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Abstract

This paper proposes a new approach for analyzing the relationship between macroeconomic factors

and the income distribution. The conventional method of analysis is regression of summary

inequality indices on variables such as the unemployment and inflation rates. Building on the lessons

from recent advances in time-series econometrics, we suggest instead that one should first fit a

parametric functional form to the income distribution for each year, and then model the time series of

model parameters in terms of the macroeconomic factors. Inferences about the relationship between

the income distribution and macroeconomic factors can be derived from the model estimates. We

apply these methods to data from the United Kingdom for 1961-91, and contrast the results with

those found using earlier methods.

JEL codes: C51, D31, E6



Introduction

The effects of macroeconomic phenomena on the distribution of income are of continuing policy

interest. For example, income inequality increased in most OECD countries during the 1980s and

1990s. To what extent can these increases in inequality be attributed to secular rises in unemploy-

ment? Is inflation most costly for the poor, as argued by e.g., the former Director of the German

Central Bank, Hans Tietmeyer?1 In this paper we provide new answers to these questions for the

United Kingdom using methods from modern dynamic econometrics and contrast them with the

answers revealed by ‘first generation’ methods.

There is a body of literature starting with Blinder and Esaki (1978) that examines the impact of

unemployment and inflation on income inequality. The econometric methods used in these first gen-

eration studies involve least squares regressions of income quintile group shares or inequality indices

on covariates such as the unemployment rate and inflation rate plus other macroeconomic indicators.

Later ‘second-generation’ research has instead applied methods from dynamic econometrics, test-

ing for unit roots and, typically finding that the series are integrated, modelling the cointegrating

relationships. We argue that the first- and second-generation approaches are logically flawed and

propose an alternative that is not. We apply these new methods to UK data covering 1961-1991. Our

results suggest that the relationship between the income distribution and macroeconomic factors is a

complex one, whereas first- and second-generation methods provide a misleadingly over-simplified

picture.

I Previous methods

In this section we briefly review how earlier studies have examined of the impact of macro-economic

activity on income distribution. There exists a literature about the reverse phenomenon, the impact

of income distribution on macro-economic activity (Persson and Tabellini; 1994; Das; 1993), but we

do not discuss it in this paper.

The typical study examines a time series of annual data annual data on either the income shares

of quantile groups (most often quintile or quartile groups), or some inequality index. The income
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shares and inequality indices are usually estimated in US studies from surveys such as the annual

Current Population Survey. The dependent variables are regressed against a number macroeconomic

variables, possibly including both contemporaneous and lagged values.

Studies that examine these issues are summarized by Parker (1998-99) and the methods that are

used are discussed critically by Parker (2000). Most of the ‘first generation’ studies, beginning with

Blinder and Esaki (1978), have used data for the United States.2 There is one previous study using

UK data (Nolan; 1988-89), one study using Swedish data (Björklund; 1991), and one using Canadian

data (Beach and McWatters; 1990). These studies have typically found that unemployment had a

regressive impact and no statistically significant association with inflation. Leslie and Pu (1995)

examined the impact on British wage inequality measured by the 90:10 percentile ratio, of various

macroeconomic variables including unemployment and inflation.

Studies that employ modern econometric methods are motivated by the premise that, if the ex-

planatory variables are non-stationary, then the estimators of the regression parameters have non-

standard distributions. Ashworth (1994), Parker (1996), and Mocan (1999), are examples of such

‘second-generation’ studies. Statistical inference that mistakenly uses standard asymptotic results

can and does lead to erroneous conclusions. These authors applied the framework of dynamic econo-

metrics (see e.g. Hendry; 1995) to the analysis of macroeconomic variables and income quantile

group shares or inequality indices. Specifically, they examined whether each time series had a unit

root and, if this turned out to be the case, they proceeded to model their cointegration relations.

Our paper was motivated by the view that it is often inappropriate even to examine whether

inequality indices and income shares have unit roots, because most commonly used indicators of

inequality have logical bounds.

