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Chapter 4 
 

The Role of Infrastructure in  
Aggregate Output in Indonesia  

 
 
 
 

4.1 Introduction 
 
This chapter investigates the impact of infrastructure on aggregate 
output in Indonesia; the main question is whether infrastructure 
matters for economic output. 

There has been a fair amount of research on the role of public 
infrastructure in economic growth since Aschauer (1989a; 1989b) 
published an influential series of papers about the effects of public 
infrastructure investment for long-run growth and productivity in 
the United States. Aschauer’s studies have caught the attention of 
both scientists and policy makers. 

There is very little empirical evidence in Indonesia with regard to 
the relation between infrastructure investment and economic growth. 
A recent OECD (2008) report outlines the result of a principal 
component and cointegration analysis to assess the relationship 
between investment in infrastructure development and economic 
activity in Indonesia. The report uses indicators from three sectors: 
transport, telecommunications networks and energy generation. 
These data are available in the World Bank Development Indicators 
database. Furthermore, the researchers use the principal component 
analysis to reduce the set of potential infrastructure output 
indicators to a tractable number of common factors. For the 
cointegration analysis, the report simply uses two variables in the 
model, GDP (by experimenting using real GDP and GDP per capita) 
and infrastructure.  

This study aims to add to the literature in examining the 
relationship between infrastructure investment and economic 
activity in Indonesia by using currently available data on capital 
stock. Rather than simply using two variables like in the OECD 
study, the empirical estimation in this study is based on a conceptual 
model in the framework of the production function.   
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The researcher focuses on the case of a developing country, 
Indonesia, which is well-suited for several reasons: Indonesia’s 
geography, demography, and economy offer an interesting framework 
within which to study the topic of infrastructure investment; further, 
the country’s policy makers have recently shown renewed interest in 
using capital investment in infrastructure as an economic 
development tool.  

In the estimation, the study also takes into account the time-
series properties of the data. It employs the well-known cointegrated 
vector autoregressive methodological approach, using the Johansen 
procedure together with current developments in econometric 
techniques, such as the breakpoint test. 

To briefly summarize this chapter’s structure: section 4.2 
presents the conceptual framework while section 4.3 provides a brief 
review of the econometric method. Section 4.4 describes the variables 
and data sources and also plots the data and presents the results of 
unit root testing. Section 4.5 contains the empirical results and 
includes the model’s identification scheme followed by an empirical 
estimation analysis. It ends with the impulse responses analysis. 
Section 4.6 draws conclusions based on the analysis. 
 

4.2 Conceptual Framework 
 

There is a vast amount of literature on the link between public 
infrastructure and economic growth (for summaries, see Munnel, 
1992; Gramlich, 1994; Sturm, Kuper & De Haan, 1998; Romp & De 
Haan, 2005). However, most of the studies focus on developed 
countries.  

Given the theoretical considerations of the possible role of 
infrastructure in economic growth, the analysis is presented in the 
framework of a simple neoclassical production function. Aschauer 
(1989a; 1989b) and other researchers have estimated a production 
function that includes public infrastructure. It is assumed that 
output is determined by a Cobb-Douglas production function of the 
form:  
 

t t t tY A K L               (4.1) 
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where tY  denotes the aggregate production of the economy at time t, 

and tA , tK , and tL  are the level of total factor productivity, the 

capital stock, and the stock of labor, respectively.   
Following Aschauer (1989a; 1989b) and Ramirez (2004), it is 

possible to modify the production function such that infrastructure 
can be added as an additional input factor in the form: 
 

t t t t tY A K L G                        (4.2) 

 

where tG  denotes infrastructure. Taking the natural logarithm of 

both sides of equation 4.2 gives: 
 

ln ln ln lnt t t t tY c K L G e                                     (4.3) 
 
where all coefficients are constant elasticities, c is a constant 
parameter, and te  is a usual error term that reflects the influence of 

all other factors. 
While it is easy to model the production function, the problem of 

reverse causality makes estimation potentially very difficult. Capital 
inputs may determine output, but output may also feed back into 
capital accumulation (Canning, 1999; Gramlich, 1994). 

One estimation procedure would be to estimate a multivariate 
vector error correction model, effectively treating all variables as 
endogenous. Equation (4.3) is fitted into a multivariate vector error 
correction model. This approach also serves to determine if the series 
are non-stationary. Considering the theoretical background of the 
production function, it is expected to have one cointegrating equation 
that represents a long-run cointegrating relationship.   
 

