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Abstract

In this paper, we propose a new approach to both test Granger Causality in a multivariate panel data envi-
ronment and determine one ultimate “causality path” excluding those relationships which are redundant.
For the sake of concreteness, we combine recent developments introduced to estimate Granger causality
procedure based on Meta-analysis in heterogeneous mixed panels (Emirmahmutoglu and Kose, 2011 and
Dumitrescu and Hurlin, 2012) and graphical models proposed in a growing literature (Spirtes et al, 2000,
Demiralp and Hoover, 2003, Eicher, 2007 and 2012) searching iteratively for the existing dependencies be-
tween a multivariate set of information. Finally, we illustrate our proposal by revisiting existing studies in
the context of panel Vector Autoregressive (VAR) models to the analysis of the fiscal policy-growth nexus

Keywords: Granger causality, panel data, causal maps

Clasificacion JEL: C33 - C51

We thank Mar Delgado-Téllez as well as participants to 13th International Conference of the ER-
CIM WG on Computational and Methodological Statistics, the XXVIII & XXIX Encuentro de Econo-
mia Publica and the 9th UECE Conference on Economic for their valuable comments. Gil-Bermejo
acknowledges the financial support of the Complutense Institute of International Studies. San-
chez-Fuentes acknowledges the financial support of the Spanish Ministry of Economy and Com-
petitiveness (project PID2019-105517RB-100). The views expressed in this study are those of the
authors and shall not be attributed to their employers. Errors and omissions are those of the au-
thors only.

Instituto Complutense de Estudios Internacionales, Universidad Complutense de Madrid. Campus
de Somosaguas, Finca Mas Ferré. 28223, Pozuelo de Alarcén, Madrid, Spain.

© Celia Gil-Bermejo, Jorge Onrubia y A. Jestuis Sanchez-Fuentes

Celia Gil-Bermejo: Investigadora asociada al Instituto Complutense de Estudios Internacionales
(ICEI-UCM) cgilberm@ucm.es.

Jorge Onrubia: Investigador adscrito al Instituto Complutense de Estudios Internacionales (ICEI-
UCM), FEDEA, EQUALITAS & GEN.

A. Jesus Sanchez-Fuentes: Investigador adscrito al Instituto Complutense de Estudios Interna-
cionales (ICEI-UCM) & GEN.

El ICEI no comparte necesariamente las opiniones expresadas en este trabajo, que son de exclusi-
va responsabilidad de sus autores.

ICEI Instituto Complutense
de Estudios Internacionales






1. Motivation

Starting from Granger (1969), the notion
of granger causality has been widely applied
in the field of econometrics in a very trans-
versal way. The simplicity, adaptability, and
transversality of this concept, based on the
idea that the cause (a variable X) contains
-early- information about the effect (variable
Y) that is unique, and is in no other variable
(Granger, 2003), may be one of the most de-
terminant reasons justifying such an extraor-
dinary compilation of academic citations.

Although a very high share of total appli-
cations is limited to the analysis of potential
relationships between a pair of variables, the
growingliteraturehasalsoexpandedtheconcept
to more complex frameworks in which multiva-
riate or non-linear models are commonly used.

Particularly, the context of Vector Autore-
gressive (VAR) models is very suitable for this
approach as it intuitively classifies the different
indicators included in the analysis as endoge-
nous and exogenous. The former may react to
changes in other endogenous variables whe-
reas the latter evolve with no interactions with
other variables. Moreover, to be precise when
we identify the cause, it allows to test the true
existence of a causal relationship by conditio-
ning on (some of) the remaining endogenous
variables which may play a role in defining the
total impact of “cause” on “effect”. For instance,
if a third variable is a common cause for both.

On the other hand, graph theoretic me-
thod and theory of causal discovering is be-
coming more popular in the econometric lite-
rature. These methods make use of discovery
algorithms! to find independence patterns on
the data. One of its main virtues is that they
eliminate the need to impose strict a priori
assumptions as a prior ordering of variables
(Spirtes et al,, 2000). Although they were ori-
ginally thought for non-temporal data, studies
adapting these techniques to data with a tem-
poral structure have recently been developed.
Demiralp and Hoover (2003) show that the PC
algorithm can be an effective tool in selecting
the contemporaneous causal orders of SVARs.
For its part, Eichler (2007, 2012) and Runge
(2018) provide a framework that allow the

1 These algorithms can learn causal structures
from purely o mostly observational data. For a practi-
cal guide see Malinsky and Danks (2018).

use of path diagrams for inferring the dynamic
causal relationship among different variables.