Consider, for example, quintile group income shares. Let Si � t be the share of the ith income

quintile group in year t � 1 ��������� T . We know that Si � t ��� 0 � 1 	 and that 0 
 S1 � t 
������
 S5 � t 
 1. It

follows from the boundedness of the income shares that their variance is finite:

Var � Si � t ��� ∞ ��� t � (1)
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Consider the simplest possible case of a variable that is integrated of order 1 [I � 1 � ], the random walk,

Si � t � Si � t � 1 � εi � t � (2)

where εi � t � N � 0 � σ2
i � . This implies, assuming for simplicity of exposition i.i.d. error terms, that

Si � t � t

∑
τ � 0

εi � t
� Var � Si � t � � tσ2

� limt � ∞ Var � Si � t ��� ∞ � (3)

The properties that the shares are bounded (1) and that the variance of the income shares grows

without bound as t increases ( 3) are mutually contradictory. Variables that are bounded in the unit

interval can not have an infinite variance. Standard unit-root tests in the ‘second-generation’ studies

cited above have typically led analysts to accept the unit root hypothesis. However, this leads them

to accept a hypothesis that can not, on logical grounds, be true. Most commonly used inequality

indices are bounded. Most often they are restricted to lie in the unit interval.

Proposed New Methods

Our purpose is to examine whether macroeconomic factors affect income inequality. We have argued

that, because of the potential non-stationarity of both the regressands and regressors, it is unsatisfac-

tory to estimate the parameters directly by, e.g., linear regressions of the form

It � Xtβ
� εt � (4)

where It can be a scalar index or vector of income shares and Xt is the vector of covariates whose

impact on inequality we are interested in. However, logical restrictions on the regressand (and

possibly on some of the regressors) suggest that standard methods for the analysis of integrated

processes are not appropriate either.

We therefore choose a route that allows us to use such methods. That is, we study regressands that
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can, at least in principle, take any (positive) values. Our proposed new methods are as follows. We

choose a suitable functional form F � y;θt � for the income distribution and estimate the appropriate

parameter vectors θt . We examine the time series properties of � θ �t � X �t � and proceed to estimate

regression equations of the form

θt
� Xtβ

� εt � (5)

All income distribution statistics can be estimated by the appropriate functionals

I � F � y; θ̂t � 	 � I � F � y;Xt β̂ � 	 � (6)

This formulation also allows us to isolate the effect of variations in a particular covariate, such as the

unemployment rate, on changes in income inequality. For instance, we can examine how variations

in the unemployment rate u, keeping all else constant, impact on the Gini coefficient by graphing

G � GF � u �
X̃ � u; β̂ � � (7)

where X̃ � u denotes a particular choice of values, typically sample means, for the vector of covari-

ates X other than the unemployment rate. This can be generalized to the examination of the Gini

coefficient as a function of e.g. unemployment and inflation, or by looking at some other income

distribution statistic, such as the income share of the richest fifth.

We used two different functional forms for the income distribution, namely the Singh-Maddala

one (Singh and Maddala; 1976) and the Dagum one (Dagum; 1980). Both these distributions have

three parameters, only two of which are required to characterize indices of relative inequality (see

below). In Table 1, we show the formulae describing the cumulative distribution functions, moments,

Gini coefficients and Lorenz curves for the Singh-Maddala and the Dagum distributions. McDonald

(1984) examined the goodness of the fit of several three- and four-parameter distributions and found

using grouped income distribution data that the Singh-Maddala distribution was the best performer

of all three-parameter distributions and provided a better fit than one four-parameter distribution.

Brachman et al. (1996) and Jenkins (1999) demonstrated the good fit of the Singh-Maddala distri-

bution using micro-data from Germany and the UK. Our proposed methods do not of course rely on
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the choice of a specific functional form. The same approach could be taken using forms other than

the Singh-Maddala or Dagum distribution if desired. The main requirement is that the functional

form fits well (and we show below that the ones we use do).

[Table 1 about here.]

