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Abstract 
 
Tax competition has long been studied using panel models. According to this approach, each 
country’s tax rate is assumed to depend on a weighted average of the tax rates applied in the rest 
of the world, where weights are exogenous. As a consequence, the estimated reaction functions 
of countries throughout the world have the same sign. This means that all tax rates are either 
strategic complements or strategic substitutes. Moreover, the intensity of a country’s reaction 
depends on certain exogenous weights, with a unique proportional factor common across all 
countries. Our article departs from this standard approach and proposes a VAR model as an 
alternative estimation strategy. Accordingly, weights are no longer determined exogenously but 
rather endogenously. As such, we compare and explore the implications of the panel versus the 
VAR model in terms of structural contemporaneous parameters and impulse response functions. 
We show that results obtained with a VAR model differ from those obtained from a panel 
approach. In particular, we find that strategic complementarity between certain countries (with a 
positive slope of reaction functions) may co-exist with strategic substitutability between other 
countries (negative slope). Given these results, we can say that a standard panel approach is 
relatively restrictive and therefore can lead to unreliable estimates, and fail to provide helpful 
policy recommendations. 
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1 Introduction

There has been a wave of market openness since the mid and late 1980s. This phenomenon has both

stimulated the mobility of capital and fostered multinational activity. According to many scholars, this

market openness has led to international tax competition. Subsequently, a growing amount of literature

has looked at tax competition from both a theoretical and empirical point of view.

In empirical work, tax competition is typically analysed by means of a panel model approach. Thus,

certain coe�cients are assumed to be common across equations. This condition is useful to exploit both

the cross-sectional and the time-series dimension of the data. With this approach, the dependent variable

in each equation is the tax rate of one jurisdiction (which is its strategic tool), while the other countries'

tax rates are independent variables, used to estimate the e�ects of competition. Moreover, panel models

implicitly assume that strategic interactions between countries are of the same nature. As will be seen,

this assumption has a relevant drawback in that it disregards the possibility that tax competition operates

asymmetrically.

In order to study tax competition, it is necessary to identify an exogenous variation of the �scal variable.

This is di�cult because under tax competition, countries probably adjust their tax rates simultaneously.

This endogeneity problem can be tackled by using instrumental variable estimates. Moreover, it is usually

assumed that each country reacts to a weighted average of other countries' tax rates. This approach

therefore lies on two fairly strong assumptions: �rstly, the instruments adopted are appropriate, and

secondly, weights are perfectly known and exogenous.

Gibbons and Overman (2012) discussed the issue of identi�cation and demonstrate that spatial models

(including the ones dealing with tax competition) are not identi�ed because di�erent structural models,

i.e., models coming from di�erent theories, turn out to have the same reduced-form representation. They

argue that the solutions applied in the literature do not appear to be appropriate, as these instruments

are weak and the weighting matrix does not represent real-world linkages. Therefore, it is not possible to

identify exogenous variations in endogenous covariates.

Starting from this observation, we have approached this problem by applying vector autoregressive

models (henceforth VAR), a tool typical of macroeconomic analysis, to a tax competition context. This

class of models, developed in the 1980s, originated from the seminal work of Sims (1980), and has been

widely used for both forecasting and policy analysis. Reduced-form VARs are simply a statistical rep-

resentation of the endogenous variables, whose dynamics is assumed to be described by their own lags

and lags of endogenous variables in the system. In order to study tax policy, therefore it is necessary to

move to a structural representation of the VAR model by retrieving contemporaneous relations. For this

purpose, we have adopted a recursive identi�cation scheme, which is based on zero restrictions on some

contemporaneous correlations. Given this speci�cation, when we compute the impulse response functions

to an exogenous shock in one country, we allow the competing countries to react simultaneously. To do

so, we control the ordering of the equations in the VAR system. It is worth noting that this structure

does not impose simultaneous reactions, although this simply allows for this possibility. In other terms, if

reactions are simultaneous, we can say that countries play Nash. If however, countries react only with a

certain delay, we can conclude that they play Stackelberg.
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VAR models may su�er from an over�tting problem whenever there are many parameters1 and time

series are relatively short so that degrees of freedom are not enough to get precise estimates. For this reason,

Bayesian techniques have recently been applied to solve the over�tting problem through the development

of large Bayesian VARs (Banbura et al., 2010). This approach looks promising for our context, as tax rate

data have an annual frequency and hence the number of time series observations is rather small. Here,

we will apply both VAR and Bayesian VAR (henceforth BVAR) models to estimate tax competition. Our

aim is to obtain a more reliable estimation of tax reaction functions and so have a better understanding

of tax competition.

In our empirical exercise, we have �rst applied the identi�cation approach described above to both

panel and VAR models. This allows us to understand the intrinsic implications into a panel setup and

also enables us to compare it with the more �exible framework represented by the VAR model. In more

details, we have started from a theoretical comparison of the two frameworks and moved on to evaluate the

results from panel, VAR and BVAR models. In order to keep the framework as simple as possible, we have

focused on four European countries, namely France, Germany, Italy and the UK. The dependent variable

is a measure of the average corporate tax rate, computed as a ratio between the corporate tax revenues

and GDP. The tax rate of each country has been regressed over a set of exogenous variables including FDI

in�ows, government consumption growth, unemployment rate and US stock prices. The rationale for these

regressors is discussed in the empirical section. Since we aim to compare outcomes from di�erent models,

we have adopted the same speci�cation for all models, i.e., each equation of the panel contains all exogenous

regressors of all countries, so as to mimic a VAR model. Finally, we have considered a more traditional

panel model where contemporaneous correlations are identi�ed instrumenting endogenous regressors. We

have then compared the estimated structural parameters with those coming from a panel identi�ed with

a Cholesky decomposition of the errors' variance covariance matrix.