Testing for Granger Causality in the pa-
nel data econometric literature has been also
addressed more frequently as the availabi-
lity of this kind of data is being improving in
the recent years. The usual and basic method
when the variables are stationaries consists in
analysing the significance of the block of lags,
normally using a Wald test. In this way, the null
hypothesis is formulated as zero restrictions
in those coefficients. However, on account of
different heterogeneity sources, alternative
methods have been developed. There is a first
group of papers where the parameters of the
equations are constant across individuals, me-
aning that either causality occurs everywhere,
or it occurs nowhere in the panel, and tho-
se where they can vary (see Holtz-Eakin et
al., 1988, Hurlin and Venet, 2001, and Hurlin,
2004). The main drawback is to expect the
same causal relationships to occur between
all the individuals. As Nair-Reichert and Wein-
hold (2001) suggest, it is possible that in a he-
terogenous panel, treated as a homogeneous,
the underlying causal relationships between
individuals may be missing (see also Hansen
and Rand, 2006). They consider a variation of
the Mixed Fixed and Random (MFR) model.

The aim of this paper is to propose a new
approach for testing Granger Causality in pa-
nel data in the context of Vector Autoregres-
sive (VAR) models. Therefore, our proposal
allows to extend the number of relevant varia-
bles (generally limited to two). Importantly,
we propose an alternative procedure based
on averaging individual Wald tests statistic of
cross-sectional units using the Fisher’s trans-
formation framework. By doing so, we follow
Dumitrescu and Hurlin (2012) and Emirma-
hmutoglu and Kose (2011), who test causal
relationships in panel data by transforming
individual tests into a composite measure?

In addition, as a novelty, we apply gra-
ph-theoretic methods for causal analysis used
in panel data models. We use the PC algorithm
in its stable version to select the optimal cau-
sal ordering between all possible ones. Thus,
another contribution of our work is to link
two literatures evolving independently so far.

2 Averaging individual tests in order to get a
statistic for the whole sample has become a common
practice in Units Roots framework. See Im et al.,
(2003).



Theplanofthepaperisorganizedasfollows.
Section 2 sets out our methodology. Section 3
presents an empirical application and, finally,
Section 4 provides some concluding remarks.

2. Methodological issues?®

In this section we present the metho-
dology we propose to identify the true cau-
sation path between the endogenous va-
riables included in a panel VAR model

We first
VAR (t) model

consider
with p

panel
variables:

Vie = i+ Yooy PicryVieor U =1 Ny =10 LT

The index i denotes each cross-sectio-
nal unit and ¢ denotes the time periods. , is
a (px1) fixed effects vector and @, .., .
are (pxp) matrices of parameters. u, Is
(pbx1) of error terms, which are indepen-
dently and identically distributed®. Finally,
T, is the order of the autoregressive process.

Recent developments on panel data eco-
nometrics (Emirmahmutoglu and Kose, 2011
and Hurlin, 2012) has focussed on developing
causality tests in a multivariate framework
(by conditioning on a third relevant varia-
ble). Moreover, it is highly worthy to link the-
se recent developments to those developed
in graph theoretic method and theory of cau-
sal discovering (see Spirtes et al, 2000, for a
complete description). In this regard, consi-
dering both pieces together of literature help
to highlight the relevance of determining the
existing links between the different variables
in a multivariate framework (see Demiralp &
Hoover, 2003, for an extended explanation).

For the clarify of presentation, we consi-
der a vector Y=[A, B, C], where C may be either
a third variable of the final result of a more
complex network of indirect links between
the remaining list of variables included in Y. In
the Figure 1 we illustrate the underlying de-
pendencies which may coexist between them.
Firstly, looking to the top-left panel it could
be the case that C is a common cause shaping
the relationship between A and B. Under the-
se circumstances, to omit or include this in-

3 We have developed a model-independent
implementation in Matlab of our methodology. We
will make it available upon request by email.