To give some idea of how inequality is related to the parameters we plot the Gini coefficient as

a function of the two Singh-Maddala parameters a and q: see Figure 1. The range of values for

the parameters is equal to that observed in the UK during the sample period (see below). The Gini

coefficient decreases in both parameters, as suggested by the negatively sloped contours that show

decreasing levels of the Gini coefficient as we move from the southwest corner of Figure 1 to the

northeast corner, with the Gini coefficient declining from a high value of 0.38 to 0.22.

In order to show in greater detail how inequality depends on the two parameters, we have in

Figure 2 plotted the income share contours of the poorest and richest fifth in the a � q-plane. The

contours of the share of the poorest fifth increase on moving along the main diagonal from lower

values of a and q to higher values. The income share of this lowest quintile group ranges from a

low of 6 percent in the southwest to a high of 10.5 percent in the northeast. The income share of

the richest fifth, in turn, decreases on moving to the northeast, ranging from a high of 48 percent

to a low of 32 percent in the very northeast corner. We shall use a similar device below to show

how inequality varies with covariate values. That is, rather than show, say, the Gini coefficient

G � G � F � a � q � 	 as a function of the parameters, we substitute the estimated parameter vector with

appropriately chosen covariate values to graph inequality as a function of the range of variation of a

(pair of) covariate(s) as exemplified in equation (7).

[Figure 1 about here.]

[Figure 2 about here.]

In estimating the distribution functions for the UK, we found similar results for both Singh-

Maddala and Dagum distributions and therefore concentrate on the Singh-Maddala one in what

follows. Note that the Gini coefficient and Lorenz curve depend only on the parameters a and q.3
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As we are primarily interested in relative inequality we will drop b from further analysis. Let θt
�

� at � qt � � be the vector of parameters of interest. We suppose that their evolution may be summarised

by the following model:

θt
� X

�
t β

� � εt � (8)

where X
�
t
� Xt

�
I2 is the matrix of regressors, ε � � ε1 � ε2 � � is i.i.d. normal with zero mean and

covariance matrix Σ. If all the variables that are involved are stationary, β
�

can be estimated using

GLS.

We do not observe θt however. Instead we have access to its sample (ML) estimate, θ̂t
� θt
� ηt ,

where we assume ηt � N � 0 � Ωt � . That is, the fact that the income distribution parameters are sample

estimates of the population parameters renders the variance of the estimating equation larger than

that in equation 8 and heteroskedastic. Instead of equation 8 we estimate

θ̂t
� X

�
t β

� � εt � ηt � (9)

The variance of the error term is Var � εt � ηt � � Σ � Ωt . The variance-covariance matrix of the joint

residuals is then

Γ � Σ �
IT
� Ω � (10)

where

Ω �

��������
�

Ω1 0 ��� � 0

0 Ω2 ����� 0
...

...
. . .

...

0 ��� � ��� � ΩT

���������
�

(11)

is the block-diagonal matrix with the estimated variance-covariance matrix of the Singh-Maddala

parameters on the main diagonal. This suggests that a Feasible Generalized Least Squares (FGLS)
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estimate can be obtained by solving the problem

min
β
� θ̂t � X

�
t β � � � Γ � 1 � θ̂t � X

�
t β � �

� min
β
� θ̂t � X

�
t β � � � U � U � θ̂t � X

�
t β � �

� min
β
� U θ̂t � UX

�
t β � � � � U θ̂t � UX

�
t β � �

(12)

where U is given by a Cholesky decomposition of the inverse of the full covariance matrix U � U �
Γ � 1. This estimator becomes feasible when the true, unknown value of Γ is replaced with its esti-

mate, constructed by adding that variance-covariance matrix of the maximum likelihood estimates

of θ to an estimate of Σ based on OLS residuals from equation 8.

II Data

The income distribution data used to estimate our distribution function parameters come from the

UK Family Expenditure Survey subfiles derived by Goodman and Webb (1994). The microdata files

cover each year between 1961 and 1991 inclusive and contain consistently defined income variables

(by contrast with official FES files). The number of households in the survey ranges from a low of

1,500 in 1964 and around 3,000 in 1961-66 to around 7000 in 1967 and thereafter (covering some

15,000 persons).