4.3 Empirical Estimation  
 
Taking into account data properties, the study employs a 
multivariate vector error correction model in order to investigate the 
effect of infrastructure (transport, telecommunications, electricity, 
and water) on economic growth in Indonesia at the national level.  

It starts by formulating a Vector Autoregressive (VAR) model of 
the relationship between infrastructure stock, other physical capital 
stock, and the number of employed persons. The VAR Model 
Specification is: 
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I O
t t t t tX K K L Y                                   (4.4) 

where tX  : Vector endogenous variable 
IK  : Infrastructure Stock 
OK  : Other Physical Capital Stock 

L  : Number of Employed Persons 
Y  : Real GDP 

 
The following econometric procedures are therefore adopted. First, a 
test for non-stationarity against the alternative that the variable 
trend is stationary is performed, where different intercepts and time 
trends are permitted. The Augmented Dickey Fuller (ADF) test has 
become standard in unit root testing. However, recent researchers 
have pointed out that the standard ADF test is not appropriate for 
variables that may have undergone structural changes. Perron (1989) 
has shown that the existence of structural changes biases the 
standard ADF tests toward non-rejection of the null of unit root. In 
addition, Perron (1990) designed test statistics that allow the 
presence of a change in the mean of the series under both the null 
and alternative hypotheses. Zivot and Andrews (1992) criticized the 
assumption that the great crash and the oil price shock can be 
treated as exogenous break points and developed a unit root test 
procedure that allows an estimated break in the trend function under 
the alternative hypothesis. Saikkonen and Lütkepohl (2002) and 
Lanne, Lütkepohl and Saikkonen (2002) propose unit root tests that 
are based on estimating the deterministic term first by a generalized 
least squares (GLS) procedure under the unit root null hypothesis 
and subtracting it from the original series. Then, an ADF-type test is 
performed on the adjusted series, which also includes terms to 
correct for estimation errors in the parameters of the deterministic 
part. Furthermore, it seems appropriate to test for unit root following 
the model proposed by Saikkonen and Lütkepohl (2002) and Lanne 
et al. (2002). 

If the series under examination turn out to be I(1), it is further 
tested for the existence of cointegration vectors and a Johansen 
likelihood ratio (LR) test (Johansen, 1995) is also performed Two 
variants of these tests available in the literature, the so-called 
maximum eigenvalue tests and trace tests. Most research performs 
both tests. However, this study exclusively uses the trace test, which 
is justified by Lütkepohl, Saikkonen & Trenkler (2001). 

To consider the problem of structural breaks in the cointegration 
analysis, Johansen, Mosconi & Nielsen (2000) propose a 
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cointegration model with a piecewise linear trend and known 
breakpoint. Additionally, in order to secure a correct test size, one 
can apply the small sample Bartlett corrections (Johansen, 2002). 
Omtzigt and Fachin (2006) note that small sample procedures appear 
to be an absolutely necessary addition to the toolkit of the 
econometrician working with non-stationary data. They too reiterate 
that the Bartlett correction may be one of the procedures that correct 
small sample size bias.  

When there is evidence of cointegration, a vector error correction 
model is constructed. The analysis, then, starts from the standard 
VECM model (Johansen, 1995). The reduced form VECM 
 

1 1 1 1 1...t t t p t p t ty y y y D u                                               (4.5) 

 
is a convenient model setup for cointegration analysis. Here, ty  is a 

1K   vector of time series, tD  a vector of deterministic terms, 

1 1,...., p   are K K  coefficient matrices,   is the coefficient matrix 

associated with deterministic terms such as constant or seasonal 
dummies, tu is 1K   unobservable zero mean white noise process 

with covariance matrix u .   is K r  matrices containing the 

loading coefficients and the r cointegration vectors. 
The general modeling strategy for this research is to specify and 

estimate a reduced form model first, followed by model diagnostics 
and a long-run weak exogeneity test. Furthermore, long-run 
identifying restrictions based on theory are then considered.  