4 E(ui!t) =0 V(ui’t) =Xu,,

Figure 1: Theoretical illustration of conditional dependency
within a multivariate framework
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Source: Own elaboration from Demiralp & Hoover (2003)
Note: C may be just one variable or a more complex structure of
indirect links between a set of third variables.

formation in our estimation procedure, will
determine the final output and, consequently,
the conclusions we may derive from them. Se-
condly, in the top-right panel, we include an
alternative scenario in which the third varia-
ble(s) also play an important role. Indeed, A
and B could be dependant even if there is not
a direct link among them, always we identify
a variable (C) connecting them throughout an
indirect link. Thirdly, in the bottom panels we
present two different scenarios in which varia-
ble C is a collider, in the sense that arrowhead
come together at this point, no matter whether
A and B are directly connected (bottom-left) or
not (bottom-right), when we condition on C.

Next, we present the stages of our propo-
sal. First, we obtain an aggregate measure that
indicates both the intensity and the direction
of the movement between the variables inclu-
ded in the analysis. To do so, we follow David
(1949), who proposes the following procedu-
re to obtain an overall measure of dominant
correlation. First, the author proposes to use
Fisher's transformation to normalise the dis-
tribution and stabilise the variance of the co-
rrelation coefficients in order to make them
suitable for combination. Once the coefficients
have been normalised, they are averaged to,
latter, undo the transformation to obtain the
aggregated correlation coefficient that sum-
marises the information contained in the
combined correlation coefficients. Formally,
the procedure described above is as follows:

Step 1: Let r,..,r, be all the correlation
coefficients we want to combine. To combine
all the correlation coefficients into a common
metric (R)° we need first the Fisher trans-

5 Proxy to population Correlation



formation of each r_i, which is defined by:

(1+rl)
Z.
' (1—7‘1)
Each z is approximately norma-
lly distributed with variance 1/T. whe-

re T is the sample size used to calculate r.

Step 2: Using these transformations,
the summary coefficient (Z) of the correla-
tions may be calculated as the sample mean

Z—ZZ‘
LN

This expression is then approxima-
tely normally distributed with variance
1
N
i=1 Ti

Step 3: Once we have calculated Z, we
can undo the transformation to summari-
ze the dominant correlation coefficient.

T e?2Z 41

With the above statistics we can com-
pute a measure for the whole sample of indi-
vidual, but we can also calculate it for a sub-
group, which can be used as a robustness
check and makes easier to find group patterns.

For the next step in our proposal, we carry
on the standard causality test, Wald test, which,
as commented, consists in testing the signifi-
cance of the matrix of linear parameters 4, .
In the case of Granger non-causality, the null
hypothesis for the i-th individual is defined as:

Hy: ®;, = Oforall;

Following, among others, Hurlin (2001)
and Emirmahmutoglu and Kose (2011) and
with the aim of getting the common measure for
the whole panel (jointly with any meaningful
subset of units), we carry out Fisher’s transfor-
mation. Fisher (1932) proposes the following
transformation of the individual p-values (p,).

A= —ZZlnpi

where p, is the p-value corresponding to
the i-th individual cross-section. This test has a
chi-square distribution with ZN degrees of free-
dom.servestodeterminetheexistence ofacom-

mon causality pattern for the included units.

Once the test is computed for all the
units, the process of depuration and obten-
tion of the causal graph is carried out. In this
context, we propose to use the PC algorithm
in its stable version (Colombo and Maathuis,
2014)® to carry out the causality analysis.
This is an iterative algorithm based on qua-
litative information about whether a parti-
cular local conditional independence cons-
traint holds as all available information is
sequentially included. The algorithm’s steps
are the following (Demiralp and Hoover, 2003):

1. Start with a graph G in
which each variable is connected
by an edge to every other varia-
ble (a complete undirected graph).

2. Set n = 0. Test for nth-order
conditional causality between every
pair of variables conditioning on every
subset of variables size n. (For n = 0,
the conditioning set is the null set, so
that conditional relation is equivalent
to unconditional relation.) If a pair of
variables is conditionally unrelated,
we eliminate the edge between them.

