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Abstract 

           This paper re-examines the sources of growth for the period 1956-2003 for Sudan. It 
builds upon different models to investigate empirically the relationship between economic 
growth – as measured by GDP per capita growth- and inequality (the growth, inequality and 
poverty triangle hypotheses), using data from the national and international sources. 

          We investigate the following hypotheses: i) whether growth, inequality and poverty are 
co integrated using the Johansen approach and F-bound co integration test, ii  ) whether growth 
Granger causes inequality, iii) and whether inequality Granger causes poverty. Finally, a 
VAR is constructed and impulse response functions (IRFs) are employed to investigate the 
effects of macroeconomic shocks. 

                The results suggest that growth; poverty and inequality are co integrated when 
poverty and inequality are the dependent variable, but are not co integrated when growth is 
the dependent variable.  

               In the long- run the causality runs from inequality, poverty to growth, to poverty, 
while in the short-run causal effects, runs from poverty to growth. Thus, there is 
unidirectional relationship, running from growth to poverty, both in the long- run and short 
run.  
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Introduction: 

              The relationship between inequality or income distribution and economic 
development has been an area ongoing study for over five decades. The distribution of 
income in a country is traditionally assumed to shift from relative equality to inequality and 
back to greater equality as the country develops. Intuitively, inequality will rise as some 
people move away from prevailing traditional activities, which yield a low marginal product, 
into more productive venture. At some point, the marginal product of all economic activities 
converges and income differences narrow. Based on this reasoning, the so-called Kuznets 
hypothesis (Kuznets, 1955) postulates a nonlinear relationship between a measure of income 
distribution and the level of economic development.  

               According to Ali (1992, p.173) the income per adult equivalent is highly unequal 
distributed in Sudan is clear from the difference between the smaller  modal value and the 
average value of income - the difference being much larger in urban areas. The extent of 
inequality in income, higher in urban areas, is clearly documented by the Lorenz curves; the 
divergence between the curves emerges around the fourth income decline and then increases.  

               The main aim of this paper is to focus attention, so far lacking, on the behavior of 
growth and income distributions in the Sudan over the period 1956-2003, and to explore how 
inequality and poverty are related to subsequent economic growth in the Sudan.  

             This paper contributes to this debate by analyzing simple models of growth, 
inequality and poverty, which allows income distribution, poverty and growth to depend on 
the latter in the short-to-longer run.  

              This paper makes a contribution to the existing literature in the following manner. 
First, most studies that test the relationship between growth, inequality and poverty (GIP) 
hypothesis for Sudan  do not tend to cover all the period from 1956-2003 and post-
liberalization (post-1992) period for more than four or five years at most. This study 
examines a robust data set for a period of ten years after reform and thus it is better able to 
capture the effects of liberalization on growth and income distribution in Sudan. It is thus a 
more up-to-date test of the GIP hypothesis for Sudan. Secondly, this paper employs the 
recently developed F-bound test co integration test, which allows us to circumvent the 
problem of having to impose arbitrary lag lengths (or estimate deterministic trends) in order 
to assess the co integration hypothesis (following the Johansen method), which is a problem 
almost all the studies in the past have faced. To our knowledge, this technique has not been 
employed previously in empirical tests of the PIG hypothesis, particularly for the case of 
Sudan. Finally, the VAR that we construct, along with the estimated impulse response 
functions allow us to simulate the impact of shocks on a given variable and the impact that 
has on the other variables. These types of ‘conceptual experiments’ have also not been 
previously used for the case of Sudan. Additionally, earlier studies (especially for the case of 
Sudan) tend to rely almost exclusively on the Johansen method.  

Literature Review: 

              In recent year’s scholars, policy markers have expressed a mounting concern about 
the problem of income distribution in relation to growth. What triggered interest in this 
subject is the observation that Atkinson (1973, p.244) stated “more than a decade of rapid 
growth in underdeveloped countries has been of little or no benefit to perhaps a third of their 
population? Paradoxically, while growth polices have succeeded beyond the expectations of 



  
 

the first development decade, the very idea of aggregate growth as asocial objective has 
increasingly been called into question”  

                Clarke (1995, p.501) stated that for some decades economists have accept the idea 
that income inequality was unpleasant precondition for growth. Rebelo (1991, p.403) insofar 
as income inequality provides incentives for individuals in order to improve their life 
standards, it could be considered as being growth-enhancing.  