It is also possible to test for causality in VECM. The most 
prevalent causality approach was defined by Granger (1969), whose 
concept of causality is widely used in the empirical world. He defined 
a variable y2t to be causal for a time series variable y1t if the former 
helps to improve the forecasts of the latter. However, when series are 
cointegrated, the simple Granger causality test becomes invalid 
because, in VAR, it assumes stationarity. Furthermore, a VECM 
should be considered in testing for Granger causality (Toda & 
Phillips, 1993; 1994). In the cointegrated system, the long-run 
Granger causality can be defined in addition to the usual short-run 
Granger-causality (see, for example, Dufour & Renault, 1998; 
Bruneau & Jondeau, 1999).  

In spite of the usefulness of Granger causality, it may not tell the 
complete story about the interactions between the variables of a 
system (Lütkepohl, 2005). The impulse responses may provide a 
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better picture of the relations between the variables (Lütkepohl, 
2005). To investigate the effect of a structural shock on 
infrastructure and aggregate output, impulse response analysis can 
be employed. Impulse response function analysis is useful in 
assessing short-term dynamic interaction of the variable in the 
production function (Ramirez, 2004).  
 

4.4 Data 

 

The data range is for the period from 1966 to 2004. The main reason 
we start from 1966 is because it is the starting point of Soeharto’s 
new order regime. During the old order regime led by Soekarno, the 
Indonesian government faced difficult circumstances in attempting to 
build a stable government. By this time, the attempts at expansion 
and central planning had failed.  
 
Table 4.1 Variable and Data Source 

Variable Description Source of data 

LGDP Real GDP 
International Financial Statistics 
(IFS) 

LINF Infrastructure 
capital stock 

LOCS Other physical 
capital stock 

Study on Capital Stock Estimation 
(Bank Indonesia) and Study on 
Gross Fixed Capital Formation 
Matrices (BPS) 

LLAB Number of 
employed people 

Groningen Growth Development 
Center Database & Annual 
Statistic of Indonesia, Central 
Statistic Agency Indonesia 

 
 
Table 4.1 lists variable names and data sources for the study. Data 
were collected from International Financial Statistics (IFS) published 
by the International Monetary Fund, Central Statistic Agency 
(BPS/Biro Pusat Statistik) Indonesia, Central Bank of Indonesia (BI), 
and Groningen Growth Development Center (GGDC) database. Real 
GDP data came from IFS. Capital stock data were obtained from a BI 
study on capital stock estimation based on the perpetual inventory 
method  (Yudanto, Wicaksono, Ariantoro, & Sari, 2005), and a BPS 
study on gross fixed capital formation matrices (GFCF).  
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For research purposes, the capital stock data was split into 
infrastructure capital stock and other physical capital stock.  The 
capital stock data disaggregated and estimated based on the original 
GFCF matrices data. Data on labor, which is the number of employed 
persons, was taken from the GGDC database (available online 
http://www.ggdc.net) as well as from BPS. All the variables were 
then expressed in logarithmic terms. 

Figure 4.1 plots the data of all variables at the logarithmic level 
and first difference. The graph reveals that there is a shock and level 
shift in the data due to the financial crisis that occurred in late 1997 
and deepened in 1998.  

After looking at the data plots, the stationarity of all variables 
was checked by applying unit root tests. There are two general 
methods identified for unit root test: the standard unit root test 
without a break point and the unit root test with a break point. It is 
clear from the data that there was a break due to the Asian financial 
crisis, hence requiring the application of the unit root test allowing 
for a break.  
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Figure 4.1  Graph of Time Series Data in Levels and First 

Differences 
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A test of the unit root was performed on each of the variables. The 
same procedure was applied for all tests by first testing for a unit 
root with a time trend and intercept included in the model. In cases 
in which the time trend was not significant, the study estimated the 
model with only the intercept. The number of lagged differences was 
determined by the Information Criterion with maximum lag order 4 
given the limited sample size. Four information criteria were 
employed: Akaike Information Criterion (AIC), Final Prediction 
Error (FPE), Hannan-Quinn (HQ), and Schwarz Information 
Criterion (SIC).  

For the unit root test with a break point, 1998 was selected as the 
break point keeping in mind that there was a financial crisis in late 
1997, which deepened in 1998. For LINF, 1998 was selected as the 
break date since infrastructure projects in 1997 were based on the 
1997 budget and the real shift in infrastructure capital stock took 
place in 1998. Based on the assumption that the shift for other 
capital stock took place in 1998, the corresponding test statistic was 
then measured against Lanne et al.’s (2002) critical values, which is 
provided by JMulTi. The study then used the JMulTi software 
(Lütkepohl & Kratzig, 2004) to perform tests of unit root with break 
point.  
 