The measure of income, ‘equivalent current net household income’, is a standard one. Net house-

hold income refers to post-tax post-transfer income. The data are adjusted for differences in house-

hold size and composition using the semi-official ‘McClements Before Housing Costs’ equivalence

scale. Each person’s living standard is measured by the income of the household to which he or she

belongs. The definition of income is exactly the same as used in the UK’s official income statistics.

We dropped negative income values from the analysis. This is because the Singh-Maddala distri-

bution is defined for y � 0, whereas the Dagum is defined for y � 0. We estimated the Singh-Maddala

model twice, first with data including zero incomes, and second excluding them. The estimated

Singh-Maddala parameters were very similar. We conclude that the treatment of zeros does not

affect the results.4
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The data summarizing macroeconomic phenomena are those reported in the appendices to Good-

man and Webb (1994), and were taken from standard sources. Economic growth is measured by the

annual percentage change in real GDP. The inflation rate is measured using the GDP deflator and

the interest rate by the London Inter-Bank Offered Rate. The measure of unemployment is the over-

all rate of unemployment. Separate series for men and women are desirable because men’s and

women’s unemployment arguably have different effects on the distribution of income. However,

no consistently-defined series for the whole period 1961-91 were available for each sex separately

(related to a change in 1971 in the definition of unemployment).

[Figure 3 about here.]

The values of the macroeconomic variables we use are displayed in Figure 3. The various un-

employment series, shown in Figure 3(a), track each other fairly closely, with one major exception.

Prior to 1971 women were more likely than men to be unemployed, but from 1971 onwards this

pattern was reversed. Unfortunately this change coincides with a change in the definition of unem-

ployment. The unemployment series appear to display non-stationary behavior, with increasingly

large fluctuations. The series for real GDP growth, inflation and the real interest rate, shown in Fig-

ure 3(b) also exhibit fairly stable patterns in the 1960s and after 1985, while the period between the

two oil shocks exhibits large fluctuations.

[Figure 4 about here.]

Figure 4 summarizes UK income distribution trends over the period. Shown are the Gini coef-

ficient and one-half of the squared coefficient of variation (CV 2 � 2) (in Figure 4(a)) and the income

quintile group shares (in Figure 4(b)), in each case calculated non-parametrically from the FES mi-

crodata. The Gini coefficient and the CV 2 � 2 move quite similarly, although the CV 2 � 2 appears to

display greater fluctuation. We focus on the Gini coefficient in what follows.

Income inequality had little apparent trend during the 1960s, possibly declined in the early 1970s,

and increased every year after the late-1970s. Looking at the quintile group shares, it appears that

all of the increase was due to increases in the income share of the richest fifth, while the poorest fifth

apparently bore the greatest loss. This increase at the top is consistent with the larger increase in the
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CV 2 � 2 than in the Gini: the Gini is most sensitive to income transfers round the middle (mode) of

the distribution, whereas CV 2 � 2 is most sensitive to income transfers at the top of the distribution.

[Figure 5 about here.]

Figure 5 shows how well the statistics implied by the estimated functional forms track the statis-

tics estimated directly from the micro-data. The Singh-Maddala Gini tracks the non-parametric

estimate closely – the correlation coefficient between the two series is 0.98. The largest percent-

age difference between the two series is 1.1 percent and occurs in 1964 and 1967, which were the

years with the smallest sample size and when only the first two quarters of data were available (see

Goodman and Webb; 1994, p. 7).

III Results: ‘First generation’ and new methods compared

III.1 Regressions of income shares on macro variables

[Table 2 about here.]

Estimates from quintile group share regressions (the ‘first generation’ method) are displayed

in Table 2. The specification is standard, and follows Blinder and Esaki (1978). We included as

regressors the overall unemployment rate, the inflation rate, the real GDP growth rate and the real

interest rate. Only the first four quintile groups were included in the estimating equations: for the

fifth group the regression coefficients and their associated standard errors were estimated using the

adding up constraints.5 The coefficients for unemployment and for inflation are jointly statistically

significant, but the estimated coefficients imply quite small effects. The coefficients for the real

interest rate and the real GDP growth rate are also statistically significant at the 5 percent level.