3. Set n = n + 1 and repeat suc-
cessively step 2 until all possible
conditionings set have been ex-
hausted. Call the resulting graph F.

4. Consider each pair of variables
(Xand Y) in F that are unconnected by
a direct edge but are connected throu-
gh an undirected path through a third
variable (Z). Orient X—Z—Y as X ->Z
<- Y if, and only if, X and Y are depen-
dent when conditioned on every sub-
set of variables, excluding X and Y, that
includes Z. Call the resulting graph F.

5. Repeat until no more edges
in F’ can be oriented: if X -> Z and Z
-Y and X and Y are not directly con-
nected, then orient Z - Y as Z->Y

6 The main difference between the original
version and the sable one is that the stable version of
the algorithm maintains the adjacent sets of nodes
unchanged at each particular level. Thus, the output is
independent with the order of the variables.



To keep things simple, at the final stage
of the process, whenever it does exist a ro-
bust causal relationship between a pair of
variables, there is an edge between them.
This edge does not only show the existence
of the relationship but also the sense of the
link (the variable leading) and the intensity
of the relationship (measured in our case as
the dominant crossed correlation function).

Note that the above procedure is also
valid for any kind of relationship, although
in this paper we have focused on causality.

3 An empirical illustration.

In this section we illustrate the use
of our proposal. In this regard, we revisit
the analysis done in Blanchard and Perot-
ti (2002) and Perotti (2012), on the fiscal
policy growth relationship, as it includes
some interesting features which may help
to value the goodness of our methodology

First, there is not a consensus about the
direction of this relationship. On the one hand,
fiscal policy has an impact on the economic
growth, as it directly affects some of its com-
ponents. On the other hand, the performance
of an economy may force policymakers to re-
act and adopt fiscal measures in order to bring
the economy back to a growth path. In this
sense, we do not use an identification strategy
which impose the relationship between varia-
bles but rather adopt a data driven approach.

Second, there is avariety of channels which
may alter and influence the fiscal policy-grow-
th nexus. It is commonly believed that changes
in taxations are more likely to lead to a reduc-
tion in economic growth while an increase in
spending can have ambiguous effects. However,
the evidence finds that this is not always true.

Third, considering a representative sam-
ple of countries may contribute to extract a
common pattern shaping this relationship.

However, the reader must take into ac-
count that an exhaustive discussion of the re-
sults goes beyond the central aims of the paper.

For the sake of concreteness, we consi-
der four indicators: (i) GDP, Real GDP; (ii)
REV, General Government Revenues; (iii)
EXP, General Government Next Expenditures

and (iv) INF, inflation, over the period 1997-
2020 for a selection of advanced economies
(mostly belonging to European Union). In
concrete, 26 EU member states are included,
as well as Iceland, Norway and the United
Kingdom. All data are obtained from Eurostat.

In addition, we classify the different eco-
nomies based on relatively common charac-
teristics of their public systems into the fo-
llowing groups: liberal model (LM- United
Kingdom, Ireland and Iceland); conservati-
ve-corporatist model (CCM - Austria, Belgium,
Germany, France, Switzerland, Luxembourg
and Netherlands) social democratic model
(SDM- Finland, Sweden, Norway and Den-
mark); Mediterranean model (MM- Spain,
Italy, Greece, Portugal, Malta and Cyprus);
post-communist European model (PCEM - Bul-
garia, Czech Republic, Hungary, Poland, Slova-
kia and Slovenia); former USSR model (FUM
- Estonia, Latvia and Lithuania ) and finally,
weak welfare state model (WWM-Romania).

Table 1 provides a detailed overview of
the co-movement (CCF) between the diffe-
rent pairs of variables for the aggregate of the
whole panel, the different groups and each of
the countries included in our sample for the
period 1997-2020. According to the literatu-
re, the two variables are said to move in the
same direction if the maximum value in ab-
solute terms of the estimated correlation coe-
fficient is positive, that they co-move in oppo-
site directions if it is negative, and that they
do not co-move if it is close to zero. Thus, we
take maximum values of the combined corre-
lations in the ranges 0.20-0.39 and 0.40-0.49
as evidence of weak and moderate correlation
respectively. We refer to strong correlation if
in absolute terms it is larger or equal to 0.50
and to no correlation if it is lower than 0.19.



