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Abstract

This paper proposes an extension of the Granger (1969) causality
definition to panel data models with fixed coefficients. Given the het-
erogeneity of the data generating process, four definitions of causality
relationships are proposed. A procedure of nested tests is then defined
and a particular attention is done to finite sample properties of these
tests. Finally, an application to the link between financial deepening
and economic growth is proposed with a panel of sixteen sub-Saharan
countries over the period 1967-1998.

1 Introduction

The aim of this paper is to propose a simple procedure of causality tests,
based on Granger (1969) definition, in panel data models with fixed coeffi-
cients. In the framework of a linear autoregressive data generating process,
the extension of standard causality tests implies to test cross sectional linear
restrictions on the fixed coefficients of the model. However, the use of the
cross sectional information implies to take into account the heterogeneity
across individuals in the definition of the causality relationships.

Let us consider the standard Granger causality definition. For each indi-
vidual, we say that the variable x is causing y if we are better able to predict
y using all available information than if the information apart from x had
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been used. If x and y are observed on N individuals, the issue consists in
determining the optimal information set used to forecasting y. Several solu-
tions could be adopted. The most general is to test the causality from the
variable x observed on the ith individual to the variable y observed for the
jth individual, with j = i or j 6= i. The second solution, is more restrictive
and is directly derived from the standard time series analysis. It implies
to test causality relationships for a given individual. The cross sectional
information is then only used to improve the specification of the model and
the power of tests. The baseline idea is to assume that there exists a mini-
mal statistical representation of the link between x and y, which is valid,
at least, for a subgroup of the sample. Given such a model, causality tests
could be implemented and considered as a natural extension of the standard
time series tests in the cross sectional dimension.

Then, in a p order linear autoregressive model, we distinguish four kinds
of causality relationships. The first, denoted homogenous non causality
(HNC) hypothesis, implies that, conditionally to the specific error com-
ponents of the model, there does not exist any individual causality relation-
ships. The symmetric case, is the homogenous causality hypothesis (HC),
which occurs when there exists N causality relationships, and when the in-
dividual predictors of y, obtained conditionally to the past values of y and
x, are identical. A part from the individual effects, the model is then to-
tally homogeneous. The two last cases correspond to heterogeneous process.
Under the heterogenous causality hypothesis (HEC), we assume first that
there exists at least one individual causality relationships (and at the most
N), and second that individual predictors of y are heterogenous. Under, the
heterogenous non causality hypothesis, we assume that there exists at least
one and at the most N−1 non causality relations in the model. We propose
a nested procedure to test these different causality relationships. The tests
of the corresponding linear restrictions are based on Wald Statistics.

The application of these tests on micro or macro panels, where there are
a large number of individuals (N) observed over a short period of time (T ),
asks the question of the influence of the dynamic panel bias. Indeed, it is
well known that in this case, the fixed effects estimator is biased. Besides
the bias changes when exogenous regressor is included. These properties
imply that the Wald tests statistics, associated to Granger causality tests,
do not have a standard distribution, under H0, when T is small. We propose
the study of a simple AR (1) example, and we show that the Wald statistics
follow a noncentered Fischer statistics. Such results imply that the use
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of standard Fischer thresholds for causality tests, in small T panels, could
induce a fallacious inference. In our example, we show that the risk to
reject at wrong the homogenous causality hypothesis is increased, and that
the dynamic panel bias is in favor of the causality hypothesis. However this
result is not general. One of the various solutions to circumvent this issue
is to use consistent estimators (GMM , IV ). Under general assumptions,
it can be proved that if the individual dimension is sufficient, the Wald
statistics based on these estimators have standard asymptotic distributions.
It is this solution that we implement.

Finally, we propose an application of causality tests to the issue of the
link between financial deepening and economic growth in developing coun-
tries. We consider a balanced panel of sixteen sub-Saharan countries over
the 1968-1998 period. Two indicators of financial deepening (as in Joseph
and al. 1998) are considered: the ratio of money and quasi money to GDP,
and the ratio of bank credit to private sector to GDP. The results show
an heterogenous causality from financial sector to economic activity. Only
five to seven countries seem to verify such a causality relationship. On
the contrary, the causality from economic activity to financial activity is
found homogenous. Then, economic take off (or crash) appears to be one of
the main determining factor of the financial take off for the whole sample,
whereas the reverse relationship is valid only for a subgroup of countries.

The paper is organized as follows. The second section is devoted to the
definition of causality relationships in panel data models. The third section
deals with the procedure of tests and the dynamic panel bias. The fourth
section proposes an application and the last section concludes.

2 Granger Causality in panel data set

Let us consider two covariance stationary variables, denoted x and y, ob-
served on T periods and on N individuals. Given the standard Granger
(1969) causality definition, for each individual i ∈ [1,N ] , we say that the
variable xi,t is causing yi,t if we are better able to predict yi,t using all avail-
able information than if the information apart from xi,t had been used. In
practice, it will not usually be possible to use completely optimum predic-
tors, so we consider only linear ones. For this reason, let us consider a
time-stationary VAR representation, adapted to a panel data context. For
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each individual i we have, ∀ t ∈ [1, T ] :

yi,t =

pX
k=1

γ(k)yi,t−k +
pX
k=0

β
(k)
i xi,t−k + vi,t (1)

with p ∈ N∗ and vi,t = αi + εi,t, where εi,t are i.i.d.
¡
0,σ2ε

¢
. Contrary to

Weinhold (1996) and Nair-Reichert and Weinhold (2001), we assume that
the autoregressive coefficients γ(k) and the regression coefficients slopes β(k)i
are constant ∀k ∈ [1, p]. We also assume that parameters γ(k) are identical
for all individuals, whereas the regression coefficients slopes β(k)i could have
an individual dimension. Initial conditions (yi,−p, ..., yi,0) and (xi,−p, ..., xi,0)
of both individual processes yi,t and xi,t are given and observable. We con-
sider the following assumptions on the error-components of vi,t:

Assumptions (A1) We assume that individual residuals vi,t = αi+ εi,t of
model (1) satisfy the following conditions ∀ i ∈ [1,N ] , ∀ t ∈ [1, T ] :
(i) E (αi) = E (εi,t) = E (αiεi,t) = 0

(ii) E (αiαj) =

½
σ2α
0

i = j
∀i 6= j

(iii) E (εi,tεj,s) =

½
σ2ε
0

t = s, i = j
∀t 6= s, ∀i 6= j

(iv) E (αixi,s) = E (εi,txi,s) = 0, ∀ (s, t)

The last assumption of A1 imposes the strict exogeneity of the variable
xi,t. However, this assumption could be relaxed, and we could only assume
the predetermination of xi,t, in the sense that E (εi,txi,s) = 0, ∀s ≤ t. Fi-
nally, we assume that both processes are covariance stationary, that is to
say E

³
y2i,t

´
< ∞ E

³
x2i,t

´
< ∞, E (xi,txj,z) , E (yi,tyj,z) and E (yi,txj,z)

are only function of the difference t − z, whereas E (xi,t) and E (yi,t) are
independent of t.