Empirical Analysis: 
  Conceptual Problems and Data Sources: 
            Studies of the kind undertaken here beset by several methodological and conceptual 
problems. The methodological problems, particularly, related to the incomparability and 
inadequacy of the data, as well as shortcomings, which are inherent in the model analysis 
used.  

            The other major methodological problem is that of data comparability among 
government units at a point of time (cross-section data), or over time (time-series data). In 
time series data, the problem may be aggravated because the incomparability problem 
changes over time both of terms of its nature and magnitude. 

            The data used in this study come from different sources although I attempted to 
maintain data consistency. Data on GDP and GDP per capita are from the Ministry of 
Finance and National Economy- Annual Economic Reviews, Annual Statistical Book CBS, 
UN statistics, IMF, GDPDATABASE, WB, and UNDP reports, Global Development Finance 
& World Development Indicators. Data on income inequality measured in terms on 
inequality or Gini index. Gini is a measure of inequality, estimated based on different 
specification and equations of Gini coefficients using indirect methods.  

The following time series are analyzed for the period 1971-2001: 

 1. Y: GDP per capita, 1956 – 2003 Real GDP Per Capita in constant dollars 
 (international prices, base year 1985 and 1990) 

 2. INEQ: Measures the extent to which the distribution of income among individuals 
 or households within an economy deviates from a perfectly equal distribution.  

2)log()log()log(
1 )log(69.583)log(3.49610025.0058.71.11244 YYeeeINEQ yyY                      [1] 

 3. P: Poverty Head Count Ratio (1956-2003) calculated base on: 

Ln P = 4.1732 - 0.00163 YC + 0.0124 GINI                                    [2] 

 Where YC is Per Capita Consumption Expenditure ($: 1990 PPP) 

All econometric estimations in this paper have been carried out using E-views 5.  

Unit Root Tests: 
           In investigating the GIP hypothesis, the traditional approach of first differencing 
disregards potentially important equilibrium relationships among the levels of the series to 
which the hypotheses of economic theory usually apply. 



  
 

We first test for a unit root. Table 1 summarizes the results for unit root tests on levels and in 
first differences of the data. Strong evidence emerges that all the time series are I (1).In 
Table1, for the Augmented Dickey-Fuller test (ADF) tests, the lag length is based on the 
Schwarz Information Criterion, while for the Phillips-Perron Unit Root Test. (PP) test 
bandwidth selection is based on Newey-West. 

            Following a multivariate approach we proceed with considering the co integration 
hypothesis between growth, inequality and poverty. These variables have been chosen for 
analysis for three reasons. First, Bourguignon (2003, p.10) have suggested that development 
in any country depend on the relationship between GIP triangle and they are an important 
variable while considering causality between growth, inequality and poverty and omission of 
one could lead to biased results. Secondly, testing the GIP hypothesis is an explicit objective 
for us and the chosen variables seem appropriate for such an exercise. Finally, given the set 
of new calculated variables for which time series data is available for Sudan.  

              A three-stage procedure was followed to test the direction of causality. In the first 
stage, the order of integration was tested using the ADF and PP unit root tests. Table 1 
reports the results of the unit root tests. The ADF and PP statistics for the Y, INEQ and P do 
not exceed the critical values (in absolute terms). However, when we take the first difference 
of each of the variables, the ADF and PP statistics are higher than their respective critical 
values (in absolute terms). Therefore, we conclude that Y, INEQ and P are each integrated of 
order one or I (1). 

            Table 1 show that ADF, PP individual unit root process, ADF - Fisher Chi-square, 
and, PP - Fisher Chi-square with  2.32838  and 15.5114   respectively. Therefore, we accept the 
null hypothesis of there is individual unit root. 

           However, when we take the first difference of each of the variables, the ADF - Fisher 
Chi-square, and, PP - Fisher Chi-square statistics are higher than their respective critical 
values. Therefore, we conclude that Y, INEQ and P are individually integrated of order one 
or I (1). 