There is a surprising pattern across the quintile groups for the estimated coefficients on the un-

employment rate. Higher unemployment is associated with a lower income share for the richest fifth

and a higher share for the second poorest fifth. For the remaining groups, the coefficients are not

precisely estimated. It is quite surprising that, controlling for real interest rates, inflation and real

GDP growth, unemployment benefits the second poorest fifth and hurts the richest fifth. As it hap-

pens this result is not robust to variations in the choice of regressors. For instance, excluding either
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the inflation rate or the real interest rate reverses the sign of the unemployment coefficient in richest

quintile group’s equation (results not shown). The positive association between the income share of

the second poorest fifth and the unemployment rate is robust across specifications however.

Higher inflation appears to be associated with increases in the income share of the richest fifth

and decreases in the shares of the other groups, although only in case of the second and third quintile

groups are the coefficient estimates large relative to their standard errors. The coefficients on real

interest rates have the same pattern as the ones for inflation and, except for the fourth quintile, are

fairly precisely estimated. Finally, real GDP growth appears to be associated with increases in the

share of the poorest fifth but hardly at all for the other income groups. We now contrast these results

with those derived from the methods we propose.

III.2 Regressing income distribution parameters on macroeconomic variables

Are the variables stationary? The most commonly used tests for the stationarity of economic

time series take the unit root case to be the null hypothesis. While conventional, this choice of null

hypothesis makes it very difficult to reject the unit root hypothesis. This is not in the spirit of classical

test theory. As there is plenty of evidence to suggest that standard unit root tests have low power

(Kwiatkowski et al.; 1992), the choice of the unit root as the null hypothesis can be misleading.

Choosing stationarity as the null hypothesis instead avoids these problems and is more in line with

the spirit of classical test theory. Such a test has been developed by Kwiatkowski et al. (1992). The

test is that, for a decomposition of the variable yt into a random walk term and a stationary error (and

an optional deterministic trend), the variance of the random walk term is zero.

The Kwiatkowski et al. (1992) test statistics are shown in Table 3. The Singh-Maddala pa-

rameters are based on sample estimates with a heteroskedastic error term, θ̂t
� θt
� ηt , where

ηt � N � 0 � Ωt � . This suggests that, in order to purge the series of the heteroskedasticity due to sam-

pling, one should normalize the estimate of a by the estimated standard error of ω̂1t , and examine

the series � ât
� ω̂t � (and with analogous normalization for q). We show the test statistics for the

normalised series of a and q below those for the ‘raw’ sample estimates.

[Table 3 about here.]
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The evidence concerning the stationarity of the variables is in most cases mixed. For instance,

the heteroskedasticity-corrected Singh-Maddala a parameter yields a test statistic of 0.378 (max lag

length 1) in the level stationary case, which is lower than the 5 percent critical value of 0.463, but

in the trend stationary case the test statistic is 0.217, higher than the critical value. Because the

evidence is mixed, we do not reject the null hypothesis that the variables are stationary. We thus

interpret the evidence as not being supportive of the alternative hypothesis of non-stationarity and

proceed to model the variables as I � 0 � processes.6

Time-series regressions

[Table 4 about here.]

The SUR estimates from regressions of the Singh-Maddala parameters a and q against the macro

variables are shown in Table 4. We estimated the parameters in levels as we found the evidence

suggestive of stationarity rather than a unit root. Because of the transformation of the GLS problem

in equation 12, we measured each variable as a deviation from its mean. We show estimates for three

sets of models. Model A has as regressors only the overall unemployment rate and the inflation rate.

In model B we add the real interest rate and in model C we add the real GDP growth rate as well.

Considering the joint significance of the covariates, unemployment clearly has a jointly statis-

tically significant effect on the Singh-Maddala parameters in each of the three models A-C. The

F-statistic of the hypothesis that the unemployment coefficients are zero is in all three cases very

large, suggesting the hypothesis can safely be rejected. Inflation, on the other hand, fails to be sta-

tistically significant even at the 10 percent level. Adding the real interest rate does not alter this,

although the overall performance of the estimated equations as measured by the likelihood ratio test

of A against B suggests that B does indeed provide a significantly better fit (at the 10 percent level).