This simple two variables model constitutes the basic framework to study
the Granger causality in a panel data context. The introduction of a panel
data dimension allows to use both cross-sectional and time series informa-
tions to test the causality relationships between y and x. In particular, it
leads to give the researcher a large number of observations, increasing the
degree of freedom and reducing the collinearity among explanatory variables.
So, it noticeably improves the efficiency of Granger causality tests.
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The standard causality tests consist in testing linear restrictions on pa-
rameters β(k). However, if panel data are used to test causality, one must
be very careful to the issue of heterogeneity between individuals. The first
source of heterogeneity is standard and comes from permanent cross sec-
tional disparities between individuals. A pooled regression ignoring het-
erogenous intercepts, leads to a bias of the slope estimates γ(k) and β

(k)
i

and then could lead to fallacious inference in causality tests. Such hetero-
geneity is controlled by the introduction of individual effects αi in model
(1). The second source, represented by heterogenous regression coefficients
slopes β(k)i , is more crucial. This kind of heterogeneity directly affects the
paradigm of the “representative” agent and so, the conclusions about causal-
ity relationships. For example, it may be possible that, for some individuals,
the introduction of past values of x improves the forecast on y, and that for
others there is no improvement. In this case, we must distinguish two sub-
groups of individuals according the causality relationships between x and y.
If we ignore this heterogeneity, the test of the causality hypothesis is nonsen-
sical and may lead to a wrong conclusion according to the relative size of the
two subgroups. Consequently, in panel data sets, the analysis of causality
must necessarily take into account the different sources of heterogeneity of
the data generating process.

For these reasons, we now propose several definitions of the causality
relationships that could occur in models with fixed coefficients. These defin-
itions are based on the heterogeneity of the underlying processes. In model
(1), under assumptions A1, we consider four principal cases. Let us define
E
¡
yi,t/ yi,t, xi,t

¢
the best linear predictor of yi,t given the set of past val-

ues of yi,t, denoted yi,t = (yi,−p, ..., yi,0, ..., yi,t−1)
0 , and the set of past and

present values of xi,t, denoted xi,t = (xi,−p, ..., xi,0, ..., xi,t−1, xi,t)0.

1. The first case corresponds to the homogenous non causality (HNC)
hypothesis. Conditionally to the specific error components of the
model, this hypothesis implies that there does not exist any individual
causality relationships:

∀ i ∈ [1, N ] E ¡yi,t/ yi,t,αi¢ = E ¡yi,t/ yi,t, xi,t,αi¢ (2)

This definition can be extended to the homogenous instantaneous non
causality hypothesis as follows:

E
¡
yi,t/ yi,t,αi

¢
= E

¡
yi,t/ yi,t, xi,t,αi

¢
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2. The second case corresponds to the homogenous causality (HC) hy-
pothesis, in which there exists N causality relationships:

∀ i ∈ [1, N ] E ¡yi,t/ yi,t,αi¢ 6= E ¡yi,t/ yi,t, xi,t,αi¢ (3)

In this case, we assume that the N individual predictors, obtained
conditionally to yi,t, xi,t and αi, are identical:

∀ (i, j) ∈ [1,N ] E ¡yi,t/ yi,t, xi,t,αi¢ = E ¡yj,t/ yj,t, xj,t,αj¢ (4)

The instantaneous homogenous causality hypothesis is then defined
by:

∀ i ∈ [1, N ] E ¡yi,t/ yi,t,αi¢ 6= E ¡yi,t/ yi,t, xi,t,αi¢
∀ (i, j) ∈ [1, N ] E ¡yi,t/ yi,t, xi,t,αi¢ = E ¡yj,t/ yj,t, xj,t,αj¢

3. The third case corresponds to the heterogenous causality hypothesis
(HEC). Under HEC hypothesis, we assume first that there exists at
least one individual causality relationships (and at the most N), and
second that individual predictors, obtained conditionally to yi,t, xi,t,λt
and αi, are heterogenous.

∃ i ∈ [1, N ] E ¡yi,t/ yi,t,αi¢ 6= E ¡yi,t/ yi,t, xi,t,αi¢ (5)

∃ (i, j) ∈ [1,N ] E ¡yi,t/ yi,t, xi,t,αi¢ 6= E ¡yj,t/ yj,t, xj,t,αj¢ (6)

The corresponding instantaneous hypothesis are then obtained by sub-
stituting in these definitions xi,t by xi,t.

4. The last case corresponds to the heterogenous non causality hypothesis
(HENC). In this case, we assume that there exists at least one and
at the most N − 1 equalities of the form:

∃ i ∈ [1, N ] E ¡yi,t/ yi,t,αi¢ = E ¡yi,t/ yi,t, xi,t,αi¢ (7)

The instantaneous heterogenous non causality hypothesis is then de-
fined by:

∃ i ∈ [1, N ] E ¡yi,t/ yi,t,αi¢ = E ¡yi,t/ yi,t, xi,t,αi¢
We now propose a nested tests procedure to characterize these vari-

ous causality relationships given the heterogeneity of the data generating
process.
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3 A testing procedure

In order to build a testing procedure, we assume that the coefficients β(k)i
associated to the lagged and contemporaneous exogenous variables are fixed.
Then, if we consider the model (1), the general definitions of causality imply
to test linear restrictions on these coefficients. The test procedure has three
main steps.

3.1 HNC hypothesis test

The first step consists in testing the homogenous non causality hypothesis
(HNC). For that we have to test whether or not the regression slope co-
efficients associated to xi,t−k are null for all individual i and all lag k. In
model (1), the corresponding test1 is defined by:

H0 : β
(k)
i = 0 ∀i ∈ [1, N ] ,∀k ∈ [1, p] (8)

Ha : ∃ (i, k) / β
(k)
i 6= 0

In order to test these N p linear restrictions, we compute the following
Wald statistic:

Fhnc =
(RSS2 −RSS1) / (Np)

RSS1/ [NT −N (1 + p)− p] (9)

where RSS2 denotes the restricted sum of squared residual obtained under
H0 and RSS1 corresponds to the residual sum of squares of the model (1).