We have found some interesting results. Firstly, from an economic point of view, the slope of reaction

functions is positive for certain countries and negative for others. This result shows that tax competition

between countries is heterogeneous. Secondly, results are consistent between two countries: in other words,

if the tax rate of country A is a strategic complement for the tax rate of country B, the converse is also

true. Thirdly, the results obtained with a panel model are di�erent from those from a VAR approach.

This implies that the (standard) restrictions imposed by panel models may not be supported by data and

can lead to biased results. Fourthly, all signi�cant responses are simultaneous to the shock: this supports

the hypothesis that countries play Nash. However, these results are tentative and may be �awed due to

the fact that we have used a small sample of countries. Therefore, we have not paid too much importance

to their speci�c economic interpretation but rather we are interested in exploring how they are a�ected

by di�erent modeling approaches.

From a methodological point of view, our results can be summarized as follows: (i) the role of con-

straints over autoregressive parameters and lagged tax rates in our exercise is limited, even if they may

play a more relevant role in richer models where the country-speci�c dynamics is more heterogeneous; (ii)

the identi�cation strategy signi�cantly shapes the structural parameters and the Cholesky decomposition

is what allows us to �nd heterogeneous responses; (iii) exogenous regressors are relevant to correctly iden-

1The number of parameters increases with the number of endogenous variables and the lag order of the system.

3



tify structural relations and so are the assumptions over their coe�cients; (iv) results are also a�ected by

the inclusion of FDI in�ows as endogenous variables.

Overall, our exercise has showed how results can be in�uenced by the various frameworks, unveiling the

potential drawback of not correctly modeling countries' heterogeneity. From this point of view, not only

are constraints on the contemporaneous relations relevant, but also the assumptions over all remaining

coe�cients may unduly a�ect results, even if panel models allow for country-speci�c intercepts. Further-

more, we have also showed how VAR can be applied to study tax competition and we have proposed to

apply an identi�cation strategy consistent with the theory of tax competition.

Given the crucial role of the identi�cation strategy aimed at modeling responses to exogenous shocks,

in the last part of the paper we have evaluated the performance of panel and VAR models identi�ed

with the Cholesky decomposition of the errors' variance-covariance matrix when the true data generating

process is a VAR model. We have used a Monte Carlo exercise where two datasets are simulated assuming

a VAR structure, which di�er for reduced-form coe�cients. In particular, these coe�cients are assumed

to be either the same or di�erent across equations. We have then evaluated the ability of the panel and

VAR model to estimate parameters and responses to exogenous shocks. We have found that the VAR

always outperforms the panel model in estimating structural contemporaneous relationships. It also leads

to estimates of impulse response functions that are at least as good as those from the panel model in

the least favorable scenario. However, these di�erences are less pronounced the smaller the number of

observations becomes. Furthermore, the panel model tends to give less biased estimates of the reduced-

form coe�cients when the time span is limited, because it exploits the cross-sectional dimension of the

dataset and it estimats fewer parameters. As a consequence, although the structural contemporaneous

coe�cients are less biased when estimated with a VAR, impulse response functions from a panel model

may still be reliable if datasets have few observations or if the researcher has a strong belief that the

structure of the economy is similar across the sample countries.

The paper is organized as follows. Section 2 reviews the theoretical and empirical literature dealing

with tax competition. Section 3 explores and compares the theoretical structure of panel and VAR models.

Section 4 takes our model to the data and presents the results. Section 5 presents the Monte Carlo exercise

and section 6 concludes.

2 Literature Review

2.1 Theoretical Literature

There is a large amount of theoretical literature that studies tax competition, since the pioneering articles

by Zodrow and Mieszkowski (1986) and Wilson (1986). Accordingly, tax rates are strategic tools, which

means that if one country sets its own tax rate, other countries are expected to react in order to attract

capital and/or pro�t.2

2Since the beginning of 1990s the literature has focused on asymmetric tax competition. In particular, Bucovetsky (1991)
showed that small countries have lower equilibrium tax rates than larger ones. The reason for this is that the bene�t from
capital is greater in large countries than in smaller ones. Wilson (1991) examined this topic in a more general setting
and Kanbur and Keen (1993) studied a model with commodity taxation and transportation costs. Both articles supported
Bucovetsky's (1991) �ndings.
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It is worth noting that if tax rates are strategic tools, there may be either strategic complementarity

or strategic substitutability. However, according to most research, tax rates are considered strategic

complements. This means that an increase in a country's tax rate leads to an increase in competing

countries' tax rates and vice-versa. That is, if tax rates are strategic complements (substitutes), the

reaction functions have a positive (negative) slope.