 
 



  
 

TABLE 1 
 Unit Root Tests (ADF and PP test) 

Variable ADF Statistic Lag CV Prob. PP Statistic [BW] Lag CV Prob.
Y   0.8873  0 -1.947975* 0.9073 0.7622 0 -1.947975 0.9173

D(Y) -6.209519 0 -1.948140 0.0000 -6.033024 0 -1.948140* 0.0000
INEQ 0.4418 0 -1.947975 0.6756 0.0425 0 -1.947975 0.7433

D(INEQ) -6.928813 0 -1.948140 0.0000 -7.412846 0 -1.948140 0.0000
P 0.7965 0 -1.947975 0.7318 0.0732 0 -1.947975 0.9553

D(P) -9.753989 0 -1.948140 0.0000 -14.37420 0 -1.948140 0.000 
Notes: CV is Critical values at 5% level; and BW is the Bandwidth.  
 
 
Co-integration 
Bound Test Approach 
            The second stage involves testing for the existence of a long-run equilibrium 
relationship between Y, INEQ and P within a multivariate framework; in order to test for the 
existence of any long-run relation among the variables we employ the bounds testing 
approach to co integration. This involves investigating the existence of a long-run 
relationship using the following unrestricted error correction model UECM. 

            For examining the long-term relationship between Y, INEQ and P, we resort to the 
autoregressive distributed lags ARDL model proposed by (Pesaran, et al., 2001). The ARDL 
procedure has become increasingly popular in recent years for several reasons: First, the 
technique is more appropriate to be used in testing the long run relationship between 
variables when the data are of a small sample size as Pesaran, et al., (2001, p.289). Second, 
there is no restriction imposed on the order of integration of each variable under study. This 
implies that the test allows testing for the existence of a co integrating relationship between 
variables in levels irrespective of whether the underlying regresses are I(0) or I(1). This is 
different from the general multivariate co integration frameworks, which require that time 
series in the system should be non-stationary in their levels and that all time series in the co 
integrating equation should have the same order of integration.  
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               Here Δ is the first difference operator. The F test is used to determine whether a 
long-run relationship exists between the variables through testing the significance of the 
lagged levels of the variables. When a long-run relationship exists between the variables, the 
F test indicates which variable should be normalized.  
In first equation, where Y is the dependent variable, the null hypothesis of no co integration 
amongst the variables is  



  
 

0: 3210  YYYH   

against the alternative hypothesis 
0: 3211  YYYH  . 

This is denoted as FY(Y\INEQ,P). 
         In the second equation, where INEQ is the dependent variable, the null hypothesis for 
co integration is  

0: 3210  INEQINEQINEQH   

against the alternative 
0: 3211  INEQINEQINEQH     

 
       This is denoted as FINEQ (INEQ\Y, P). 
         In the third equation, where P is the dependent variable, the null hypothesis for co 
integration is 

0: 3210  PPPH   

against the alternative  
0: 3211  PPPH   

      This is denoted as FP (P\INEQ, Y). 
       We use a relatively new, and as yet little used, estimation technique, which is the bounds 
testing approach to co integration, within ARDL framework, developed by Pesaran and 
others (2001, p.289).  
             Kanioura and Turner (2005, p.265) generate critical values for a test for co 
integration based on the joint significance of the levels terms in an error correction equation.       
They show that the appropriate critical values are higher than those derived from the standard 
F-distribution. They compare the power properties of this test with those of the Engle-
Granger test and Kremers et al’s t-test based on the t-statistic from an error correction 
equation. The F-test has higher power than the Engle-Granger test of the error correction test. 
However, the F-form of the test has the advantage that its distribution is independent of the 
parameters of the problem being considered.  
           Based on Pesaran critical bounds vales if the computed F statistics falls outside the 
critical bounds, a conclusive decision can be made regarding co integration without knowing 
the order of integration of the regresses. If the estimated F statistic is higher than the upper 
bound of the critical values then the null hypothesis of no co integration is rejected. 
Alternatively, if the estimated F statistic is lower than the lower bound of critical values, the 
null hypothesis of no co integration cannot be rejected.  
           We tested for the presence of long-run relationships. As we use annual data, the 
maximum number of lags in the ARDL was set equal to 2. The calculated F-statistics are 
reported in Table 2.  
         For the FINEQ =  4.545753 , FY =  0.018322 ; and for FP= 14.77840 . From these results, it is 
clear that there is a long run relationship amongst the variables when INEQ and P are the 
dependent variable because its F-statistic are higher than the upper bound critical values 
4.260 and 3.90 at the 5 and 10 per cent level of Pesaran  and Narayan respectively. This 
implies that the null hypothesis of no co integration among the variables FINEQ and Fp cannot 
be accepted. However, for FY the null hypothesis of no co integration is accepted. 
 