Under assumptions A1, if we assume that individual effects αi are fixed,
RSS1 and RSS2 are given by the residual sum of squares obtained from
the MLE which corresponds in this case to the fixed effects (FE) estimator.
Then, it is convenient to stack the T periods observations (where T is the
time dimension after lags adjustment) for the ith individual’s characteristics
into T elements columns, so we write:

y
(−k)
i
(T,1)

=


yi,−k+1
.
.
yi,T−k

 x
(−k)
i
(T,1)

=


xi,−k+1
.
.
xi,T−k

 εi
(T,1)

=


εi,1
.
.
εi,T


1Here, we do not consider instantaneous non causality hypothesis. For that, it should

only modify the H0 hypothesis as following, β
(k)
i = 0 ∀i ∈ [1, N ] ,∀k ∈ [0, p] , and the

alternative one as consequence.
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Let us denote e the (T, 1) unit vector. Then, the model (1) can be written
as:

y
(0)
i =

pX
k=1

γ(k)y
(k)
i +

pX
k=0

β
(k)
i x

(k)
i + eαi + εi ∀i ∈ [1,N ]

We introduce here two matrix:

Wi
(T,p)

=
h
y
(1)
i : y

(2)
i : ... : y

(p)
i

i
Xi

(T,p+1)
=
h
x
(0)
i : x

(1)
i : ... : x

(p)
i

i
Finally, the model (1) can be written as:

y =Wγ + eXβ + (IN ⊗ e)α+ ε (10)

with α = (α1,α2, ...,αN)
0 and:

γ
(p,1)

=
h
γ(1), γ(2), ..., γ(p)

i0
β

(Np+N,1)
=
h
β
(0)
1 ,β

(1)
1 , ...,β

(p)
1 ,β

(0)
2 ,β

(1)
2 , ...,β

(p)
2 , .....,β

(0)
N ,β

(1)
N , ...,β

(p)
N

i0
and where the matrix W, eX and the vector y are respectively defined by:

W
(TN,p)

=


W1

W2

.
WN

 eX
(TN,Np+N)

=


X1 0 . 0
0 X2 . .
. . . 0
0 . 0 XN

 y
(TN,1)

=


y
(0)
1

y
(0)
2

.

y
(0)
N


If we define Z =

h
W : eXi and ψ0 =

¡
γ0,β0

¢
the model (1) can also be

written as:
y = Zψ + (IN ⊗ e)α+ ε (11)

Let us define the following operator Q as:

Q
(NT,NT )

= IN ⊗QT (12)
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with QT = IT −ee0/T. Then, the sums of squared residuals of the model (1)
obtained under H0 and Ha can be computed as follows2:

RSS1 = y
0Qy − ¡y0QZ¢ ¡Z0QZ¢−1 ¡Z 0Qy¢ (13)

RSS2 = y
0Qy − ¡y0QW¢ ¡W 0QW

¢−1 ¡
W 0Qy

¢
(14)

For large samples (where N and T tend to infinity), under assump-
tions A1, the Fhnc statistic has a Fischer distribution with Np and NT −
N (1 + p) − p degrees of freedom. If the realization of this statistic is not
significant, the homogenous non causality hypothesis is accepted. This re-
sult implies that the variable x is not causing y in all the N countries of
the samples. The non causality result is then totally homogenous and the
testing procedure will go no further.

3.2 HC hypothesis test

If we reject the null hypothesis of non homogenous causality (HNC), two
configurations could appear. The first one corresponds to the overall causal-
ity hypothesis (homogenous causality hypothesis, HC) and occurs if all the
coefficients βki are identical for all lag k and are non null. The second one,
which is the more plausible, is that some coefficients βki are different for
each individual. Thus, after the rejection of the null hypothesis of HNC,
the second step of the procedure consists in testing if the regression slope
coefficients associated to xi,t−k are identical. This test corresponds to a
standard homogeneity test. Formally, the homogenous causality hypothesis
(HC) test is the following:

H0 : ∀ k ∈ [1, p] / βki = βk ∀i ∈ [1,N ] (15)

Ha : ∃k ∈ [1, p] , ∃ (i, j) ∈ [1,N ] / βki 6= βkj

The HC hypothesis implies that the coefficients of the lagged explana-
tory variable xi,t−k are identical for each lag k and different from zero. In-
deed, if we have rejected, in the previous step, the HNC hypothesis βki = 0,

2We could also assume that the autoregressive coefficients are heterogenous (γki 6= γkj ).
This hypothesis could be tested by standard specification tests (Hsiao 1986), but must be
imposed in a symmetric way under H0 and under the alternative hypothesis. In this case,
the residual sums of squares RSS1 and RSS2 correspond to the sum of squares obtained
from the N estimates of individual AR (p) processes on yi,t. The corresponding F statistic
is then defined by:

Fhnc =
(RSS2 −RSS1) / (Np)
RSS1/ [NT −N (1 + 2p)]
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∀ (i, k), this standard specification test allows to test the homogenous causal-
ity hypothesis. In order to test the HC hypothesis, we have to compute the
following F statistic:

Fhc =
(RSS3 −RSS1) / [p (N − 1)]
RSS1/ [NT −N (1 + p)− p] (16)

where RSS3 corresponds to the realization of the residual sum of squares
obtained in model (1) when one imposes the homogeneity for each lag k of
the coefficients associated to the variable xi,t−k.

As for the HNC hypothesis test, if we assume that individual effects αi
are fixed under H0 and Ha, the MLE estimator corresponds to the fixed
effects (FE) estimator. The residual sum of squares RSS1 obtained in model
(1) is given by equation (13). Under H0, the realization of the residual sum
of squares RSS3, is then defined by:

RSS3 = y
0Qy − ¡y0QX¢ ¡X 0QX

¢−1 ¡
X 0Qy

¢
(17)

where the (TN, p+ 1) matrix X is defined by:

X 0
(p+1,TN)

=
£
X 0
1 X 0

2 ... X 0
N

¤0
For large samples, under assumptions A1, if the Fhc statistic with p (N − 1)

and NT −N (1 + p) − p degrees of freedom is not significant, the homoge-
nous causality hypothesis is accepted. This result implies that the variable
x is causing y in the N countries of the samples, and that the autoregressive
processes are completely homogeneous.

3.3 The HENC hypothesis test

If the HC hypothesis is rejected, it implies that the process is non homoge-
nous and that no homogenous causality relationships can be founded. How-
ever, it does not imply the lack of any causality relationships between the
two variables. It may be possible that for one individual at least, there exists
such a relationhips. In this case, we get a non homogenous causality config-
uration. Thus, the variable x causes the variables y only for a subgroup of
the cross section population3. Clearly, all the interest of the heterogeneous
causality hypothesis is determined by the size of this subgroup.