Table 4.2 Unit Root Tests Allowing for Break 

Critical value 
Variable  Lag Deterministic  Test-stat 

10% 5% 1% 

LGDP AIC, FPE: 2 
HQ, SIC: 0 

c, t, s98 
c, s98 

-2.35 
-3.63*** 

-2.76 
-2.58 

-3.03 
-2.88 

-3.55 
-3.48 

LINF 1 c, t, s98 -3.00* -2.76 -3.03 -3.55 
LOCS 3 c, t, s98 -2.03    
LLAB AIC, FPE, HQ 

: 1; SIC : 0 
c, s98 
c, s98 

-1.57 
-1.25 

-2.58 -2.88 -3.48 

∆LGDP 0 c, i98 -4.67***    
∆LINF 1 c, s98 -3.10**    
∆LOCS 1 c, s98 -2.73*    
∆LLAB 0 c, s98 -5.75***    

Note: *,**, and *** indicate significance level at 10%, 5%, and 1%, 
respectively. c and t denote constant and linear trend, respectively. 
s98 and i98 are shift dummies starting from 1998 and impulse 
dummies for 1998, respectively. Critical values for unit root tests 
with break point are provided by JMulTi based on Lanne et al. 
(2002). 
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Table 4.2 summarizes the results of the corresponding unit root tests. 
Based on the results of the unit root tests with a break point at the 
lag level specified by the information criteria, the researcher 
concluded that the series have a unit root and they are integrated in 
the order of 1 or I(1). However the result of the unit root test with a 
break point for LGDP was unclear since there were two different 
results depending on the lag specification. Furthermore, since a lag 
specified by AIC and FPE was insignificant, it was concluded that 
the series are I(1). Even then the result of a unit root for ∆LGDP was 
clearly significant.  
 
 

4.5 Estimation Results 
 
After testing the order of integration of each series by applying unit 
root tests with a break point, the cointegration tests were performed. 
As was previously discussed, in order to find the number of 
cointegration rank, two Johansen trace tests were performed, one 
with a break point in the level and the other with the Bartlett 
correction.  

To perform these cointegration tests, first the lag length had to be 
specified This can be done by using the four information criteria 
(AIC, FPE, HQ, and SIC) from maximum three lags to preserve 
degrees of freedom given the limited number of observations. The 
results of the lag length determined by four information criteria 
could be conflicting. In this case, we prefer to choose AIC as has been 
suggested by Liew (2004), who recommends AIC and FPE for the 
estimation of the autoregressive lag length. 

In practical cointegration analysis, we should also deal with the 
intercept and the trend. Franses (2001) addresses the problem of how 
to deal with the intercept and the trend in practical cointegration 
analysis. He notes that for most practical purposes, there seem to be 
only two relevant model representations for testing for cointegration 
among most economic time series variables: option 2 (intercept in 
cointegrating relations and no intercept in VAR model) and option 4 
(intercept and trend in cointegrating relations and no trend in VAR 
model) in Eviews. When (some or all) series display trend patterns, 
we should consider that this case corresponds with the latter. To 
conclude, the study opts for the second option of deterministic model 
(linear deterministic trend) since all of the series at the level 
apparently exhibit a trend. 
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Table 4.3 Test of the Cointegration Rank 

Trace Test 
(with break) 

 Trace Test 
(Bartlett corrected) Ho 

Test Stat c.v. 5% (a)  Test Stat c.v. 5% (b) 
r = 0   111.91 69.97  67.73* 63.66 
r = 1 60.99 47.76  38.45 42.77 
r = 2  31.64* 29.34  18.82 25.73 
r = 3   11.28 14.49  8.31 12.45 
Note: * denotes rejection of hypothesis at 5 percent significance level; 
(a) in the column three are critical values for trace test with break 
provided by JMulTi, based on Johansen et al. (2000); (b) in the 
column five are critical values for Bartlett-corrected trace test based 
on Doornik (1998) and reproduced in Juselius (2006). The tests are 
computed using JMulTi 4.1 (Lütkepohl & Kratzig, 2004) for trace test 
with break, whereas Bartlett-corrected trace test is computed using 
SVAR 0.4 (http://www.texlips.net/svar/index.html). 
 