 
 
 
 



  
 

TABLE 2 
Pesaran and Narayan Bounding Test Critical values 

Pesaran et al. (2001)
a

Narayan (2005)
b
 

Critical Value 
Lower 

bound value
Upper 

bound value
Lower 

bound value
Upper 

bound value 
1 per cent 3.74 5.06 4.59 6.37 
5 per cent 2.86 4.01 3.28 4.63 
10 per cent 2.45 3.52 2.70 3.90 

Source:  
a 

Critical values are obtained from Pesaran et al. (2001), Table CI(iii) Case III: 
Unrestricted intercept and no trend  
b 

Critical values are obtained from Narayan (2005), Table case III: unrestricted 
intercept and no trend.  
* indicate significance at 1% level. ** indicate significance at 5% level 

Johansen Co integration Test:  
              To confirm our previous result we apply another technique. Two or more variables 
are co integrated if they have a long-term, or equilibrium, relationship between them. While 
the method of Engle and Granger only applies to the single equation estimation to test co 
integration between variables, the estimation techniques by Johansen (1990) estimate the co 
integration vectors, and test for the order of co integration vectors and linear relationship in a 
multivariate model. In a vector auto regression, co integration between variables gives an 
indication that a shock to any one of the equation will trigger response from the rest of the 
equations in the system. Annex 1 is a summary of results of co integration analysis using 
Johansen maximum likelihood approach, i.e., the co-integration likelihood ratio tests based 
on maximum Eigen values and trace of the stochastic matrix. Both tests confirm (as in 
bounding test) that there are two co integration vectors in the given set of variables. 
          The result of significance (exclusion) test provides a p-value of 0.47 for Y (INEQ and 
P both have p-value=0); therefore, there is some (but marginal) evidence of long-run 
crowding-out effect. 
           Once the variables are found to be co integrated, then the next step is to use the error-
correction model to estimate the short-run dynamic causality relationship. Equation (1) can 
now be constructed into VECM in order to capture both short- and long-run impact of the 
vector. Defining as the vector of the t potentially endogenous variables, we can model as an 
unrestricted VAR model with lag-length up to 2 and Table 3 shows the VAR Lag Order 
Selection Criteria. 



  
 

TABLE 3 
VAR Lag Order Selection Criteria 

 Lag LogL LR FPE AIC SC HQ 
0  151.2278 NA   2.03e-07 -6.894315  -6.771441* -6.849003 
1  159.8857  15.70508  2.07e-07 -6.878405 -6.386908 -6.697156 
2  175.9923   26.96921*   1.50e-07*  -7.208945* -6.348824  -6.891759*
3  180.3497  6.688026  1.89e-07 -6.993008 -5.764264 -6.539885 
4  187.0301  9.321534  2.18e-07 -6.885121 -5.287754 -6.296062 

 * indicates lag order selected by the criterion 
 LR: sequential modified LR test statistic (each test at 5% level) 
 FPE: Final prediction error 
 AIC: Akaike information criterion 
 SC: Schwarz information criterion 
 HQ: Hannan-Quinn information criterion 

 
Granger Causality 
            The third stage involves constructing standard Granger-type causality tests augmented 
with a lagged error-correction term where the series are co integrated. The equation INEQ is 
dependent variables estimated without an error-correction term because we failed to find 
evidence of co integration for these equations. However, given that the bounds test suggest 
that [Y.INEQ, P] are co integrated when is the dependent variable; we augment the Granger-
type causality test when P is the dependent variable with a lagged error-correction term. 
Thus, the Granger causality test involves specifying a multivariate pth order VECM as 
presented in Table 4 as follows:  



  
 

