital investments and productivity [8]. Some of these 
have explicitly recognized the significance of the 
industry effect [12].  For instance, [13] found that the 
inter-industry effects can be as high as one-third of the 
variance of the economy-wide productivity.  However, 
these studies did not address the changing nature of the 
industry effect and not consider to which the industries 
themselves are being transformed over extended period 
of time. There has been a growing focus on how IT can 
facilitate innovations in business process design, which 
leads to entirely new models of organization.  [14] and 
[15] argued that in response to the falling prices of IT 
over time (for the last 30 years), organizations have 
increased the level of other investments (such as 
flexible machinery and skilled workers) to complement 
IT investments.  IT investment has been associated 
with the emergence of modern work practices[16], 
skill-related wage inequality [17], and flexible 
production [18].  In the remainder of this section, we 
organize our discussion into two inter-related 
categories to analyze the IT impacts on two important 
structural factors: organizational structure and labor 
market. 
 
2.1. IT and Organizational Structure 
 

[14] found that IT investment is significantly 
associated with subsequent decreases in the average 
size of firms.  They also found that the decreases in 
firm size are most profound a couple of years after the 
IT investment is made. IT deployment is correlated 
with a decrease in the number of employees per 
business unit and per firm.  [19] found a negative 
relationship between IT investments and vertical 
integration. They inferred links between IT and various 
components of new organizational forms such as the 
choice between centralized and decentralized authority 
within or between firms.  [11] confirmed that IT is 
related to the changes to structure of the firm in the 
form of vertical de-integration and reduction in the size 
of the firm.  [20] found IT did play a facilitating role in 
organizational downsizing.  They found that IT was 
used to facilitate work redesign in a convergent change 

strategy and to facilitate more significant structural 
work redesign in strategic reorientation. 

 
2.2. IT and Labor Market 
 

[21] found that workers who use computers on their 
job earned 10 to 15 percent higher wages.  [17] found 
that increasing use of computers is associated with a 
greater demand for human capital (such as skilled 
educated workers) and concluded that computers are 
complementary to skilled labor.  [15] found that the 
process of skill upgrading is due to the computerization 
of the organizations.  [22] examined the complex 
relationship between technology and job content.  They 
found that there is a strong connection between high-
skilled employment share and the level of investment 
in IT in the service production process. 
 
3. Data Description  
 

We assembled annual time-series data from the 
National Accounts Division of the Australian Bureau 
of Statistics (ABS) for the period from 1990 to 2006. 
The dataset consists of 12 industries which covers the 
full spectrum of the Australian market sector.  Industry 
estimates of value-added and data on productive capital 
stock are both expressed in constant 2006 dollars at the 
1-digit ANZSIC level.  The definitions we use in this 
study for IT capital and non-IT capital are based on 
Australian Productivity Commission’s research [10] in 
which IT capital consists of only two types: (1) 
Computers under the category of “Other machinery 
and equipment”, and (2) Software (including pre-
packaged, own-account, and customized).  Because 
communication equipment is not separated from other 
machinery, it is included under the non-IT capital 
measure. 
 
4. Methodology 
 

The production function approach has been widely 
used to describe the technical relationship between the 
inputs and outputs of a production process based on the 
theory of production economics.  The elasticity of 
capital on output can be compared and tested for 
significance.  We first establish a model to analyze 
economic impact of IT and the statistical significance 
of the industry effect over time: 
 

),;,,( ,0 tiLKKKfY sh=              (1) 
 
where Y represents value-added of a specific industry 
in a particular year, t; i represents the possible industry 
effects; K0 stands for non-IT capital stock; and Kh 
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stands for IT hardware capital stock; Ks stands for IT 
software capital stock; L is labor input (such as hours 
worked).  As the starting point for this step, we 
estimate a standard Cobb-Douglas production in log-
linear form.  The general regression model for (1) is: 
 

εγββββα ++++++= isshh LKKKY lnlnlnlnln 200   (2) 
 

We divide our analysis into three phases. In the first 
phase, we use an exploratory technique to determine 
the change point at which the sample is split into two 
periods (i.e. to determine if there exists a behavioral 
change through the time series sample). The second 
phase is more exploratory and we use a fuzzy 
clustering technique to extend the first phase by 
focusing on the transformation of industry structures 
over time (i.e. visualize the relative behavioral change 
among the industries between the 2 periods). In the 
third phase, we statistically model the IT impact on 
industry-level productivity between the first and 
second periods identified in phase 1, i.e. to evaluate the 
change in the regression coefficients in the regression 
model (i.e. to determine how much structural change is 
attributable to IT capital investments).  
 