 
Table 4.3 shows the outcomes of the cointegration rank tests. The 
results of the trace tests with break and the Bartlett-corrected trace 
tests are conflicting. The trace tests with break indicate three 
cointegrating vectors. However, the Bartlett-corrected trace tests 
indicate one cointegrating vector. Consequently, there is a need to 
consider the economic interpretability of the results based on 
economic theory, as pointed out in section 4.2, with one long-run 
relation describing the output relation. Our economic prior of one 
long-run output relation seems reasonably well supported by the 
Bartlett-corrected tests of cointegration. Therefore, we assume one 
cointegrating relationship for the subsequent analysis. 

Since cointegration exists, a VECM analysis was considered 
appropriate, for which an adequate model had to be identified. On 
the basis of the cointegration analysis results, we begin with a model 
with cointegrating rank one and continue to use lag length three in 
the VAR, which is equivalent to two in the VECM. Since the 1998 
Asian financial crisis also affected Indonesia, a financial crisis 
dummy as an exogenous variable was incorporated into the model.  

To determine whether the model provides an adequate 
representation, autocorrelation LM tests and portmanteau tests for 
autocorrelation were applied. The LM tests are useful for testing for 
low-order residual autocorrelation, while large lag lengths are 
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required for the portmanteau tests (Lütkepohl, 2005). Therefore, lags 
one and four were considered for the LM tests while lags ten and 
twelve for the portmanteau tests. The results are presented in panel 
A of Appendix 4.1. It shows that not all asymptotic p-values are 
substantially larger than conventional significance levels for such 
tests prompting the researcher to look for an alternative model. In 
addition, the results of cointegration relation β in column two of 
Table 4.4 also indicate that LINF and LLAB enter the system with 
signs that are not in line with the theoretical based expectations.  

To proceed, the trend was eliminated from the cointegration 
relation. Again, autocorrelation LM tests and portmanteau tests for 
autocorrelation were used to check whether the model provided an 
adequate representation. The results showed that all asymptotic p-
values were substantially larger than conventional significance levels 
for such tests. Consequently, confirming that there was no apparent 
residual autocorrelation problem for the model. 

The third column in Table 4.4 shows the Johansen ML estimate 
of cointegration relation β where the coefficient of LGDP has been 
normalized to the one in the cointegration equation. The 
cointegration may be interpreted as the output (economic growth) 
relation, in which real GDP is related to infrastructure capital stock, 
other physical capital stock, and labor.   

All variables enter the output relation with the expected a priori 
positive sign. LOCS enters the output relation with a positive sign 
but is not statistically significant. The constant, which can be 
interpreted as the technological factor, enters with a positive sign but 
is not statistically significant. The coefficient of LINF can be 
interpreted as the long-run elasticity of real output with respect to 
infrastructure. The value of 0.3 is close to the result found by 
Ramirez (2004) for Mexico. However, this result is much larger than 
the result found by Badawi (2003) for Sudan, which reported a long-
run elasticity of output with respect to public sector investment of 
only 0.20.  
 

 

LGDPt =  0.30 LINFt  +  0.09 LOCSt   +  0.54 LLABt  +  1.49   

      (3.12)      (0.82)         (2.63)          (0.46) 

 

*(t-values in parenthesis) 
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Table 4.4 Cointegration Vector (normalized) 

 β' β' 

 
with trend and 

intercept in 
cointegration relation 

only intercept in 
cointegration 

relation 

LGDP  1 1 

LINF 7.90 
(3.872) 

-0.30 
(-3.118) 

LOCS -9.56 
(-4.608) 

-0.09 
(-0.821) 

LLAB 8.45 
(3.993) 

-0.54 
(-2.629) 

trend -0.53 
(-3.874) 

 

c -121.13 -1.49 
(-0.455) 

Numbers in ( ) are t-statistics 
 
 
The sum of the elasticities of infrastructure capital, other physical 
capital, and labor is close to one, which indicates constant return to 
scale. Since the signs of the relation are theoretically acceptable, 
further restrictions were not placed on the long-run structure of the 
model.   