TABLE 4 
Results of VEC Granger Causality 

Null Hypothesis: F-Statistic Probability Decision 

P                     Y 2.98963 0.06165 Causality 

Y                     P 2.97465 0.06246 Causality 

INEQ             Y 3.15208 0.05355 Causality 
    Y                   INEQ 0.32196 0.72659 No Causality 

INEQ            P 1.36252 0.26764 No Causality 
P                 INEQ 5.36446 0.00863 Causality 

 
            Granger (1969, p.426) starts from the premise that the future cannot cause the present 
or the past. Strictly speaking, the term "Granger Causality" means "precedence". For 
instance, do movements in per capita income precede movements in poverty, or its opposite, 
or the movement contemporaneous? This is purpose of Granger causality. It is not causality, 
as it usually understood. 
             Table 4 above gives results on Granger causality tests. In carrying out the test of 
causality between P and growth and INEQ, the results indicate directional causality between 
the P and growth. This causality runs from P to growth and from growth to P. We also see 
that causality runs from INEQ to growth. We also see no causality from growth to INEQ and 
from INEQ to P. Table 6 indicates that there is a unidirectional causality between inequality 
and poverty. 
              The result shows that ECT for the long run causality based on VECM results 
suggested that in all the three equations has the negative and positive sign. However, the ECT 
in the Y and P equations are found statistically significant at 5 and 1 per cent level, which 
confirms the results we obtained from the bounds test of co integration. This implies that in 
the long run the causality runs from INEQ, P to G, to poverty and that change in G are a 
function of disequilibrium in the co integrating relationship. The ECT coefficient of 0.64 for 
G indicates that adjustment towards the long run equilibrium is about 0.64% per annum, 
suggesting any deviation from the long run equilibrium is corrected substantially in the 
following year and 0.111% for poverty.  
             Turning to short-run causal effects, we find that short-run causality runs from P to G 
and from G to P and, from G to INEQ, from INEQ to G, from P to INEQ and, from INEQ to 
P. Thus, there is unidirectional relationship, running from G to P, both in the long run and 
short run.  
Variance Decomposition: 
              Detecting Granger causality it restricted within sample tests, which are useful in 
describing the plausible Granger exogenously or endogenously of the dependent variable in 
the sample period, but are unable to deduce the degree of exogenously of the variables 
beyond the sample period. To examine this issue we consider the decomposition of variance, 
which measures the percentage of a variable’s forecast error variance that occurs as the result 
of a shock from a variable in the system. If a variable is truly exogenous with respect to the 
other variables in the system, own innovations will explain all of the variables forecast error 
variance.  
            The variance decomposition analysis indicates that income is the exogenous variable. 
A high proportion of its shock is explained by the own innovations compared to the 
contributions of own shocks to innovations for inequality and poverty. At the end of 12 years, 



  
 

the forecast error variance for income explained by their own innovations is   95.59 percent, 
while the forecast error variance for poverty and inequality explained by their own 
innovations are 29.33 and 80.58 per cent respectively. 
 
Impulse Response Functions: 
           An alternative method of obtaining information regarding the relationships among the 
variables included in the variance decomposition analysis is via generalized impulse response 
functions. Appendixes (V-VII) present impulse response functions. Appendix V plots the 
response of income to shocks in poverty, and inequality. A shock in income has a positive 
and decreasing effect on poverty over the 10-year period. A shock to Inequality has a positive 
effect on poverty and then has a negative effect on income after the six year; shocks to 
poverty have positive (decrease) effect on inequality. Consistent with the results of the 
decomposition of variance results, a large proportion of the variance in inequality is 
explained by its own innovations.  
 

Conclusion: 

              The results of the co integration and causality testing suggest that growth, poverty 
and inequality are co integrated in the long run and the causality runs from inequality and 
poverty to growth, and that change in growth are a function of disequilibrium in the co 
integrating relationship. The ECT coefficient of 0.64 for growth indicates that adjustment 
towards the long run equilibrium is about 0.64% per annum, suggesting any deviation from 
the long run equilibrium is corrected substantially in the following year and 0.111% for 
poverty.  
              The results indicate directional causality between poverty and growth. This causality 
runs from poverty to growth and from inequality to growth. We also see no causality from 
growth to inequality and from inequality to poverty. The result indicates that there is a 
unidirectional causality between inequality and poverty in Sudan. 