3The causal relation may be homogeneous or not inside this subgroup.
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So, the third step of the procedure consists in testing the heterogenous
non causality hypothesis (HENC). For that, we consider the following test:

H0 : ∃i ∈ [1,N ] /∀k ∈ [1, p] βki = 0 (18)

Ha : ∀i ∈ [1, N ] , ∃k ∈ [1,N ] / βki 6= 0
We propose here to test this last hypothesis with two nested tests. The

first test is an individual test realized for each individual. For each individual
i = 1, .., N, we test the nullity of all the coefficients of the lagged explanatory
variable xi,t−k. Then, for each i, we test the hypothesis βki = 0, ∀k ∈ [1, p] .
For that, we compute N statistics :

F ihenc =
(RSS2,i −RSS1) /p

RSS1/ [NT −N (1 + 2p) + p] (19)

where RSS2,i corresponds to the realization of the residual sum of squares
obtained in model (1) when one imposes the nullity of the k coefficients as-
sociated to the variable xi,t−k only for the individual i. These N individual
tests allow us to identify the individual for which there is no causality re-
lationships. If we assume that individual effects αi are fixed under H0, the
residual sum of squares RSS2,i is then defined by:

RSS2,i = y
0Qy − ¡y0QZi¢ ¡Z0iQZi¢−1 ¡Z0iQy¢ (20)

where Zi =
h
W : eXii with eXi defined by:

eXi
(T (N−1),(N−1)(p+1))

=


X1 0 . . 0
0 X2 . . .
. . Xi−1 . 0
. . . . .
. . . Xi.+1 .
0 . . . XN


From the results of these tests, for a given first order risk α, we can com-

pute the corresponding size, denoted nnc (α) , of the subgroup of individuals
for which there is no causality relationships.

A second test of the procedure consists in testing the joint hypothesis
that there is no causality relationships for a subgroup of individuals. Let us
respectively denote Ic and Inc the index sets corresponding to subgroups for
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which there exists a causal relationships and there does not exist a causal
relationships. In other words, we consider the following model, ∀ t ∈ [1, T ] :

yi,t =

pX
k=1

γki yi,t−k +
pX
k=0

βki xi,t−k + vi,t with
½

βki 6= 0
βki = 0

for i ∈ Ic
for i ∈ Inc (21)

Let nc = dim(Ic) and nnc = dim(Inc). Suppose that nc/nnc → θ < ∞
as nc and nnc tend to infinity. One solution to test the HENC hypothesis
is to compute the Wald statistic:

Fhenc =
(RSS4 −RSS1) / (nncp)

RSS1/ [NT −N (1 + p)− ncp] (22)

where RSS4 corresponds to the realization of the residual sum of squares
obtained in model (1) when one imposes the nullity of the k coefficients
associated to the variable xi,t−k for the nnc individuals of the Inc subgroup.

If the HENC hypothesis is accepted, it implies that there exists a sub-
group of individual for which the variable x does not cause the variable y.
The dimension of this subgroup is then equal to nnc. This hypothesis can
be analyzed as the consequence of the heterogeneity of the data generating
process. The causality relationships occurs only for a subgroup of individ-
ual. On the contrary, if the HENC hypothesis is rejected, it implies that
there exists causality relationships between x and y for all individuals of the
panel, but the data generating process stills heterogenous. Then, we get the
HEC hypothesis.

4 Finite sample properties

It is well known that for micro-panels, where there are a large number of
individuals (N) observed over a short period of time (T ) , the fixed effects
estimator of the coefficients of endogenous lagged variables is biased and
inconsistent (see Nickell 1981). The MLE for dynamic fixed-effects models
remains biased with the introduction of exogenous variables when T is small.
In this case, the estimators of exogenous variables coefficients β(k)i are also
biased4. Besides, Nickell showed that the presence of exogenous regressors
modifies the size of the bias on the coefficients of the lagged endogenous
variables. These properties imply that the Wald tests statistics, associated

4See Kiviet (1995) for an analytical expression of the bias in the case of an AR (1)
process.
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to the Granger causality tests, do not have a standard distribution, under
H0, when T is small. Besides, one should not dismiss this issue, even in
macro-panels, where T is not very small relative to N. Hence, in this case,
one may still favor the FE estimator arguing that its bias may not be
large. However, Judson and Owen (1999) performed some Monte Carlo
experiments for N = 20 or 100, and T = 5, 10, 20 or 30, and found that
FE estimator’s bias decreases with T. But, even for T = 30, this bias could
be as much as 20% of the true value of the coefficient of interest in a first
order regressive process. Then, the distribution of the Wald tests is still non
standard in this case.

We first propose the study of a simple example which allows to derive the
impact of the fixed effect estimator bias on the asymptotic distribution of
Wald statistics when T is fixed. Second, we list the appropriate corrections
based on convergent estimators (GMM , IV .), or on simulated thresholds.

4.1 A simple case

In order to precisely identify the consequences of the Nickell’s bias on the
asymptotic distributions of the Wald tests statistics, we now derive these
distributions in a simple example. Let us consider an AR (1) process, in
which we assume the homogeneity of the regression coefficients slopes βi
(βi = 0 ∀i) and none causality relationships for all individuals. The model,
which satisfies the homogenous non causality hypothesis (HNC), is then
defined by:

yi,t = γyi,t−1 + αi + εi,t (23)

We assume that εi,t are normally distributed, with E(εiε0i) = IT ,∀i. If
we apply the HNC test to data generated by this model, we see that the
statistic Fhnc does not have a standard asymptotic distribution when T is
fixed. Indeed, under Ho, with random start-up, the asymptotic bias on the
FE estimator of γ has been computed by Nickell (1981) as:

ηbγ = plim
N→∞

(bγ − γ) = −
µ
1 + γ

T − 1
¶"
1−

¡
1− γT

¢
T (1− γ)

#
×(

1− 2γ

(1− γ) (T − 1)

"
1−

¡
1− γT

¢
T (1− γ)

#)−1
This expression is negative for positive γ as soon as T > 1. So, by
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extension, the sum of squared residuals under H0, denoted5 RSS0, does not
converge to a χ2 distribution with n0 = N (T − 1) − 1 degrees of freedom.
Indeed, we have:

plim
N→∞

RSS0 = plim
N→∞

¡
y0Qy

¢− plim
N→∞

¡
y0QW

¢ ¡
γ + ηbγ¢

= plim
N,T→∞

RSS0 − ηbγ plim
N→∞

¡
y0QW

¢
with W =

h
y
(1)0
1 , y

(1)0
2 , .., y

(1)0
N

i0
and Q = IN ⊗ (IT − ee0/T ) . Under assump-

tions A1, we can show that the sum of squared residuals under H0 converges
toward an noncentral χ2 (n0, θ0) where the noncentrality parameter θ0 is de-
fined by:

θ0 = −ηbγ plim
N→∞

¡
y0QW

¢
(24)

Under H0, the noncentrality parameter θ0 is positive if plim
N→∞

(y0QW ) >

0, and negative otherwise.