4.1 Determining the Change Point 
 

Given a particular change point, t*, separating the 
entire dataset T into 2 periods (1,…,t and t+1,…, T), 
the model of general linear hypotheses applied to 
testing the homogeneity of the entire sets of 
coefficients in two regressions takes the form: 
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Under the null hypothesis ( βββ == 210 :H ):  
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In this phase, we determine the best location of the 

unknown change point t* by finding the value of t 
which maximizes the following maximum likelihood 
function: 
 

2
log)(log2log)( 21

TtTtTtL −−−−−=
∧∧

σσπ     (5) 

 
4.2 Fuzzy Clustering Analysis 
 

We perform fuzzy clustering using the four factors 
(Y, K0, K1 and L) from phase 1.  The clustering is 
separately carried out on the two subsmaples, one for 
period 1 (1,…,t) and the other for period 2 (t+1,…, T). 
In this phase, we use “factor income shares” instead of 
“productivity capital stock” because factor income 
shares represent the proportion of income from each 
input capital and labor towards the industry level value 
added.  There are two distinct advantages in using 
factor income shares.  First, since the value of each 
variable is expressed as percentage measures, the 
industry size bias is removed. Second, since the sum of 
all factor income shares is normalized and equal to 1, 
the fuzzy clusters can be effectively formed according 
to the relative factor income shares.  Two ways are 
used to compare the fuzzy clustering results between 
the 2 periods: (1) A decrease or increase in the number 
of fuzzy clusters over time indicates homogenization 
and (2) Changes in membership degrees between the 
fuzzy clusters over the 2 periods indicate relative 
structural shifts between industries. 
 
4.3. Switching Regression Analysis 
 
Building on the change-point analysis in phase 1, a 
switching regression is developed to explain the 
structural shifts. In (3), we hypothesize a change of one 
or more of the parameters (particularly the parameter 
related to IT capital β1) of the regression model (2). To 
estimate the model, the equations of the two time 
periods can be combined as: 
 

212211 )1()1( εεββ DDDXXDy +−++−=        (6) 
 
where the new variable D is defined as follows: 
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D               (7) 

 
Since the variable D is determined by t* found in phase 
1. The solution of this phase is straightforward and the 
dummy variable can be estimated. 
 
5. Results 
 
5.1. Phase 1: Analysis of Change Point 
 

Based on the panel data (from 1990 to 2006), a 
regression based on (2) was conducted upon each 5 
year interval starting from 1994. The highest point was 
found in order to obtain the value with the most 
significant structural break (similar to [23]). The F-
statistics for each t* is provide in Table 1. 
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Table 1: Results for Change Point Analysis 

Period F-Stat 
94 to 95 5.331793 
95 to 96 6.452213 
96 to 97 5.833624 
97 to 98 5.943476 
98 to 99 3.627235 
99 to 00 1.04865 
00 to 01 2.899318 
01 to 02 0.39091 

 
From table 1, we can see that the most significant 

change point occurs from the period 1995 to 1996 (F-
statistics = 6.45).  However, one must note that change 
or movements in structure are not immediate, because 
it is a gradual change. Therefore, an extended 
transition period needs to be considered.  To determine 
the trend indicated by the structural change point test, 
we plot the F-statistics results, as per Figure 1. 

 
 

According to Figure 1, we see that the second (F-
statistics = 5.83) and third (F-statistics = 5.94) most 
significant periods can be also considered as part of the 
structural change appoint. The use of this extended 
period (1995-1998) of change would provide a wider 
change point for parameters to change. Therefore, we 
consider (1990-1995) as period 1 and (1998 to 2006) 
and period 2. Analysis of Figure 1 reveals a region 
above the critical value1 line, and a region below the 
critical value line. It is interesting to note that the 
region below the critical value line is in the after 1998, 
while region above the critical value line is pre-1998. 
This suggests significant levels of structural shift in the 

                                                        
1 Critical value of F is obtained from F-table, with confidence = 
0.005, degrees of freedom 1 = 5, degrees of freedom 2 = ∞. The 
Critical value of F is 3.35. 

early to middle part of the 1990s. It should be noted 
that this coincided with the explosion of Internet use 
that occurred during the same period. 
 