Table 1: CCF - All Links - LEVEL 1

ENDO VARS (GDP-REV): GDP—REV

ENDO VARS (GDP-EXP): GDP—EXP
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Source: Own elaboration using Causality Map Toolbox
Notes: (1) Results obtained from Granger’s Causality test at 10 % of significance level,

for the period 1997-2020.

(2) EXP= Government Expenditures, REV=Government Revenues, GDP= Gross

Domestic Product, INF=Inflation.




other hand, GDP and INF, EXP and INF and REV
and INF tend to move on opposite directions,
with a not strong enough coefficient (no co-
rrelation) for the later and moderate for the
formers. This first approximation serves as a
clue to explore possible causal relationships.

We can see that for the whole panel (All),
different pairs of variables tend to move in
the same direction such as GDP and REV, GDP
and EXP and REV and EXP. Of those three, we
found a strong correlation for the former and
moderate for the two remaining pairs. On the

Table 2: P-value Significance - Level 1
Model: GDP and Revenues
GDP and Revenues Revenues and GDP
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Table 2 (cont): P-value Significance - Level 1

Model: Revenues and Expenditures

Revenues and Expenditures

Expenditures and Revenues
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Source: Own elaboration using Causality Map Toolbox

Notes: (1) Results obtained from Granger’s Causality test at 10 % of significance level,

for the period 1997-2020.

(2) EXP= Government Expenditures, REV=Government Revenues, GDP= Gross

Domestic Product, INF=Inflation.
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Table 3: P-value Significance - Level 2 - Survival Links

Expenditures and GDP controlling | Expenditures and GDP controlling
by Revenues by Inflation
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Table 3 (cont): P-value Significance - Level 2 - Survival Links

Revenues and Inflation controlling
by GDP

Revenues and Inflation controlling
by Expenditures
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Source: Own elaboration using Causality Map Toolbox
Notes: (1) Results obtained from Granger’s Causality test at 10 % of significance level,

for the period 1997-2020.

(2) EXP= Government Expenditures, REV=Government Revenues, GDP= Gross

Domestic Product, INF=Inflation.

Table 4: P-value singnificance - Level 3 - Survival Links

Expenditures to GDP controlling
by Revenues and Inflation

GDP to Inflation controlling Revenues and Inflation controlling
by Revenues and Expenditures by GDP and Expenditures

Source: Own elaboration using Causality Map Toolbox
Notes: (1) Results obtained from Granger’s Causality test at 10% of significance level, for the period 1997-2020.
(2) EXP= Government Expenditures, REV=Government Revenues, GDP= Gross Domestic Product, INF=Inflation.
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The second part of our empirical strategy
is to complement the preliminary analysis of
the co-movement between variables by asses-
sing the significance of various causality tests.
In this sense, we have presented in tables 4, 5
and 6 the p-values obtained for the Granger
Causality tests, for level 1, level 2 and level 3
respectively. It also includes the individual
p-values of each cross-sectional unit, which
can help to know the precise situation for each
country of our sample in the case for a selec-
tion of links, jointly with the p-value used as
a reference to indicate that a significant effect
is reached. Table 2 shows that, at a first level,
only four pairs of relationships result signifi-
cant for the whole panel, the unconditional
causal relationship between INF and GDP,
which is significant in both directions; and the
unconditional causal link of EXP to GDP and
REV to INF’. Table 3, which represent level 2,
shows that the link between INF and GDP is
only present in the bivariate model and does

not remain significant when controlling for
EXP, which leads to eliminate the possibility of
a true causal relationship. However, the rest of
the relationships found at level 1 does remain
significant. Finally, Table 4 shows the p-values
for level 3, which implies repeating the causa-
lity test for each significant pair of variables
found at level 2, but now controlling for the
rest of the variables included in the model.
We can observe that the all links found at the
previous levels survive to the last stage of the
algorithm. However, we must remind that al-
though the relationship between REV and INF
is significant, the coefficient obtained for the
CFFindicates that the magnitude of the effect s
small so that it could be considered a weak link
in terms of intensity. To sum up, for the whole
panel, we can observe that EXP is leading the
causal path, having a positive effect over GDP.
At the same time, GDP presents a negative
causal effect over INF, which closes the path.