The theoretical literature on tax competition has proposed several possible explanations for strategic

substitutability. For instance, Mintz and Tulkens (1986) pointed out that tax rates may be strategic

substitutes if private consumption and public goods are complements. To understand this reasoning, let

us assume that country j increases its tax rate τj . As a consequence, its competing country i is likely

to enjoy an in�ow of capital and thus a tax base broadening. If private consumption and public goods

are complements, country i may �nd it optimal to cut its tax rate τi in order to further stimulate private

consumption together with public goods provision. To sum up, a cut in τj may lead to an increase in τi

and vice-versa.3

Furthermore, tax rates can also be set either simultaneously or sequentially. In the former case, a

non-cooperative Nash equilibrium holds. Accordingly, Wildasin (1991) showed that the slope of reaction

functions may depend on whether countries use tax rates or public spending as a strategic tool. In par-

ticular, if tax rates (public expenditures) are strategic tools, reaction functions have a positive (negative)

slope. Moreover, if one country uses the tax rate and the other country uses public expenditure as the

relevant strategic tool, the reaction function of the former has a positive slope, while the converse is true

for the latter one.

More recently, Vrijburg and de Mooij (2016) have proven that the slope of reaction functions may also

depend on a country's objective function. If the competing countries maximize tax revenues, the reaction

functions slope is always positive. If however, countries maximize welfare, a negative slope (re�ecting the

fact that tax rates are strategic substitutes) can be obtained with realistic parameter values.

Certain work have used a Stackelberg model, in which countries set their tax rates sequentially. In

this case, a �rst mover (for instance, a dominant country such as the USA) sets its own tax rate and then

the second player moves. Using this approach, Gordon (1992) showed that a leader country's optimal

tax rate may be positive (whereas it would be nil in a non-cooperative Nash game). Altshuler and

Goodspeed (2002) showed that in a Stackelberg model, the slope of countries' reaction functions may be

ambiguous. In particular, it may depend on whether a country prefers to maintain public spending or

private consumption.

2.2 Empirical Literature

The empirical literature has moved away from these theoretical models, as taking theoretical relationships

to the data is not straightforward. Following Leibrecht and Hochgatterer (2012) we can classify empirical

3A similar result can be obtained if countries use public spending (instead of taxes) as their relevant strategic tool (see
e.g., Wildasin, 1988). To clarify this point, assume that country j reduces public spending and hence cuts τj . Due to this
change, country i will face a capital out�ow and, hence, a decrease in its tax base. If country i is willing to keep the provision
of public goods unchanged, it must increase its own tax rate. Again, a cut in τj may lead to an increase in τi . See Wilson
(1999), Wilson and Wildasin (2004), Fuest et al. (2005) and Keen and Konrad (2013) for a review of the tax competition
literature.
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works into two di�erent categories. The �rst category consists of papers that aim to estimate strategic

interactions by controlling for market openness. The basic idea is that the more open the world economy,

the lower the equilibrium tax rates are.

The second category consists of research that uses a direct approach. In this case, tax reaction functions

are estimated by regressing each country's rate on a weighted average of other countries' tax rates as well

as on some control variables.4 The typical control variables are political and economic variables such as

voter preferences, political majority, GDP, government expenditure, the structure of population, the tax

rate on personal income, and measures of capital openness and trade. In these models, tax competition

is studied by considering the coe�cient on the average tax rate; if it is positive, tax rates are said to be

strategic complements, while if it is negative they are strategic substitutes. The technical details of this

approach will be explored in the next section. In terms of the results, most of this literature has found

that tax rates are strategic complements (see e.g., Devereux et al., 2008, Redoano, 2014, and Egger and

Ra�, 2015), even though under certain conditions they can be considered to be strategic substitutes (e.g.,

Chirinko and Wilson, 2018).

Continuing, in this strand of literature, most works have assumed that tax competition can be described

by a Nash game, which implies that tax rates are set simultaneously. The alternative is that tax rates are

set sequentially following a Stackelberg game. These two theoretical assumptions have di�erent empirical

implications: if competitors play a Nash game, then other countries' current tax rates should be included as

independent variables. On the other hand, under a Stackelberg game, the lagged values of other countries'

tax rates should be used. Altshuler and Goodspeed (2015) are among the few authors who considered a

Stackelberg game. They developed a three-country model where one country is the �rst mover and the

other two countries play Nash after observing the �rst player's move. Based on this framework, they also

tested the leadership role of the USA, the United Kingdom and Germany by including the lagged value of

their tax rate in the estimating equation. Their empirical evidence supports the idea that only the USA

has played as a leader. Another work supporting the idea that �scal interactions occur with a lag is Hory

(2017). In particular, the paper found that European countries mimick the previous year behaviour of

their neighbours and the most likely explanation for this is yardstick competition.

As indicated by Revelli (2005), a tax reaction function also depends on tax base mobility. For this

reason, it can be useful to investigate the relationship between the tax rate and the tax base. As such,

a complete analysis of tax competition cannot solely rely on the estimation of reaction functions, but it

should also consider capital mobility. Furthermore, most research has recognised the role of FDI �ows in

the tax competition process, though only few authors take this relationship explicitly into account.5 Two

papers modeling tax rates and tax bases are Egger and Ra� (2015) and Ghinamo et al. (2010). Egger

and Ra� (2015) studied strategic interactions both for tax rates and in tax bases. Using a sample of both

European and non-European countries (over the 1982-2005 period), they found that countries respond to

the other countries' statutory tax rate cuts by reducing their own tax rates (although they are expected

to raise depreciation allowances). Ghinamo et al. (2010) considered the simultaneous determination of

the corporate tax rate and the FDI in�ows and found that this model supports the hypothesis of strategic

4In some cases, the distinction between these two di�erent categories is less neat. For instance, Ghinamo et al. (2010)
use both market openness and other countries' tax rates to explain one country's tax rate setting.