Under H1, we have to estimate the model by including the exogenous
variable x. For simplicity, let us introduce only contemporaneous exogenous
variable as follows:

yi,t = bγyi,t−1 + bβxi,t + bαi + bεi,t (25)

In this case, Kiviet (1995) has showed that the bias on γ is related to
the bias under H0 in such way that it has to be multiplied now by a factor
defined by: eηbγ = plim

N→∞
(bγ − γ) = νηbγ

with

ν =

·
plim
N→∞

1

NT

¡
W 0QW

¢¸ ·
plim
N→∞

1

NT

¡
W 0QMQW

¢¸−1
where M = I −QX (X 0QX)−1X 0Q. The bias on β is then defined by:

eηbβ = plim
N→∞

³bβ − β
´
= −

·
plim
N→∞

¡
X 0QX

¢−1
X 0QW

¸eηbγ
5 It corresponds to RSS2 in the general definitions of the third section.
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Another time, the sum of squared residuals under H1, denoted RSS1,
does not converge to a χ2 distribution with n1 = N (T − 1)− 2 degrees of
freedom. We have:

plim
N→∞

RSS1 = plim
N,T→∞

RSS1 − eηbγ plim
N→∞

¡
y0QW

¢− eηbβ plim
N→∞

¡
y0QX

¢
This expression can be simplified since here plim

N→∞
(y0QX) = 0. The sum

of squared residuals under H1 converges toward a noncentral χ2 (n1, θ1)
where the noncentrality parameter θ1 is defined by:

θ1 = −eηbγ plim
N→∞

¡
y0QW

¢
= −ν ηbγ plim

N→∞

¡
y0QW

¢
(26)

So, the Fhnc statistic converges toward a noncentral Fischer F1,n1 (θ0, θ1) ,
where θi (i = 0, 1) tend to zero when T tends to infinity. Then, for a finite
T sample, the use of standard thresholds of a centered Fischer for the HNC
test, could lead to a fallacious inference and to wrong conclusions about
causality schemes. In this case, the direction of the bias depends on the
difference between the two noncentrality parameters θ0 and θ1. In order to
determine the sign of the bias, we now implement a Monte Carlo study. We
generate 5000 replications of the model (23) with the following values of
parameters: γ = 0.1, σ2ε = σ2α = 1, N = 100. For each pseudo sample, we
generate the data by choosing yi0 = 0 and then discarding the first 10 ob-
servations before selecting our sample. The time dimension of our samples
is assigned values of 10, 20, 30, 40, 50 and 100.

Given the K = 5000 realizations of the sums of squared residuals ob-
tained under H0 and H1, we can compute an estimator of the corresponding
noncentrality parameters θ0 and θ1 as follows. Let us define RSS

(k)
i , i = 0, 1,

the realization of the sum of squared residuals get from the kth experiment
under Hi. If the time dimension T is large enough, we know that the as-
ymptotic distributions of RSS0 and RSS1 are χ2 with respectively n0 and
n1 degrees of freedom. Then, when T tends to infinity, we have :

1

K

KX
k=1

RSS
(k)
i

p−→
N,T→∞

ni (27)

When T is small, we know that the sums of squared residuals RSSi con-
verge toward noncentral χ2 with ni degrees of freedom and a noncentrality

15



parameter equal to θi. Then, given the properties of noncentral χ2, we have
:

1

K

KX
k=1

RSS
(k)
i

p−→
N→∞

ni + θi (28)

So, we can compute an estimator of noncentrality parameters θi as fol-
lows : bθi (T ) = 1

K

KX
k=1

RSS
(k)
i − ni (29)

Figure 1: Estimates of θ0 and θ1 as functions of T

The corresponding estimates of θ0 and θ1 are reported on figure (1),
for T between 5 and 100. First, we can observe that both noncentrality
parameters are very close since in our model the bias ratio ν is near to one.
Second, both parameters are negative when T is small. So, the mean of
sums of squared residuals are shifted toward the left. When T increases, the
size of θi diminishes and converges to 0. The mean of RSSi tends to the
corresponding number degrees of freedom.
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The issue is to characterize the influence of these noncentrality parame-
ters on the asymptotic distribution of the Fhnc statistic. We know that for
small T, this statistic converges to a noncentral Fischer F1,n1 (θ0, θ1) and for
large T , it converges to a central F1,n1 . Now, let us assume that an econome-
trician applies, at wrong, the standard F critical values to the Fhnc statistic
for a small T sample. What are the consequences of the dynamic panel bias
on his conclusions about causality relationships? The results of our simu-
lations are reported on table (1). For each time dimension T, we compare
the critical value of the theoretical centered F1,n1, denoted fα (1, n1) , to the
empirical critical value get from 5000 replications of model (23). We can
observe that, for small T, the empirical critical values are higher than the
theoretical ones, due to the noncentrality parameter of the true distribution
of Fhnc. For instance, for T = 5, the 5% critical value for the centered
Fischer is equal to 3.864, when the empirical one is 4.221. Naturally, the
difference between both values disappears with the time dimension. Such
results imply that the use of standard Fischer thresholds for causality tests,
in small T panels, could induce a fallacious inference. Then, the risk to reject
at wrong the homogenous causality hypothesis is increased. In our simple
example, the dynamic panel bias is in favor of the causality hypothesis, but
this result is not general (with γ < 0, the results are symmetric).

Table 1: Critical values of the Fhnc statistic

T n1 f0.95 (1, n1) f0.95
∗ f0.99 (1, n1) f0.99

∗

5 399 3.864 4.221 6.699 7.497
10 899 3.851 4.315 6.663 6.937
15 1399 3.848 6.063 6.653 7.012
20 1899 3.846 3.892 6.648 6.793
30 2899 3.844 3.979 6.643 6.910
100 9899 3.842 3.903 6.637 6.639
∗ : empirica l critical values get from 5000 rep lications o f m odel (23).

On figure (2), the theoretical and empirical cumulative distributions of
the Fhnc statistic are plotted. We can verify that when the time dimension
is small, the distribution of Fhnc is shifted to the right compared to the
centered distribution. With T = 50, the noncentrality parameters are close
enough to zero to make the difference between empirical and theoretical
distributions insignificant.
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Figure 2: Empirical and Theoretical Cumulative Distribution Function of
the Fhnc Statistics

4.2 Consistent estimators

In more complicated cases, it is very difficult to derive the non standard
asymptotic distributions of the Wald test statistics. So, several alternative
solutions could be considered. The first solution consists in computing an
estimator of the non standard distribution of the Fhnc statistics from pseudo
samples, as in the previous example. Using Monte Carlo experiments, it is
then possible to derive an estimates of the true distribution of Fhnc and of
the corresponding critical values. This method must be preferred when the
individual dimension N is not sufficient to assure the convergence of the
consistent estimators, as GMM for example.

The alternative solution consists in applying convergent estimators to
correct the small sample bias under the null and alternative hypothesis of
the causality tests. A huge literature has been devoted to the inconsis-
tency and efficiency of standard estimators in dynamic panel data models.
Several convergent estimators are disposable : GMM estimators (Arellano
et Bond 1991, Ahn et Schmidt 1995), IV estimators (Anderson and Hsiao
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1982), corrected FE estimator (Kiviet 1995). In a recent paper, Judson
and Owen (1999) recommend the corrected FE estimator of Kiviet (1995)
as the best choice for balanced macro-panels, GMM being second best and
for long panels, the computationally simpler Anderson and Hsiao (1982)
estimator. This last estimator first differences the data to get ride of the
individual effects and then uses lagged predetermined variables in levels as
instruments. However, the corrected FE estimator of Kiviet has not be
derived for autoregressive models where the lag dimension is higher than
one. So, it appears that GMM estimators still the most used method in
this context. As soon as the individual dimension N is sufficient, the use
of such consistent estimators, allows to adopt the standard distribution for
the Wald test statistics, even for small T samples. For our application on
financial deepening, we apply this method.