Next the significance of the adjustment coefficient in the 
cointegration equations with the null hypothesis that all error 
correction terms do not enter in the ith VEC equation was tested. 
The test of zero row in  is the equivalent of testing whether a 
variable can be considered weakly exogenous for the long-run 
parameters β (Johansen, 1995; Juselius, 2006).  

The results in Table 4.5 show that LINF and LLAB appear to be 
insignificant, indicating a long-run weak exogeneity with respect to 
the cointegrating vector. The null hypotheses that real GDP is 
weakly exogenous is rejected, indicating that a significant long-run 
stationary feedback to real GDP exists. This result is in accordance 
with the result found by Badawi (2003) for Sudan. 
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Table 4.5 Weak Exogeneity Test on Normalized System 
 LR test (χ2) Probability 

LGDP (11=0) 17.718 0.000 
LINF (21=0) 0.731 0.392 
LOCS (31=0) 13.826 0.000 
LLAB (41=0) 1.308 0.253 

 

The results from long-run weak exogeneity tests help determine the 
long-run causality direction. Recall that the long-run weak 
exogeneity hypothesis was rejected for both LGDP and LOCS. We 
can interpret that there is bidirectional long-run causality between 
these two variables. In addition, infrastructure capital, LINF, 
Granger causes the output, LGDP. The result is different from the 
OECD’s (2008) findings, which suggest that causality runs from GDP 
to infrastructure development.  

Based on this difference the thesis argues that, in Indonesia, 
there is complexity in building infrastructure investment. The 
demand for infrastructure as the impact of economic growth in the 
region cannot be fulfilled. Though the need for constructing new 
infrastructure in the growing economy is recognized, implementation 
has posed problems. In chapter 2 it was observed how economic 
growth in Indonesia has triggered an increase in the number of 
motor vehicles, but infrastructure investment has not kept pace, 
resulting in regular traffic jams. While in chapter 3, the growing 
complexity of the decision-making process in infrastructure 
investment was acknowledged. In Jakarta city, for example, despite 
the need for mass rapid transport infrastructure, the decision-
making process and construction take a very long time. 

In order to analyze the short-term dynamic interactions of 
the model, the study employs the impulse response functions 
(IRF). Furthermore, a generalized decomposition process has 
been employed for impulse response analysis. The results in 
Appendix 4.3 show the response of output, infrastructure, other 
physical capital stock, and labor to generalized one standard 
deviation shock in output, infrastructure, other physical stock 
and labor. The response of output to a one standard deviation 
innovation in infrastructure is positive and peaks after four 
years. The positive response then fluctuates and finally stable 
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in year twelfth. A positive output shock also has a significant 
positive impact on infrastructure, and peaks in the second year, 
then decreases and finally stable after nine years. 
 

 
Figure 4.2 Response to Generalized One Standard Deviation 

Shock (first differences) 
 

To assess the relative importance of the identified output and 
infrastructure shock, the study lists for different horizons (h) 
the forecast error variance decomposition of unemployment 
(See Appendix 4.4). According to the results, the infrastructure 
shock explains 35 percent of the variation in the output after 10 
periods. In addition, 35 percent of the variation in the 
infrastructure variable can be attributed to output after 10 
periods. From the analysis, it can be concluded that both 
proportions are clearly significant.    
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4.6 Conclusions  
 
This chapter examined the contribution of infrastructure capital to 
economic growth in Indonesia using a multivariate vector error 
correction model. The Indonesian financial crisis of 1997/1998, which 
occurred during the sample period 1966–2004, was taken into 
account when testing for a unit root and cointegration, and 
estimating the model.    

The analysis reveals that there are positive and significant signs 
of infrastructure development in the long-run output relation. 
Results from the impulse response model indicate that positive 
infrastructure shocks contribute to a positive impact on output. 
Further, infrastructure explains a significant percentage of the 
variation in output after ten years and vice versa. 