5Typically, FDI �ows are at best used to build exogenous weights.
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complementarity.

Our approach lies in the latter (direct-approach) category. Namely, we have used other countries'

tax rates as strategic variables and allowed for both simultaneous and lagged reactions. This means that

countries are free to play either Nash or Stackelberg. To do so, we have identi�ed strategic interactions

through the Cholesky decomposition of the variance-covariance matrix of the residuals, given an appro-

priate ordering of the variables. If the reaction to a tax rate shock is immediate, we can say that results

support the Nash-game hypothesis. On the other hand, delayed reactions are consistent with a Stackelberg

strategy.

Finally, we have also taken into account the tax base determination: to do so, we have used a VAR

model where FDI in�ows are endogenised. Thus, the system will describe the evolution of both of these

variables.

3 Methodological investigation

In this section, we compare the typical panel model used for analysing tax competition with a vector

autoregression model. Our aim is to unveil the implications of these two econometric models in terms of

economic theory trying to map the restrictions imposed through the panel structure in the VAR model.

3.1 The Panel Model

As pointed out, tax competition is usually analysed through a panel model where the dependent variables

are the tax policy variable of the n countries in the sample. Here, we consider the most �exible speci�cation,

i.e., a dynamic panel. For the sake of simplicity, we consider only contemporaneous and lagged values of

the dependent variables. We also assume that our system is composed of n equations, one for each country,

where the dependent variables are the tax rates of the countries in the sample. Hence, the equation of

country i takes the following form:

τit = ατi,t−1 + β̄τ̄−i,t + ᾱτ̄−i,t−1 + g
′
Xit + φi + ft + uit (1)

Here, τi,t−1 is the lagged tax rate, τ̄−i,t and τ̄−i,t−1 are the contemporaneous and lagged average tax

rate of the other countries, Xit is a matrix of exogenous regressors, ft is a time �xed-e�ect and φi + uit is

the error term. More precisely, the tax competition variable τ̄−i,t is a weighted average of the tax policy

variable across countries other than i and it is formally computed as:

τ̄−i,t =
∑
j 6=i

wijτjt,

where wij are the pair-speci�c weights assigned to the countries in the sample. The assumption behind

this structure is that country i reacts to average changes in the tax rates of the other countries. However,

this assumption needs to cope with an estimation issue, as the contemporaneous tax rates are endogenous.

This problem is usually overcome by instrumenting every contemporaneous tax rate with a combination

of the corresponding country's exogenous characteristics. This approach has twofold implications. Firstly,
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the choice of instruments is an identifying assumption that allows to retrieve structural contemporaneous

coe�cients. Secondly, the combination of tax rates is built by using exogenous weights. In addition, the

existing literature imposes that the reaction to a change in the weighted average of contemporaneous tax

variables of other countries is the same for each country, that is parameter β̄ is constant across equations.

Taken together, these two assumptions shape the elements of the matrix of structural contemporaneous

coe�cients of the system, restricting the sum of elements on each row to be equal. More formally, in a

system of n dependent variables, the matrix of contemporaneous coe�cients is:

BPANEL =


1 β1,2 · · · β1,n

β2,1 1 · · · β2,n
...

...
. . .

...

βn,1 βn,2 · · · 1


Here, rows list coe�cients by equation, and columns by variable. The restrictions implied by the panel

models are as follows:

β1,2 + β1,3 + . . .+ β1,n = β̄

β2,1 + β2,3 + . . .+ β2,n = β̄

...

βn,1 + βn,2 + . . .+ βn,n−1 = β̄

Returning to model 1, some authors (such as Chirinko and Wilson, 2018) also include the lagged tax

competition variable, τ̄−i,t−1. This choice is justi�ed by the fact that imperfect capital mobility can delay

tax reactions. For this reason, it is important to allow for such a lagged response in the tax rate. Also in

this case, country i is assumed to react to a weighted average of other countries' lagged tax rates where

for simplicity, we assume that the weights are the same as the ones used for computing τ̄−i,t. A di�erent

although complementary source of time-dependency is the lagged dependent variable τi,t−1. Very few

authors6 have estimated dynamic panels but this variable is relevant to capture gradual changes in the

tax rate that are not due to the lagged tax competition variable.

The matrix Xit contains country-speci�c control variables, while the vector ft is a time �xed-e�ect that

can be used to capture the e�ects of common aggregate exogenous shocks. In most studies, this coe�cient

is common across countries (see e.g., Heinemann et al., 2010, and, Overesch and Rincke, 2011). Chirinko

and Wilson (2018) relaxed this assumption and used the term ζift to capture unobserved aggregate shocks,

whose impact can vary by country. They showed that the introduction of ft leads to �nd negative-sloped

reaction functions: the underlying reason is that such shocks create common incentives that lead states

to act synchronously.