When the real GDP growth rate is added to the regressors (model C), this again alters the picture.

Inflation remains statistically insignificant, but the unemployment rate, the real interest rate, and the

real GDP growth rates are statistically significant. The likelihood ratio test suggests that model C is

superior to models A and B.

The estimated coefficients are not very informative about the influence on inequality of a change

in unemployment or some other macro variable. In order to illuminate these effects, we illustrate
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them graphically. In particular, we plot the Gini coefficient against the unemployment rate, the

inflation rate, and both: see Figure 6. The graphs correspond to the observed ranges of variation of

the regressors over the sample period (recall that we measure all covariates as deviations from their

sample means).

[Figure 6 about here.]

When a and q are regressed on just the inflation and unemployment rates (model A), variations

in the unemployment rate appear to have much larger effects than inflation: see Figure 6(a) and

6(b). However, when the real interest rate in included among the regressors (model B), variations in

unemployment generate slightly smaller changes in inequality. The Gini-profile of unemployment

becomes (slightly) negative once the rate of real GDP growth is added as a regressor (model C). The

Gini-profile of inflation, on the other hand, is positive in models A and C. By contrast, in model B

– without real GDP growth – the Gini coefficient has a U-shaped profile with respect to inflation,

decreasing at very low levels of inflation and increasing at high rates. The Gini profile of the real

interest rate is even more erratic than that for unemployment. Based on the parameter estimates

from model B, increases in real interest rates are associated with declines in inequality whereas the

reverse is true based on estimates in model C. Finally, higher real GDP growth rates are associated

with increased inequality.

[Figure 7 about here.]

In Figure 7 we show the joint impact of macroeconomic variations on the Gini coefficient, based

on model C. (Figure 7(a) show the contours of the Gini coefficient as a function of unemployment

and inflation whereas Figure 7(b) shows the contours as a function of unemployment and real in-

terest rates.) Reducing unemployment at low levels of inflation leads to declines in inequality, but

inequality is fairly flat with respect to variations in the unemployment rate at high levels of infla-

tion, as witnessed by the flattening out of the contours. Reductions in the unemployment rate are

associated with increased inequality holding real interest rate constant also.

[Figure 8 about here.]
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In order to provide a richer picture of the distributional patterns associated with macroeconomic

activity and to further demonstrate the potential of our approach, we show how variations in the

covariates impact on the income shares of the poorest and richest fifths. Figure 8 shows the income

share of the two income groups as functions of unemployment and inflation, whereas Figure 9 shows

the bivariate income share contours with respect to unemployment and inflation and unemployment

and real interest rates. The income shares of the poorest and richest income groups are mirror

images of each other (cf. the top two and bottom two pictures in Figure 8) while exhibiting the same

instability of the profiles as did the univariate Gini profiles. There is more variation in the contours

of the poorest and the richest groups’ income shares. The direction of change in the contours of each

set of income shares is reversed between the top and bottom rows, but the curvature and the spacing

of the contours is a little different.

[Figure 9 about here.]

Compared to the results of explaining the quintile group shares directly, our preferred approach

reveals both similarities and differences. While we do not find strong evidence in favour of non-

stationarity our dependent variables could have unit roots (at least in principle), making it meaningful

to test for evidence of them. The impacts on inequality of variations in particular covariates is

sensitive to the choice of regressors used in the model. The effects of unemployment and inflation

in particular – the starting point in the literature we contribute to – depend very much on what other

variables are controlled for. This was also true of the quintile group share estimates. Our approach

also allows for quite flexible functional form for the inequality profiles of the covariates, as it is the

parameters rather than the inequality indices themselves that we are explaining. In particular, our

analysis revealed that the inequality impact of a given change in a covariate may depend both its

own value and of the values of the other covariates.