5.2. Phase 2: Fuzzy Clustering 
 

We apply [24] fuzzy c-means (FCM) algorithm in 
which the fuzziness of the clusters depends on the 
initial parameter m, the so called fuzzy parameter. For 
m→1.0 the FCM equals to the (crisp) c-means.  For 
m→ ∞ we obtain c identical clusters; each object has a 
membership degree of 1/c to each cluster.  Without 
imposing a specific number of clusters to be formed, it 
is a common practice to set the fuzzy parameter m to 
2.0. The optimal number of clusters is determined 
according to the partition coefficient criterion [25]. The 
summary result is provided in Table 2 and an 
illustration of how industries shift between fuzzy 
clusters over the 2 periods is shown in Figure 2. 
 

Table 2: Fuzzy Clustering Memberships 

 
 

From Table 2, the 3 clusters were consistently 
obtained for the two periods (one from 1990-1995, and 
other from 1998-2006). The results indicate that three 
similar logical clusters can be formed from 12 different 
industries, i.e. suggesting certain industries have 
similar investment patterns than others.  In order to 
interpret the results, the average of the clusters of each 
period was calculated (similar to [26]) and an industry 
was assigned to each cluster in accordance to the 
dominant membership value.  

 
From Figure 2, one can see that the cluster 

memberships have varied over the two cycles. This 
may be related to the intervening transition period, 
during which some industry structures were changed. 

Figure 1: F-statistics Plot 
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Only the manufacturing sector remained constant over 
the period studied.  
 

 
Figure 2: Movements of Industry Clusters 

 
5.3. Phase 3: Switching Regressions  
 

The use of Switching Regression as applied to this 
situation requires a switching mechanism based on the 
periods. Two equations are set out to represent each 
regime in the model, as defined by the structural 
change point test in phase 1. Equation (7) is rewritten 
as: 
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D               (8) 

 
The result is provided in the Table 3. The first set of 

coefficients representing period 1 (lnKh, lnKs, lnK0 and 
lnL) are 0.120, -0.024, 0.427 and 0.194 respectively. 
Only the coefficient for IT software (lnKs) was found 
to be statistically insignificant.  The second set of 
coefficients representing period 2 (D*lnKh, D*lnKs, 
D*lnK0 and D*lnL) are -0.079, 0.095, -0.058, 0.042 
respectively.  Furthermore, we also obtained the ρ 
(rho) values (-0.990 and -0.990) for period 1 and 
period 2 by respectively switching regression analysis. 
These ρ values validate the structural differences 
between the two periods. Interpretation of the second 
set of estimated coefficients and the significance of 
each variable reveal that there is a significant change in 
the regression coefficients in the productivity analysis.  
Firstly, the productivity impacts of IT hardware and 
non-IT capital are lower in the second period. 
Secondly, the productivity impacts of IT software and 

labor are stronger in the second period in comparison 
to the first period. 
 

Table 3: Key: *** - p<.01, ** - p<.05, * - p<.10 
Switching Regression Results 
 Coefficient Std. Err 
Intercept 1.655 1.078 
lnKh 0.120*** 0.024 
lnKs -0.024 0.030 
lnK0 0.427*** 0.097 
lnL 0.194** 0.070 
D*lnKh -0.079** 0.029 
D*lnKs 0.095** 0.034 
D*lnK0 -0.058*** 0.014 
D*lnL 0.042*** 0.009 
R Square 0.989 - 

 
The positive and significance of the coefficients for 

software and hardware in period 2 are significantly 
negative. This indicates the impact of IT hardware and 
IT software are traveling in opposite directions. This 
means IT hardware is decreasing in its impact while 
software is increasing, in impact. This in turn provides 
emerging evidence of accelerating investment in 
software and a greater shift towards “softwarization” 
where value addition is linked to combining flexible 
software with increasingly commoditized hardware. 
Furthermore, because the shift of the productivity 
impact from IT software and labor are simultaneously 
stronger in the second period, we speculate that the 
productivity benefits attributable to IT may due to the 
important role played by IT software and its interaction 
with labor. 
 
6. Conclusion 
 

This paper has addressed the longer term effects of 
IT on industry profiles in Australia. We employed an 
innovative combination of data mining and 
econometric methods to determine the structure shift of 
the Australian economy over a 17 year time frame. Our 
research has shown the trajectories that different 
industries take in response to deepening different 
classes of IT investments. Further research is needed to 
elucidate the underlying dynamics that make 
seemingly disparate industries such as construction, 
cultural, and finance to demonstrate profile similarities. 
Similar studies at the firm level should also be 
undertaken to help us better understand intra-industry 
dynamics. 
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