5 Application: financial deepening and economic
growth

We now propose an application of the causality tests in panel to the issue
of the link between financial deepening and economic growth in developing
countries. As noted by Patrick (1966), Goldsmith (1969), McKinnon (1973)
and Shaw (1973), there is a typical pattern of economic development in
which financial deepening is an essential aspect of the growth process. But
even since the earlier contributions, the relationship between financial de-
velopment and economic growth has remained an important issue of debate.
Lots of studies have dealt with different aspects of this relationships at both
the theoretical and empirical levels.

From the theoretical point of view, the original contributions to this liter-
ature emphasize different channels of transmission. While the main channel
in Goldsmith (1969) is the relationship between financial development and
the efficiency of investment, Mc Kinnon (1973) and Shaw (1973) empha-
size the role played by financial deepening in increasing domestic saving
and, hence, investment. More recently, research made by Greenwood and
Jovanovic (1990) is representative of the “modern” view of financial interme-
diaries as collectors and analyzers of information. Under this view, financial
intermediaries perform the key function of directing the flow of an econ-
omy’s resources toward investment projects with the highest return rates.
Then, the financial structure enhances economic growth by allowing more
efficient capital accumulation. In Bencivenga and Smith’s (1991) model, the
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economy does not experience lower savings in the absence of financial in-
termediaries: their model delivers the same level of savings with or without
financial intermediaries. The potential economic growth benefits of having
financial intermediation come not from the volume of savings but from the
way financial intermediaries allocate those savings.

However, following work of Patrick (1966), it is advisable to wonder
about the existence of an opposite link of causality: in which ways economic
development can induce financial development? Patrick distinguishes two
stages in the economic development process. In the first one, it is the fi-
nancial development which does induce economic growth. It is a phase of
“supply leading” where financial deepening allows, as in Schumpeter work,
the transfer of the resources from a not very productive traditional sector
towards a modern one. This transfer must be done in a progressive way and,
have regard with the risks of financial institutions’ distress that it could in-
duce, Patrick imagines even a provisional support of the State for these last
(in the form of subsidies, for example). Once this first stage reached, the
direction of causality is reversed. It then appears a phenomenon of “demand
following” where the financial system will answer in a passive way at the
request of services which is addressed to it.

From an empirical point of view, some studies relate directly to the
correlation between financial deepening and growth. In this case, the link
highlighted is often very strong. For example, research made by Saint Marc
(1972) shows that the richest WAEMU countries are also characterized by
higher financial deepening ratios. Spears (1992) obtains a correlation close
to 1 between financial deepening and growth in 9 of the 10 African countries
studied. But even if financial deepening could be an explanatory factor of
economic growth, it is not the only one. That is why a lot of posterior
studies integrate other variables, suggested by the theories of growth, so as
to control the relation between financial development and growth. They
often use cross-sections analysis. The results then are much more mitigated.
With large samples including developed and developing countries, a positive
impact of financial deepening is often obtained. King and Levine (1993)
thus highlight a significative and positive impact of the ratio liquid assets of
the financial sector to GDP on economic growth. De Gregorio and Guidotti
(1995) also obtain a positive and significant effect of financial deepening on
economic growth using the ratio of bank credit to the private sector to GDP.
This effect is even stronger for the countries with low income. However, the
relation is significantly negative for 12 Latin-American countries. When the
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studies relate to more homogenous samples, including many Sub-Saharan
countries, results become ambiguous. Collier and Gunning (1997) use the
King and Levine’s sample and show that the positive effect of financial
deepening on growth is positive but more reduced than in other developing
countries. Savvides (1995) uses a sample of 28 African countries (including
three Maghreb countries). The ratio near-money to GDP appears to exert
a positive impact on the growth (significant at 10 %) but only when the
variable “political freedom” is not taken into account. Odedokun (1996)
uses a panel of 71 countries, including 21 sub-Saharan countries. The two
indicators used (the ratio of average stock of liquid assets to GDP and
the growth rate of financial intermediation) exert a positive and significant
effect, but only for approximately a third of sub-Saharan countries of the
sample.

Concurrently, a different empirical step is implemented. It is based on
statistical analysis of causality (the Granger causality tests being most fre-
quently used in this case). For example, Jung (1986) carried out this type of
test on 56 countries (developed and developing ones). The one-way causal-
ity shows that for 24 countries, causality goes from financial deepening to
economic growth, against 14 in opposite direction. Unfortunately, the sam-
ple includes only two sub-Saharan countries: Nigeria and Kenya. Lastly,
a more recent empirical research (Joseph and al., 1998), using Granger
causality tests on a sample of 8 sub-Saharan countries (Benin, Burkina Faso,
Cameroon, Cote d’Ivoire, Mali, Niger Senegal and Togo) over the 1970-1995
period, was implemented. This research shows a Granger causality from
financial development to economic growth in five cases (Benin, Cameroon,
Cote d’Ivoire, Mali and Senegal), against 2 in opposite direction (Burkina
Faso and Togo), with a lag of one period.

5.1 Data

We consider a balanced panel of sixteen countries (fifteen sub-Saharan coun-
tries + South Africa), in which the eight countries of Joseph and al.’s re-
search are included6. All data are picked up in “World Development Indica-
tors” (CD-rom edition, 2000). The Granger causality tests between financial
deepening and economic growth are implemented over the 1967-98 period,
with a lags order from one to five. As in Joseph and al., the indicator of

6The sixteen countries are: Benin, Burkina Faso, Cameroon, the Central African Re-
public, Chad, the Republic of Congo, Cote d’Ivoire, Gabon, Ghana, Kenya, Mali, Niger,
Nigeria, Senegal, South Africa and Togo.
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economic growth is the real per capita GDP and we use two indicators of fi-
nancial deepening. The first indicator is the ratio of money and quasi money
to GDP (denoted MON), which is the financial development indicator in
common use for empirical research in developing countries. Indeed, finan-
cial intermediaries are often the major source of financing in these countries
due to the lack of financial markets. The second indicator is the ratio of
bank credit to the private sector to GDP (denoted CRE), because it is di-
rectly linked to investment and economic growth (De Gregorio and Guidotti,
1995).