  
 

APPENDIX I 
Johansen Co integration Test 

 
Unrestricted Co integration Rank Test (Trace)  

Hypothesized  Trace 0.05  
No. of CE(s) Eigen value Statistic Critical Value Prob.** 

None *  0.521598  51.51391  29.79707  0.0000 
At most 1 *  0.311547  19.07252  15.49471  0.0138 
At most 2  0.058385  2.646969  3.841466  0.1037 

 Trace test indicates 2 co integrating eqn(s) at the 0.05 level  
 * denotes rejection of the hypothesis at the 0.05 level  
 **MacKinnon-Haug-Michelis (1999) p values   
Unrestricted Co integration Rank Test (Maximum Eigen value)  

Hypothesized  Max-Eigen 0.05  
No. of CE(s) Eigen value Statistic Critical Value Prob.** 

None *  0.521598  32.44139  21.13162  0.0009 
At most 1 *  0.311547  16.42555  14.26460  0.0224 
At most 2  0.058385  2.646969  3.841466  0.1037 

 Max-Eigen value test indicates 2 co integrating eqn(s) at the 0.05 level 
 * denotes rejection of the hypothesis at the 0.05 level  
 **MacKinnon-Haug-Michelis (1999) p values   

 
 

APPENDIX II 
  

Variance Decomposition of Income 
 

Period S.E. Y P INEQ 

1 0.081366 100 0 0 

2 0.092544 98.52575 0.881498 0.592754 

3 0.104336 94.3988 2.06959 3.531614 

4 0.118676 93.5119 2.227159 4.260941 

5 0.126456 93.84789 1.963567 4.18854 

6 0.135117 94.48593 1.823818 3.690252 

7 0.143462 94.93532 1.719922 3.344761 

8 0.151813 95.0385 1.568867 3.392631 

9 0.159303 95.00589 1.518341 3.475766 

10 0.166323 95.14968 1.422423 3.4279 

11 0.173014 95.39503 1.315848 3.289126 

12 0.179497 95.59103 1.238634 3.170332 

 



  
 

APPENDIX III 
 

Variance Decomposition of Poverty 
 

Period S.E. Y P INEQ 

1 0.074277 34.24111 65.75889 0 

2 0.09515 34.25273 58.61788 7.129399 

3 0.101878 32.74918 52.70016 14.55066 

4 0.111609 40.62354 46.25549 13.12097 

5 0.116036 44.34817 43.35649 12.29534 

6 0.120242 46.38945 41.23641 12.37414 

7 0.125308 48.66154 38.24225 13.09621 

8 0.130328 50.51841 35.42834 14.05325 

9 0.135001 52.11308 33.62617 14.26075 

10 0.139393 53.90142 32.08008 14.0185 

11 0.14337 55.29368 30.70298 14.00334 

12 0.14738 56.42977 29.33216 14.23807 

 
APPENDIX IV 

 
Variance Decomposition of Inequality: 

 

Period S.E. Y P INEQ 

1 0.109594 0.199872 19.52218 80.27795 

2 0.127463 0.377702 15.85646 83.76584 

3 0.14731 1.53633 12.06272 86.40095 

4 0.165035 1.266207 23.96713 74.76666 

5 0.17014 2.051635 22.65146 75.2969 

6 0.18274 1.780862 21.50186 76.71728 

7 0.193756 1.853905 19.67152 78.47457 

8 0.203451 1.928998 18.49539 79.57561 

9 0.211974 1.908932 18.75651 79.33455 

10 0.21905 1.960571 18.59979 79.43964 

11 0.226893 1.923569 18.08362 79.99281 

12 0.235031 1.899449 17.5231 80.57745 

Cholesky Ordering: Y P INEQ 



  
 

APPENDIX V 
Impulse Responses of Income to One-standard Deviation Shocks in Income, Poverty 

and Inequality 

 
APPENDIX VI 

Impulse Responses of Inequality to One-standard Deviation Shocks in Income, Poverty 
and Inequality 

 
APPENDIX VII 

 
Impulse Responses of Poverty to One-standard Deviation Shocks in Income, Poverty 

and Inequality  
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