Finally, the error of country i is assumed to consist of a time-invariant factor, φi, that can be considered

as a �xed or random e�ect, and a time-varying one, uit. Errors are assumed to be independent and

identically distributed with the same variance across equations. Error independence is useful to simplify

the estimation as, if the cross-covariances are zero, the OLS estimator is consistent. If however errors are

6See Chirinko and Wilson (2018), Heinemann et al. (2010).
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correlated with each other, the GLS estimator should be used. Furthermore, this simplifying assumption

is justi�ed by the time trend ft which is supposed to capture the covariance among equations.

The weights used to compute averages are determined exogenously. The relevant literature computes

them by using either geographical distances, GDPs, population, FDIs, or some trade measure, and are

normalized to sum to unity. Therefore, in certain cases, they are assumed to be constant over time; while

in other cases they are allowed to be time-varying. The assumption that the sensitivity to other countries'

tax rates can vary over time is reasonable, since economic relationships are not constant. Dimensional and

institutional factors can be proxied by economic variables such as GDP. On the other hand, other measures

such as FDIs or trade, aim to capture the intensity of relationships between two countries. Irrespective of

the choice of weights, the appropriateness of such exogenous measures is however questionable.

In order to better explore the role of exogenous weights, let us consider the simultaneous reaction of

country i to country k contemporaneous tax rate. Using model 1, it is equal to the following derivative:

∂τit
∂τk,t

= β̄wik

Notice that by construction, β̄ is the same for all countries. This implies that the ratio between the

reaction of country i to a tax change of country k and the reaction of country j to the same change is:

∂τit/∂τkt
∂τjt/∂τkt

=
β̄wik
β̄wjk

=
wik
wjk

This means that the relative intensity of reactions of the two countries i and j to changes in the tax

rate of a third country k is completely determined by exogenous weights.

Similarly, the relative strength in the reaction of country i to the tax rates of country j and country

k is:

∂τit/∂τkt
∂τit/∂τjt

=
β̄wik
β̄wij

=
wik
wij

Let us next focus on dynamic reactions. The dynamic reaction of country i to country k lagged tax

rate is equal to:
∂τit

∂τk,t−1
= αβ̄wik + δ̄wik =

(
αβ̄ + ᾱ

)
wik

Here α, δ̄ and β̄ are the same for all jurisdictions. As before, the relative strength in the reactions of

country i with respect of country j to a change in country k tax rate and of country i to changes in the

tax rates of country j and country k, is simply given by the ratio of exogenous weights, i.e.,

∂τit/∂τk,t−1

∂τjt/∂τk,t−1

=

(
αβ̄ + ᾱ

)
wik(

αβ̄ + ᾱ
)
wjk

=
wik
wjk

and,

∂τit/∂τk,t−1

∂τit/∂τj,t−1

=

(
αβ̄ + ᾱ

)
wik(

αβ̄ + ᾱ
)
wij

=
wik
wij
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To sum up, in this panel model, the relative strength in responses is constant over time and solely

determined by the relative weights. It is important to point out that not only are weights exogenous,

but the theory of tax competition is also silent on how to compute them. This setup implies that the

heterogeneity in response of country i to country j's tax rate is only governed by the exogenous weight.

Some articles assume that heterogeneity can stem from the coe�cient ᾱ by interacting the term with

dummy variables representing country-speci�c characteristics like capital openness or the membership to

the European Union (see e.g., Redoano, 2014, and Davies and Voget, 2011). However, this solution only

partially addresses the issue as these models assume that the tax competition coe�cients are homogeneous

within groups of countries.

To sum up, the most relevant assumptions implied by the panel structure are that: (i) countries

react to a weighted average of other countries' tax rate, (ii) the coe�cient capturing the reaction to the

average of tax competition variables is the same for each country, and (iii) weights are exogenously given.

Since these modeling constraints are not implied by tax competition theory, this does cast doubts on the

appropriateness of the panel model to empirically evaluate tax competition.

From this analysis it is possible to conclude that panel models do not seem to be methodologically

well suited to analyse tax competition for several reasons. However, the choice of a panel model in the

empirical analysis is justi�ed by data characteristics. As a matter of fact, data on tax competition are

rather scarce as time series are short and observations are at annual frequencies. This calls for the need

of shrinking the number of parameters to estimate and exploiting the cross-sectional dimension to gain

some degree of freedom. Standard panel data models, through the imposition of cross-country parameter

constraints, shrink the number of parameters and so allow the study of competition even with short time

series.

3.2 The VAR model

Let us now focus on a VAR speci�cation. We start with a reduced-form VAR with n dependent variables,

one for each country. In order to be consistent with the previous panel model, we consider 1 lag of the

dependent variables. Thus, each equation of the system has the following structure:

τit = ci + ai1τ1,t−1 + ai2τ2,t−1 + . . .+ ainτn,t−1 + d
′
iXt + εit (2)

Here, Xt is a (m× 1) matrix of exogenous variables, which are the same for each country so that we

can drop the subscript i. This speci�cation includes the case in which only a subset of exogenous variables

enters the equation of each country. In this case, the system would be a SUR rather than a VAR.

In matrix notation, we can rewrite model 2 as:

τt = c+A1τt−1 +DXt + εt (3)

Here, τt and τt−1 are (n× 1) vectors of endogenous variables, A1 and D are conformable matrices

of parameters and εt is the vector of reduced-form errors. We use the standard assumption of normally

distributed errors with zero mean and variance-covariance matrix Σ.