5.2 Causality between the ratio of M2 to GDP and economic
growth.

We now consider the ratio of money and quasi money to GDP, as a proxy of
the financial development. We test the causality from this financial develop-
ment indicator to the GDP per capita. The results of the procedure of tests
are presented in tables 2 and 3. First, we can observe that the homoge-
nous non causality (HNC) hypothesis is strongly rejected in our sample,
whatever the choice of the lags order. When we assume that the time di-
mension of the panel (T = 31) is sufficient to consider the dynamic panel
bias as insignificant, the Fhnc statistics are superior to the corresponding
standard Fischer thresholds. However, as it was previously mentioned, for
such a time dimension, the dynamic panel bias could affect the asymptotic
distributions of the Fhnc statistics. Indeed, we can observe on table (2)
that when convergent estimators are used (GMM , or Anderson and Hsiao,
AH), the realizations of the Fhnc statistics are generally lower than those
obtained with the FE estimator. For p = 1, the Fhnc associated to the FE
estimator is equal to 2.390. With the IV estimator of Anderson and Hsiao
(based on lag difference), we get a realization equal to 1.909. When a GMM
procedure7 is used, we get a realization of 1.756. Then, we find the same
conclusions as in the simple example presented below. These results seem to
confirm the upwards bias of the Fhnc statistic based on the FE estimator.
So, when one assumes that the time dimension of the panel is sufficient to
ignore the dynamic panel bias, one improves the risk to reject, at wrong,
the homogenous non causality hypothesis.

7For computational requirement, in the GMM procedure, the number of values of the
lagged dependent variable and the exogenous regressors used as instruments is reduced to
seven instruments. For each regressors, we use the seven previous values.
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Nevertheless, the qualitative results remain unchanged, when the dy-
namic panel bias is corrected. Indeed, the statistics based on convergent
estimators still higher than the corresponding asymptotic thresholds. What-
ever the choice of the lags order, we reject the homogenous non causality
(HNC) hypothesis. So, the causality from money ratio to GDP per capita
can not be rejected, for the whole sample of sub-Saharan countries.

Table 2: Causality from MON to GDP

Fhnc : HNC Hypothesis Fhc : HC Hypothesis
lags FE AH GMM FE AH GMM
1 2.39∗ 1.90∗ 1.75∗ 2.46∗ 2.08∗ 1.58∗

2 1.65∗ – 2.31∗ 1.63∗ – 1.59∗

3 1.59∗ – 1.38∗ 1.56∗ – 1.36∗∗

4 1.34∗ – 1.80∗ 1.31∗∗ – 1.42∗

5 1.55∗ – 1.84∗ 1.47∗ – 1.60∗

FE : fixed eff ect estimator, AH : Anderson Hsiao
∗
: s ignifi cant at 5% level,

∗∗
at 10% .

Given the rejection of the HNC hypothesis, then we test the homoge-
nous causality hypothesis (HC). This hypothesis, which imposes the strict
homogeneity of the relationship between financial deepening and per capita
GDP, is rejected for all lags. Such results confirm the relative heterogeneity
of the sub-Saharan sample. Indeed, it is not surprising that those countries
do not follow a unique model of financial development and exhibit differ-
ent correlations between money and GDP. As for the previous case, the
rejection of the HC hypothesis does not depend on the choice of the lags
order. Besides, when convergent estimators are used, similar conclusions are
obtained.

Then, given these results, one must test heterogeneous causality relation-
ships (HENC hypothesis). In table (3), the realizations of the individual
F ihenc are reported. We can observe that financial deepening Granger causes
economic growth in seven countries of the panel : Cameroon, Gabon, Niger,
Burkina Faso, Cote d’Ivoire, Togo and Nigeria. However, the causal rela-
tionships are independent of the lag order for only 3 countries (Cameroon,
Gabon and Niger). For others countries, there is no causal relationships
from financial deepening to GDP per capita. In that way, our results are
compatible with Patrick’s theory. It is worth noting, that the countries for
which we find a causal relationship are generally considered as “underde-
veloped” from a financial point of view. These results could be interpreted
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in the following way. Such a causal relationship do imply that a banking
crisis, insofar as this kind of event induces a reduction in the supply of cred-
its, could have major consequences on economic growth in these countries.
Most of these countries have known a major bank crisis during the eighties
and the nineties. As a consequence, and in addition with the decrease in
raw materials quotation, economic growth was reduced.

Table 3: Heterogeneous Causality Tests: From MON to GDP

lags 1 2 3 4 5
Benin 0.20 0.20 0.18 0.26 0.20
Burkina Faso 2.62∗∗ 1.84 1.25 0.91 0.91
Cameroon 6.16∗ 5.16∗ 3.71∗ 2.92∗ 2.38∗

Central African Rep. 0.72 0.84 0.59 0.74 0.82
Chad 0.00 0.03 0.75 1.18 1.26
Congo, Rep. 0.21 0.05 0.04 0.43 0.34
Cote d’Ivoire 0.00 2.41∗∗ 2.17∗∗ 1.58 1.70
Gabon 14.22∗ 4.56∗ 5.27∗ 4.38∗ 7.87∗

Ghana 0.19 0.38 1.09 0.88 0.89
Kenya 0.22 0.24 0.44 0.46 0.19
Mali 0.19 1.66 1.03 0.90 0.83
Niger 2.48∗∗ 3.12∗ 3.94∗ 3.38∗ 2.87∗

Nigeria 9.66∗ 4.83∗ 3.65∗ 1.75 1.13
Senegal 0.00 0.64 0.91 0.90 0.95
South Africa 0.93 0.64 0.43 0.28 0.71
Togo 1.15 0.83 0.81 0.81 2.46∗
∗
: sign ifi cant at 5% level,

∗∗
at 10% .

When we implement an inverse causality relationship, from GDP to fi-
nancial development, results are quite different (cf. table 4). As for the
previous case, the homogenous non causality hypothesis is strongly rejected
(except for p = 5). The use of convergent estimators do not change the
conclusions. However, in this case, Fhnc statistics computed with GMM
are superior to those computed with Within estimators. So, contrary to
the previous case, when one assumes that the time dimension of the panel
is sufficient to ignore the dynamic panel bias, one improves the risk to ac-
cept, at wrong, the homogenous non causality hypothesis. This result can
be explained by the fact, that the causal relationship from GDP to finan-
cial development appears homogenous for our panel, when the small sample

24



bias is corrected. A part from the case p = 1, the Fhc statistics based on
GMM are lower than the 10% asymptotic critical values. Then, we can not
reject the homogenous causality relationship from real economic activity to
financial deepening.

Table 4: Causality from GDP to MON

Fhnc : HNC Hypothesis Fhc : HC Hypothesis
lags FE AH GMM FE AH GMM
1 1.51∗∗ 2.34∗ 2.52∗ 0.99 0.37 1.64∗∗

2 1.73∗ – 2.29∗ 1.43∗∗ – 1.22
3 1.63∗ – 1.62∗ 1.42∗ – 1.08
4 1.31∗∗ – 1.47∗ 1.11∗ – 0.80
5 1.20 – 1.18 1.07∗ – 0.73

FE : fi xed eff ect estim ator, AH : Anderson Hsiao, lagged levels
∗
: sign ifi cant at 5% level,

∗∗
at 10% .