IV Discussion and concluding comments

We have examined the extent to which changes in macroeconomic variables, in particular in the

rate of unemployment and inflation, are associated with changes in income inequality in the United
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Kingdom from 1961 to 1991. We approached the issue using both ‘first generation’ econometric

methods – regressing quintile income shares on macroeconomic variables and, inspired by dynamic’

econometrics, testing for the stationarity of the variables.

The analysis reveals that our proposed new methods have several advantages compared to the

earlier approaches in which inequality indices were modelled directly. Standard methods can be

used to examine the stationarity of each series and, because the regressands are distribution function

parameters, the predicted patterns of inequality remain within their logical bounds. Our method also

allows for the effect of the covariates on inequality to assume quite flexible functional forms despite

the fact that our estimating equations are linear.

Our findings suggest that the impact of macroeconomic fluctuations on inequality are complex

and depend on what other variables are included in the model. There appears to be no simple answer

to the question of whether unemployment or inflation is more harmful for the living standards of the

least well off in the UK.
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Notes

1This view was expressed by Mr. Tietmeyer in an interview in the Finnish magazine Suomen

Kuvalehti, 3/98. In this view, Mr Tietmeyer is not alone. The inspiration of an early study that

addressed this topic was the claim that inflation is ‘the cruellest tax’ on the poor (see Blinder and

Esaki; 1978).

2The US studies include Blank and Blinder (1986) who also examine the poverty rate, and Cutler

and Katz (1991), who also examine the effects on consumption inequality. The studies by e.g. Mocan

(1999), Ashworth (1994) and Parker (1996) used methods of dynamic econometrics

3See McDonald (1984). Wilfling and Krämer (1993) provide a characterization of the conditions

for Lorenz dominance in terms of a and q.

4The parameter estimates were obtained using Stata programs written by one of the authors

(Jenkins; 1999).

5 Since ∑5
j � 1 q jt � 100, it follows that ∑5

j � 1 β1 j
� 100 and ∑5

j � 1 βk j
� 0 for the regressors. Also,

since ∑5
j � 1 ε jt � 0, the variance of the residual in the omitted equation is σ2

5
� E � ∑4

j � 1 ε jt � 2.

6Were we to abandon stationarity, the series would obviously need to be modeled using cointe-

gration techniques. Given, among other problems, that we have a limited number of time periods

(T � 31) such an undertaking would not be very likely to yield robust results.
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Figure 1 Gini coefficient as a function of the Singh-Maddala parameters
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Figure 2 Quintile group income shares for Singh-Maddala distribution function parameters
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Figure 3 Macroeconomic conditions in the United Kingdom, 1961–1991
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Figure 4 Trends in the UK income distribution
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Figure 5 Gini coefficients, UK 1961–1991

Year

 Gini, microdata  Gini, Singh-Maddala
 Gini, Dagum
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Note: The Gini coefficient series were estimated non-parametrically directly from the FES microdata
and parametrically from the estimated parameters of the Singh-Maddala and Dagum distribution
functions.
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Figure 6 Impact on Gini coefficient of the rates of overall unemployment, inflation, real interest, and
real GDP growth – Singh-Maddala model estimates
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Model A: Model B: � � � Model C: ��� � �����
Note: Covariates are measured in terms of deviations from their mean values. See Table 4 for
estimation results.
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Figure 7 The joint impact of variations in overall unemployment, inflation and the real interest rate on the Gini coefficient – estimates of
Singh-Maddala model C

Unemployment rate

In
fla

tio
n 

ra
te

−4 −2 0 2 4 6

−
5

0
5

10
15

(a) Unemployment and inflation

Unemployment rate

R
ea

l i
nt

er
es

t r
at

e

−4 −2 0 2 4 6

−
10

−
5

0
5

(b) Unemployment and real interest rate

Note: All covariates are measured in terms of deviations from their mean values. See Table 4, Model C for estimation results.
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Figure 8 The impact of overall unemployment and inflation on the income shares of the poorest and
the richest fifths – Singh-Maddala model estimates
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Model A: Model B: � � � Model C: ��� � �����
Note: See Table 4 Model C for estimation results.
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Figure 9 The joint impact of overall unemployment, interest rates and inflation on the income shares
of the poorest and the richest fifths – estimates of Singh-Maddala model
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Note: Pictures show contours of the income share of the poorest (solid line) and richest (dashed
line) fifths of the population for different values of the unemployment rate and the inflation and real
interest rates. See Table 4 for estimation results.