Note that Σ is left unrestricted: this means that every εit has a di�erent variance and is connected with
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other errors through the covariances. Reduced-form errors are simply statistical shocks, i.e., a convolution

of structural unobserved shocks and dependent variables' contemporaneous relationships. From an eco-

nomic point of view, it is interesting to study the reaction of dependent variables to fundamental economic

shocks, as they are uncorrelated with each other and represent non-systematic economic developments.

Furthermore, the identi�cation of structural shocks allows us to make the contemporaneous relation-

ships between the dependent variables explicit. Indeed, extracting a matrix BV AR from the reduced-form

coe�cients and residuals gives:7

τt = B−1ψ +B−1ατt−1 +B−1γXt +B−1εt

Bτt = ψ + ατt−1 + γXt + εt (4)

System 4 is a structural-form VAR model. Here, B is a (n× n) matrix with ones on the main diagonal

and general coe�cients βij elsewhere and εt is N (0,Ω), where Ω is a diagonal matrix so that the structural

errors are uncorrelated with each other, as is usual in the panel model. B is a non-singular matrix

containing the contemporaneous relationships between the dependent variables. Thus, each equation of

the structural VAR model has the following structure:

τit = ψi + αiiτi,t−1 +
∑
j 6=i

βijτjt +
∑
j 6=i

αijτj,t−1 + γ
′
iXit + εit (5)

In more details, it is possible to move from model 2 to model 5 by retrieving the matrix B from the

following relationship:

εt = B−1εt (6)

Accordingly, the variance of εt can be written as:

Σ = E
(
B−1εtε

′
tB
−1′
)

= B−1ΩB−1
′

(7)

Equation 7 de�nes a system of n(n+1)/2 equations with n2 unknown elements. However, since n2 >

n(n+1)/2 for n > 1, there is an identi�cation problem. More speci�cally, the estimation of the reduced-form

VAR allows us to obtain c, A, D and Σ for a total of 3
2n

2 + 3
2n + nm parameters. On the other hand,

in order to retrieve the structural form, we would need to �nd B, ψ, α, γ, and Ω, i.e., 2n2 + n + nm

parameters. Overall, there are 1
2n

2 − 1
2n unidenti�ed parameters in the structural VAR model. In order

to solve this problem, the literature has proposed several methodologies aimed at supplying the necessary

extra identifying restrictions.

Given the identi�cation of the structural VAR, we can now compare it with the panel model. The

VAR model in 5 to collapse to the panel one in 1 by imposing the following restrictions:

1. αii = α;

2.
∑

j 6=i βijτjt = β̄
∑

j 6=iwijτjt;

3.
∑

j 6=i αijτj,t−1 = ᾱ
∑

j 6=iwijτj,t−1;

7For simplicity, hereafter we will drop the subscript �VAR� unless it is strictly necessary.
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4. γi = g.

Equalities 1 and 4 imply that the αii and γi are constant through equations. These constraints are relaxed

in the VAR, given that both ratios are equation-speci�c. This means that each country is characterized by

a di�erent degree of partial adjustment in tax rates and by di�erent sensitivity to variations in exogenous

variables.

The second and third equalities regard the terms that capture the systematic reaction of tax rates

to contemporaneous and lagged tax rates of other countries. In the VAR system, these terms depends

on, respectively, structural coe�cients βij and autoregressive coe�cients αii. On the other hand, the

panel model implies that the heterogeneity in the systematic responses is solely determined by exogenous

weights w, as the coe�cients β̄ and ᾱ are constant throughout all equations. This feature can be better

analysed by considering the relative responses to systematic changes in other countries' tax rates. In the

VAR model, the marginal reaction of τit to a change in τjt is:

∂τit
∂τk,t

= βik

Therefore, the relative strength in the reaction of country i with respect of country j, to country k tax

rate is:

∂τit/∂τkt
∂τjt/∂τkt

=
βik
βjk

Similarly, the relative strength in the reaction of country i to the tax rates of countries j and k is:

∂τit/∂τkt
∂τit/∂τjt

=
βik
βij

The dynamic reaction of country i to country k lagged tax rate is:

∂τit
∂τk,t−1

= αiiβik + αik

The relative strength in the reactions of country i with respect of country j, to country k tax rate and

of country i to the tax rates of country j and country k is:

∂τit/∂τk,t−1

∂τjt/∂τk,t−1

=
αiiβik + αik
αjjβjk + αjk

∂τit/∂τk,t−1

∂τit/∂τj,t−1

=
αiiβik + αik
αiiβij + αij

These derivatives show that in the VAR framework, the systematic relations between tax rates changes

depend on internally estimated autoregressive coe�cients α and structural coe�cients β, whereas the panel

model implies that these relations depends on exogenous weights w.

Given these results, let us now compare the matrices BV AR and BPANEL containing the structural
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coe�cients βij and β̄ . Overall, the VAR model is a more �exible framework as all reduced form coe�cients

are estimated and the structural form can be retrieved given supplementary identifying assumptions. In

this sense, it is not necessary to use external weights or assume that some coe�cients are the same across

countries. Moreover, the VAR allows us potentially to extend the set of endogenous variables to any

variable for which one can expect a feedback to and from tax rates. This is a crucial aspect so we can

correctly identify causality relationships.