It might be interesting for future research to examine the impact 
of infrastructure at a more local level when suitable data is available.  
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Appendix 4.1 VECM (1) 
 
Panel a. VECM Model (normalized) with trend in cointegration 
relation 
 

 D(LGDP) D(LINF) D(LOCS) D(LLAB) 

CointEq1 -0.003587  0.018802  0.036562 -0.044041 

 (-0.38727) ( 1.06020) ( 3.35802) (-2.29027) 

     

D(LGDP(-1))  0.124242  0.089168  0.186544  0.127913 

 ( 1.41429) ( 0.53015) ( 1.80654) ( 0.70139) 

D(LGDP(-2)) -0.103420  0.162359 -0.058699 -0.035592 

 (-1.36854) ( 1.12216) (-0.66082) (-0.22687) 

D(LINF(-1))  0.165033  0.634081 -0.188591  0.426177 

 ( 1.48334) ( 2.97674) (-1.44208) ( 1.84516) 

D(LINF(-2))  0.061303 -0.508105  0.008861  0.220083 

 ( 0.55641) (-2.40875) ( 0.06842) ( 0.96222) 

D(LOCS(-1))  0.250012  0.238184  0.819080  0.094263 

 ( 2.07551) ( 1.03276) ( 5.78478) ( 0.37694) 

D(LOCS(-2)) -0.241662  0.298489  0.036647 -0.451216 

 (-1.46710) ( 0.94647) ( 0.18927) (-1.31950) 

D(LLAB(-1)) -0.273056  0.089233 -0.023004 -0.219926 

 (-3.07985) ( 0.52569) (-0.22074) (-1.19489) 

D(LLAB(-2)) -0.085013  0.103857  0.187239 -0.118467 

 (-0.93614) ( 0.59733) ( 1.75408) (-0.62839) 

C  0.039749  0.049368  0.022379 -0.024664 

 ( 2.89895) ( 1.88057) ( 1.38851) (-0.86647) 

DIFC -0.204828 -0.087723 -0.060969 -0.034406 

 (-12.5418) (-2.80548) (-3.17598) (-1.01479) 

 R-squared  0.911419  0.868146  0.950382  0.291078 

 Adj. R-squared  0.875987  0.815405  0.930535  0.007509 

 Sum sq. resids  0.004779  0.017518  0.006603  0.020596 

 S.E. equation  0.013826  0.026471  0.016252  0.028703 
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Panel b. Residual autocorrelation tests 

Test LM(2) LM(4) Q10 Q*10 Q12 Q*12 

Test 
statistic 

21.52 28.06 135.07 160.04 166.07 205.64 

p-value 0.16 0.03 0.32 0.03 0.35 0.01 

Df 16 16 128 128 160 160 

df is degrees of freedom for (approximate) chi-square distribution 
Ho for LM tests: No residual autocorrelation at lag order h 
Ho for portmanteau tests: No residual autocorrelation up to lag order 
h 
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Appendix 4.2 VECM (2) 
 
Panel a. VECM Model without trend (only intercept) in cointegration 
relation 

Error Correction: D(LGDP) D(LINF) D(LOCS) D(LLAB) 

CointEq1 -0.229502 -0.074102  0.203113 -0.114063 

 (-4.94179) (-0.85892) ( 3.97817) (-1.14972) 

     

D(LGDP(-1))  0.267262  0.224108  0.189745  0.184354 

 ( 3.13757) ( 1.41624) ( 2.02616) ( 1.01311) 

D(LGDP(-2)) -0.009926  0.207923 -0.122452  0.040683 

 (-0.12400) ( 1.39818) (-1.39139) ( 0.23790) 

D(LINF(-1))  0.166237  0.780184  0.053340  0.125100 

 ( 1.72435) ( 4.35629) ( 0.50326) ( 0.60744) 

D(LINF(-2))  0.020137 -0.301045  0.395180 -0.093659 

 ( 0.21811) (-1.75521) ( 3.89330) (-0.47487) 

D(LOCS(-1))  0.274023  0.246526  0.820950 -0.100224 

 ( 2.10869) ( 1.02120) ( 5.74632) (-0.36103) 

D(LOCS(-2)) -0.182896  0.070077 -0.435325  0.158898 

 (-1.57057) ( 0.32393) (-3.40028) ( 0.63874) 

D(LLAB(-1)) -0.314969  0.145335  0.122253 -0.311121 

 (-3.29461) ( 0.81833) ( 1.16317) (-1.52340) 

D(LLAB(-2)) -0.131250  0.159306  0.331060 -0.153093 

 (-1.28435) ( 0.83915) ( 2.94671) (-0.70127) 

DIFC -0.189563 -0.097787 -0.099134  0.001005 

 (-11.3843) (-3.16123) (-5.41531) ( 0.02826) 