26



Table 1 Singh-Maddala and Dagum distributions: functional forms
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Table 2 Regressions of quintile group income shares on macroeconomic variables

Quintile group Joint
Explanatory variable Poorest Second Third Fourth Richest test
Unemployment (all) 0.050 0.154 -0.030 -0.020 -0.154 9.13

(0.059) (0.036) (0.036) (0.046) (0.129)

Inflation -0.095 -0.113 -0.149 -0.061 0.418 3.85
(0.069) (0.042) (0.042) (0.053) (0.150)

Real interest rate -0.299 -0.154 -0.178 -0.060 0.691 3.28
(0.095) (0.059) (0.058) (0.074) (0.208)

real GDP growth 0.120 -0.043 -0.017 0.022 -0.082 6.65
(0.051) (0.032) (0.031) (0.040) (0.112)

Intercept 10.318 13.560 18.552 23.686 33.885
(0.586) (0.363) (0.359) (0.455) (1.281)

F-value 15.779 6.205 17.630 2.645
Pr(F) 0.000 0.001 0.000 0.056
R2 0.708 0.488 0.731 0.289

Note: T � 31. Equations were estimated by applying SUR to the quintile group shares 1 to 4 and
solving for the 5th equation coefficients from the adding up constraints (see footnote 5). Standard
errors were obtained from adding-up constraint and the singularity of the full covariance matrix
(Jäntti; 1994). The joint test is the F-test statistic for the joint hypothesis that the coefficient for a
variable is zero in all equations.

28



Table 3 Unit root tests. H0 : Series are stationary against H1 : Series are non-stationary.

Variable Test statistics
Level Trend
Maximal lag length

0 1 0 1
Singh-Maddala a 0.929 0.558 0.409 0.253
(corrected for heteroskedasticity) 0.608 0.378 0.334 0.217
Singh-Maddala q 0.801 0.571 0.108 0.086
(corrected for heteroskedasticity) 0.803 0.489 0.273 0.177

Overall unemployment rate 2.454 1.281 0.254 0.139
real GDP growth 0.178 0.146 0.069 0.057
Real interest rate 0.742 0.418 0.498 0.283
Inflation rate 0.574 0.329 0.477 0.274
Gini coefficient 1.617 0.878 0.640 0.350

Note: T=31. Asymptotic critical values for the test statistics are 0.347 (p � 0 � 10) and 0.463 (p �
0 � 05) in the level and 0.119 (p � 0 � 10) and 0.146 (p � 0 � 05) in the trend stationary case. See
Kwiatkowski et al. (1992) for details.
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Table 4 The effect of macroeconomic variables on parameters of Singh-Maddala income distribution

Regressor Parameter Model
A B C

Unemployment rate (overall) a -0.024 -0.024 -0.016
(0.005) (0.005) (0.011)

q -0.068 -0.063 0.045
(0.016) (0.015) (0.022)

Joint F-test 19.0 18.8 32.7
Prob(F) 0.00 0.00 0.00

Inflation rate a -0.017 -0.018 -0.020
(0.008) (0.009) (0.010)

q 0.000 0.030 0.001
(0.025) (0.027) (0.020)

Joint F-test 2.2 2.1 2.0
Prob(F) 0.12 0.13 0.14

Real interest rate a 0.000 -0.010
(0.004) (0.013)

q 0.024 -0.114
(0.011) (0.026)

Joint F-test 2.1 4.3
Prob(F) 0.12 0.02

Real GDP growth rate a -0.015
(0.018)

q -0.201
(0.036)

Joint F-test 14.6
Prob(F) 0.00

Log likelihood -95.6 -93.2 -80.7

Note: T � 31. Standard errors in parentheses. The F-test statistic that the coefficients are zero along
with the p value shown below the coefficient of the covariate in both equations. See Section I for
estimation details.
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