3.3 The Moving Average Representation

So far, we have compared the panel and the VAR models on the basis of structural coe�cients. Since in

a VAR framework the e�ects of economic shocks can be studied through impulse response functions, we

will compare these setups by means of structural moving average representation, which describes how an

endogenous variable reacts to exogenous shocks.

In order to analyse the moving average representation of the VAR system, it is useful to consider the

reduced-form VAR in equation 3 and rewrite it using the lag operator:

A (L) τt = c+DXt + εt, (8)

where A (L) = (In −A1L). It is then possible to derive the Wold representation by multiplying both

sides of equation 8 by A (L)−1, to obtain:

τt = µ+ Ξ (L) εt, (9)

where:

µ = Ξ (L) c+ Ξ (L)DXt

Ξ (L) = (In −A1L)−1 =

∞∑
k=0

ΞkL
k

Ξ0 = In

Ξk = Ak1

The structural moving average representation is obtained substituting εt = B−1εt into equation 9:

τt = µ+ Ξ (L)B−1εt = µ+ Θ (L) εt (10)

where:

Θ (L) =
∞∑
k=0

ΘkL
k = Ξ (L)B−1

= B−1 + Ξ1B
−1L+ . . .

Θ0 = B−1
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Θk = ΞkB
−1 = Ak1B

−1, k = 0, 1, . . .

Here, Θ0 captures the initial impacts of structural shocks and determines the contemporaneous cor-

relations between endogenous variables, which in our framework means that Θ0 describes simultaneous

reactions to changes in other countries' tax rates. The elements of the matrix Θk are the impulse re-

sponses (or dynamic multipliers) of endogenous variables to structural errors εt. Computationally, they

are a convolution of the structural parameters in B and the estimated reduced-form coe�cients in A. In

more details, each equation of system 10 has the following structure:

τit = µi + θ0i1ε1t + . . .+ θ0inεnt + θ1i1ε1,t−1 + . . . θ1inεn,t−1 + . . .+ θ1i1ε1,t−2 + . . . (11)

The impulse response functions are the plots of θtij against t and they describe how a shock in t a�ects

the level of τi at time t+ s.

Following the same procedure, we can now analyse the moving average representation of the panel

model in equation 1, which we show here for clarity:

τit = ατi,t−1 + β̄
∑
j 6=i

wijτjt + ᾱ
∑
j 6=i

wijτj,t−1 + g
′
Xit + φi + ft + uit (12)

This can be easily rewritten in form of equation 4 as follows:

Wβτt = φ+Wατt−1 +Xtg + ut (13)

Here, τt and τt−1 are (n× 1) vectors of tax rates, ut is a (n× 1) vector of errors, φ is a (n× 1) vector

of individual and time e�ects, Xt is a (n×m) matrix of exogenous regressors, g is a (m× 1) vector of

coe�cients, and Wα and Wβ are (n× n) matrices with autoregressive and contemporaneous coe�cients

that have the following structure:

Wα =


α ᾱw12 · · · ᾱw1n

ᾱw21 α · · · ᾱw2n

...
...

. . .
...

ᾱwn1 ᾱwn2 · · · α

 , Wβ =


1 −β̄w12 · · · −β̄w1n

−β̄w21 1 · · · −β̄w2n

...
...

. . .
...

−β̄wn1 −β̄wn2 · · · 1


This can be reconciled with the reduced-form VAR equation as follows:

τt = W−1β φ+W−1β Wατt−1 +W−1β Xtg +W−1β ut

τt = z +Wτt−1 +W−1β Xtg + vt

where: z = W−1β φ,W = W−1β Wα, and vt = W−1β ut. Using the lag operator we can re-write this system

as follows:

W (L) τt = z +W−1β Xtg + vt

W (L) = (In −WL)
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From this equation it is possible to derive the structural moving average representation which would

have the same form as equation 11. The only di�erence between the moving average representation of the

panel model with respect to the one of the VAR model is in the W matrix, as in the case of the panel it

depends on exogenous weights wij . Therefore, the exogenous weights not only determine the systematic

response of tax rates to other countries' rates, but also the impulse response functions of the system.

It is now reasonable to ask how di�erent impulse response functions of a VAR model are with respect

to those from a panel model.

3.4 Panel VAR models

A hybrid framework between panel and VAR models is represented by panel VAR models. Canova and

Ciccarelli (2013) provided an overview of panel VAR models, as well as their use, the estimation algorithms

and possible identi�cation strategies.

A panel VAR model describes the evolution of each endogenous variable with their own lags and lags

of other endogenous variables in the system, in line with VAR models. However, it also exploits the

cross-sectional dimension of data (by grouping variables into units). Therefore, panel VARs have three

distinguishing features. Firstly, they allow for dynamic inter-dependencies because lags of all endogenous

variables enter the equations of each unit. Secondly, they can capture static inter-dependencies by allowing

the errors to be correlated across units. Thirdly, they can feature cross-sectional heterogeneity if the

intercept, the coe�cients and the variance of shocks are assumed to be unit-speci�c.

As such, panel VAR models appear to be well-suited to study the transmission of idiosyncratic shocks

across di�erent units. However, the �exibility of these models has a cost in terms of the very high number

of parameters to estimate. Therefore, restricted models are often estimated in practical application.