 R-squared  0.892551  0.849422  0.947349  0.089435 

 Adj. R-squared  0.855357  0.797299  0.929124 -0.225760 

 Sum sq. resids  0.005797  0.020006  0.007007  0.026455 

 S.E. equation  0.014932  0.027739  0.016416  0.031898 

 



Chapter 4 106 

Panel b. Residual Autocorrelation tests  

Test LM(2) LM(4) Q10 Q*10 Q12 Q*12 

Test 
statistic 

23.13 14.10 129.36 151.99 156.53 191.91 

p-value 0.11 0.59 0.45 0.07 0.56 0.04 

Df 16 16 128 128 160 160 

df is degrees of freedom for (approximate) chi-square distribution 
Ho for LM tests: No residual autocorrelation at lag order h 
Ho for portmanteau tests: No residual autocorrelation up to lag order 
h 
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Appendix 4.3 Variance Decomposition Table 
 

 Variance Decomposition of LGDP: 

 Period S.E. LGDP LINF LOCS LLAB 

 1  0.014932  100.0000  0.000000  0.000000  0.000000 

 2  0.025745  86.68644  6.041799  2.076094  5.195670 

 3  0.036642  77.97894  14.65180  3.944264  3.424991 

 4  0.050143  69.36440  23.13481  4.306410  3.194379 

 5  0.066085  61.36307  29.87337  4.136550  4.627009 

 6  0.083181  55.94847  33.26312  4.478913  6.309494 

 7  0.101200  52.22161  34.23763  5.221813  8.318938 

 8  0.120513  49.12432  34.54380  5.907067  10.42481 

 9  0.141427  46.31571  34.99308  6.319672  12.37153 

 10  0.163911  43.87720  35.51417  6.545311  14.06332 

 Variance Decomposition of LINF: 

 Period S.E. LGDP LINF LOCS LLAB 

 1  0.027739  13.73994  86.26006  0.000000  0.000000 

 2  0.059121  19.73804  78.83812  0.495848  0.927988 

 3  0.092517  26.97286  68.33088  1.966280  2.729983 

 4  0.128089  31.98930  60.49979  3.690960  3.819944 

 5  0.167281  34.50753  55.89838  4.862536  4.731558 

 6  0.211107  35.37838  53.51584  5.339033  5.766748 

 7  0.258955  35.54259  52.17730  5.495882  6.784227 

 8  0.309434  35.55604  51.06590  5.661174  7.716889 

 9  0.361773  35.53794  49.94154  5.909894  8.610620 

 10  0.416066  35.42659  48.90585  6.170480  9.497074 

 Variance Decomposition of LOCS: 

 Period S.E. LGDP LINF LOCS LLAB 

 1  0.016416  22.70347  0.233785  77.06275  0.000000 

 2  0.036726  34.15744  0.249969  65.58159  0.010995 

 3  0.059565  45.46749  2.100147  51.70903  0.723330 

 4  0.086362  51.36621  10.27496  37.54978  0.809047 

 5  0.117779  53.46743  17.72261  28.02598  0.783975 

 6  0.151571  54.63032  21.39531  23.16062  0.813749 

 7  0.186490  55.27273  23.04609  20.74775  0.933431 

 8  0.222572  55.27296  24.37093  19.17676  1.179355 

 9  0.260200  54.72711  25.90107  17.81437  1.557449 

 10  0.299369  53.90890  27.42810  16.63747  2.025525 
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 Variance Decomposition of LLAB: 

 Period S.E. LGDP LINF LOCS LLAB 

 1  0.031898  5.756794  0.701431  0.761840  92.77994 

 2  0.040177  7.326039  0.733479  0.518925  91.42156 

 3  0.047028  8.243867  1.010087  0.884904  89.86114 

 4  0.055219  8.992292  0.943505  1.703089  88.36111 

 5  0.064060  9.673700  1.179824  2.286754  86.85972 

 6  0.073043  10.33132  2.056764  2.595253  85.01666 

 7  0.082432  11.02598  3.207328  2.844354  82.92234 

 8  0.092149  11.77214  4.230828  3.161259  80.83577 

 9  0.102111  12.50674  5.118397  3.537064  78.83780 

 10  0.112399  13.18049  6.013395  3.891521  76.91459 

 Cholesky Ordering: LGDP LINF LOCS LLAB 

 