It is worth noting that our results globally confirm the Patrick’s (1996)
theory and particularly the phenomenon of “demand following”, where the
financial system will answer at the request of services which are addressed
to him. In our sample, it appears that it is the economic growth which
induces a financial development or which prevents from a take off of the
financial activities. Indeed, in developing countries, a decrease in economic
growth could induce massive withdrawals of capital in the banking sector.
For example, a part of sub-Saharan banking sector crisis in the eighties and
the nineties may be explained by the decrease in raw materials quotation.
The fact that homogeneous causality is found, reinforces the importance
of the causality from economic activity to financial activity in our sample.
This causality relationship implies that the economic take off (or recession)
generally occur before the financial take off (or crash). This observation is
also be confirmed by the advanced and lagged correlations between GDP
and MON. On figure (3), we can observe that the mean of the individual
correlations between past values of GDP and present values of MON , are
higher than the correlations with advanced values of GDP, even if both are
positive. So, the influence of the past economic activity on the volume of
quasi money is much important than the influence of the past money offer
on present activity.
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Figure 3: Advanced and lagged correlations corr(GDPt−k,MONt)

5.3 Causality between economic growth and the ratio of bank
credit to the private sector to GDP.

Lastly, Granger causality tests are implemented using the ratio of bank
credit to GDP as a financial development indicator. The results are re-
ported on table (5). The conclusions about the homogenous non causality
hypothesis are no clear-cut. Indeed, the statistics based on the FE estima-
tor with p = 2, 3 do not allow to reject the null, whereas with p = 1, 3 and 5
it is the case. The GMM based statistics, with p > 1, are higher and lead
to reject the HNC, but with p = 1, we still accept H0. Another time, the
causality from financial deepening to real economic activity, at least, does
not appear homogenous and could even be rejected for the whole sample.

If we test the homogenous causality hypothesis for p > 1, the GMM
based Fhc statistics are larger to the standard critical values, except for
the case p = 4. It seems to confirm the rejection of the hypothesis of a
common “way” of development for our sub-Saharan sample. The effect of
bank credits on activity can not be represented by an homogenous statistical
model. On table (6), we can observe that such a causality relationship is
found for only seven countries : Cameroon, Central African Republic, Cote
d’Ivoire, Gabon, Ghana, Niger and Nigeria. Besides, the results for Cote
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Table 5: Causality from CRE to GDP

Fhnc : HNC Hypothesis Fhc : HC Hypothesis
lags FE AH GMM FE AH GMM
1 1.83∗ 1.49∗ 0.80 1.95∗ 1.23 1.16∗
2 1.31 – 1.59∗ 1.34 – 1.43∗∗

3 1.25 – 1.39∗ 1.21 – 1.38∗∗

4 1.33∗∗ – 1.51∗ 1.32∗∗ – 1.14
5 1.49∗ – 1.78∗ 1.47∗ – 1.39∗

FE : fixed eff ect estimator, AH : Anderson Hsiao
∗
: s ignifi cant at 5% level,

∗∗
at 10% .

d’Ivoire are dependent to the choice of the lags order.

When we study the reverse causality, fromGDP to CRE, we find similar
results to those obtained withMON (cf. table 7). Whatever the estimators
chosen, the HNC hypothesis is strongly rejected. On the contrary, the HC
hypothesis is largely accepted with GMM and even with FE estimator. It
appears that it is the economic growth which induces a financial development
or which prevents from a take off of the financial activities. With the bank
credit ratio as financial development indicator, the causality relationship is
homogenous for all lags.
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Table 6: Heterogeneous Causality Tests: From CRE to GDP

lags 1 2 3 4 5
Benin 0.13 0.21 0.18 0.16 0.24
Burkina Faso 0.82 0.45 0.45 0.70 1.07
Cameroon 4.76∗ 3.18∗ 2.29∗∗ 1.83 1.73
Central African Rep. 3.39∗∗ 2.47∗∗ 1.64 2.53∗ 3.40∗

Chad 0.48 0.23 0.25 0.40 1.65
Congo, Rep. 0.16 0.12 0.77 0.85 1.17
Cote d’Ivoire 2.79∗∗ 1.38 1.61 0.99 1.53
Gabon 0.72 4.06∗ 3.69∗ 4.36∗ 5.13∗

Ghana 4.93∗ 3.40∗ 3.01∗ 2.07∗∗ 1.56
Kenya 0.01 0.87 0.65 0.94 0.66
Mali 1.54 1.01 0.78 1.38 1.25
Niger 0.76 0.40 2.50∗∗ 3.46∗ 3.82∗

Nigeria 8.90∗ 3.66∗ 2.29∗∗ 1.10 0.83
Senegal 0.05 0.21 0.45 0.18 0.21
South Africa 0.98 1.15 0.94 1.25 1.19
Togo 0.69 0.63 1.06 1.21 1.35
∗
: s ignifi cant at 5% level,

∗∗
at 10% .

6 Conclusion

In this paper, we propose an extension of the Granger (1969) causality defi-
nition to panel data models with fixed coefficients. Given the heterogeneity
of the data process, we distinguish four cases : the homogenous non causal-
ity, the homogenous causality, the heterogenous non causality and the het-
erogenous non causality. Given these definitions, we propose a nested tests
procedure of the causality hypothesis based on Wald tests. We show, in a
simple example, that the corresponding statistics have a noncentral asymp-
totic distribution when the time dimension is small. Such results implies
that the use of standard Fischer thresholds for causality tests, in micro or
macro panels, could induce a fallacious inference. In our example, the dy-
namic panel bias is in favor of the causality hypothesis, but this result is not
general.

We then propose an application of this procedure to the issue of the link
between financial deepening and economic activity. The sample used is a
balanced panel of sixteen sub-Saharan countries (1968-1998). Two indicators
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Table 7: Causality from GDP to CRE

Fhnc : HNC Hypothesis Fhc : HC Hypothesis
lags FE AH GMM FE AH GMM
1 2.08∗ 1.97∗ 1.62∗∗ 1.28 – –
2 1.61∗ – 1.47∗ 0.91 – 1.02
3 1.52∗ – 1.74∗ 0.98 – 0.92
4 1.40∗ – 1.49∗ 0.97 – 0.79
5 1.41∗ – 1.37∗ 1.04 – 0.62

FE : fixed eff ect estimator, AH : Anderson Hsiao
∗
: s ignifi cant at 5% level,

∗∗
at 10% .

of financial deepening (as in Joseph and al.) are considered. The results
show an heterogenous causality from financial sector to economic activity.
Only five to seven countries seem to verify such a causality relationship. On
the contrary, the causality from economic activity to financial activity is
found homogenous. Then, economic take off (or crash) appears to be one of
the main determining factor of the financial take off for the whole sample,
whereas the reverse relationship is valid only for a subgroup of countries. It
confirms the idea that the economic development does not follow the same
path for such heterogenous countries as those considered in our sample.
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