Table 5: Causality maps
Unit L1 L2 L3
adp gdp gdp
Iev PN ey PN Iev PN
ALL exp exp exp
glp gdp adp
revd INF revd INF revd INF
LM exp exp exp
gy ol o
Y, A} ‘
L N L i L i
SDM exp exp ex
b gip gp
Iev e ey e ey e
oM exp exp exp
7 We can see how the value obtained for the group (ALL) is below the reference p-value confirming the pre-

sence of causality for the whole group of countries. However, this conclusion should not be extrapolated to every
country as some of the individual p-values do not allow to reject the null hypothesis.
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Table 5 (cont): Causality maps
Unit L1 L2 L3
g L) )
Tev INF Tev INF ey INF
MM exp exp exp
g e b
eV NF e NF eV’ INF
FUM exp exp exp
) ol )
ey \INF eV \INF eV \IN]:
PCEM exp exp exp
g g )
Tev NF Tev INF ey INF
’
WWM exp exp exp
Notes: (1) Results obtained from Granger’s Causality test at 10% of significance level, for the
periodo 1997-2020. Solid (Dashed) line indicates that the crossed-correlation between each pair
of nodes is positive (negative). Finally, the wider is the line, the higher is this value.
(2) EXP= Government Expenditures, REV=Government Revenues, GDP= Gross Domestic
Product, INF=Inflation.

Finally, table 5 shows the causal graphs
generated by combining the information ob-
tained from our causality analysis for diffe-
rent groups of economies, which graphically
represent the final causal path between the
different variables. We can observe that the
negative effect of GDP over INF is present
in most of the groups, which could be indi-
cating that this causal relationship is found
in most of the countries. However, it also re-
flects the benefits of our methodology, as
it captures the different situations of each
group. For example, in Liberal Market eco-
nomies, we can observe a link between INF
to REV that is particular of these economies.

So, although for the whole sample we
observe that EXP leads the causal chain with
a positive effect on GDP, which, at the same
time, has a negative effect on INF, we can

14

observe that, in this exercise, different pa-
tterns between variables are present, de-
pending on which countries we study. Even
though the variety of results obtained could
be the subject of further discussion, this
goes beyond the central aim of the paper

4 Concluding remarks.

In the last decades, granger causality has
become a transversal concept mostly inclu-
ded in the default toolkit of applied analysts.
Particularly, for those interested in time se-
ries analysis. The number of alternatives to
implement it has grown significantly over the
years, but the same basic, flexible idea still
operates. As Granger (2003) highlighted, this
concept relied on the idea that the cause (a
variable X) contains -early- information about
the effect (variable Y) that is unique and is in



no other variable. These two elements (deter-
mination of flow and identification of genui-
ne causes) are included in our proposal in a
very intuitive way. On the one hand, conside-
ring a multivariate framework allows to con-
trol for the main endogenous variables of the
model. Particularly, in the context of a Vector
Autoregressive (VAR) model. On the other
hand, using the PC iterative algorithm allows
to clarify any ambiguity in the causality flow
and, at the same time, reject any spurious re-
lationship potentially emerged in reduced ver-
sions of the full model (as the bivariate ones).

Moreover, we also have contributed to the
grounds of applied econometrics by combining
graphic-theoretic methods proposed by Spir-
tes (2000), Demiralp & Hoover (2003) and Ei-
cher (2007, 2012), among others to panel data
models which helps to identify common patter-
ns of causality for a representative set of cros-
sed-section units, something very meaningful
for specific scenarios like countries, as it allows
to interpret the results in a more general way.

Finally, our illustration on the fiscal poli-
cy-growthnexusalsohelptoobtainadded value
compared to previous approaches which only
focussed on the impact of the fiscal policy indi-
cators on growth, leaving out all possible flows
of causality which may be affecting the results.

To conclude, we think that this approach
may be applied to very different issues and da-
tasets. On the top of that, several studies publi-
shed using reduced models (bilateral/trilate-
ral) may be revisited with our proposal, to check
and extend their findings. Thus, the potentiali-
ties for future research aver very promising.
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