Restrictions may be imposed setting the dynamic and static inter-dependencies to zero or assuming cross-

sectional homogeneity in certain parameters. Hence, starting from an unrestricted panel VAR model, it

is possible to formulate a large number of restricted models.

Subsequently, a panel VAR can be seen as a restricted version of a large-scale VAR model. For the

purpose of this work, the formal analysis of panel VARs would not add much to the comparison between

simple panel and VAR models.

4 Empirical investigation

Let us now move our attention towards an empirical comparison of the models described above. In

particular, we will compare the outcome from di�erent econometric models, namely a panel, a VAR, and

a Bayesian VAR model. We will then start with a panel model where all coe�cients are constant through

equations. We will then partially relax this assumption and introduce a country-speci�c autoregressive

term. Finally, we will move to VAR and BVAR models, where no restrictions are imposed on reduced-

form coe�cients. This exercise will allow us to understand whether the adoption of alternative modeling

strategies leads to di�erent conclusions about the importance and nature of tax competition.

As pointed out, empirical studies have analysed tax competition including a weighted average of

contemporaneous tax rates of other countries. Since these tax rates are endogenous, they are usually
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instrumented with the subject country's exogenous characteristics. Here, we follow a di�erent approach

in that contemporaneous relations are not directly modeled but rather derived from the structural iden-

ti�cation of reduced-form models. In other words, our models only consider lagged dependent variables,

and susequently exploit contemporaneous residuals' correlations to compute the e�ects of a change in tax

rates. Given our interest in reactions to unexpected tax changes, the �rst part of our analysis compares

impulse response functions stemming from di�erent frameworks.

More speci�cally, in all subsequent models, identi�cation is achieved through a Cholesky decomposition

of the variance-covariance matrix of residuals as described by equations 6 and 7, i.e., we impose certain

short-run zero restrictions. This procedure models contemporaneous relations through a lower-triangular

matrix, which implies that the order of variables is crucial to determine the simultaneous e�ects of a shock.

In other terms, variables placed below the variable we shock are assumed to react simultaneously, while

variables ordered �rst are allowed to react with a lag.8 In our context, we let countries react simultaneously

to changes in a country's tax rate so that the country that moves its tax rate is placed �rst in the system.

This assumption is justi�ed by the periodicity of our data, which is annual, so that it is plausible that even

after an unexpected shock, countries have enough time to move their tax rate within the same period.

However we do not impose that the contemporaneous responses are statistically signi�cant but rather we

simply allow for this possibility. Indeed, it may well be that signi�cant responses occur with a lag rather

than simultaneously. In this sense, our identi�cation strategy is appropriate as it is agnostic to the timing

of the response. For the comparability of the responses across di�erent models, we normalize the size of

the initial shock to one percentage point.

A further important issue is that of computing interval bands for impulse responses. Con�dence inter-

vals for impulse response functions are computed using a residual-based bootstrap with 3000 replications.

Subsequently, the 5th and 95th percentiles are displayed. In particular, after re-sampling the residuals,

the dependent variable is generated recursively using the estimated parameters, the exogenous regressors

and initial values of the original series.

In order to link our work to the literature, the last step of our analysis focuses on the matrices of

contemporaneous coe�cients, as they are used to evaluate tax competition. In this respect, we consider a

panel model identi�ed with instrumental variables, whose objective is to represent the typical model used

in the literature. From this model, we take the coe�cient of contemporaneous relations and compare it

with the matrix of structural coe�cients of a panel model identi�ed with the Cholesky decomposition. This

comparison clari�es the di�erences, in terms of contemporaneous coe�cients, between a panel identi�ed

with instrumental variables and a panel identi�ed with zero contemporaneous restrictions.

4.1 Data

Our dataset consists of tax rates, foreign direct investment in�ows, government consumption, unemploy-

ment and US stock prices. All series are annual and range from 1971 to 2015. To measure the tax rate,

we use the average corporate tax rate de�ned as the ratio between corporate tax revenues and GDP as

computed by the OECD Revenue Statistics. This measure provides us with fairly long time series of

8For this reason, the Cholesky identi�cation is also called recursive identi�cation as it is said to be based on the recur-
siveness assumption.
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Figure 1: Average corporate tax rates

tax burden on corporate income, pro�ts, and capital gains and has been used, among others, by e.g.,

Besley et al. (2001) and Altshuler and Goodspeed (2015).9 Data concerning FDI in�ows, supplied by the

UNCTAD, are on a net basis, i.e., they are net changes in the amount invested in national assets and

are expressed in US dollars. In order to account for each country's budget constraints, we use growth in

government consumption expressed in real terms. Data come from the World Bank and series are in the

national currency. Finally, unemployment and US stock prices are assumed to capture the national and

world business cycle, respectively. In detail, unemployment data come from either the World Bank or the

OECD, while for US stock prices, we use the returns on the S&P500 index.

In order to keep the model simple and tractable, we have decided to focus on four European countries

with similar characteristics: France, German, Italy and the United Kingdom. We chose these countries for

at least four reasons. Firstly, they are comparable in terms of both wealth (GDP in 2016 ranges from 1680

billion Euros to Italy to 3144 billion Euros in Germany)10 and population. Secondly, they have a common

cultural heritage.11 Thirdly, these countries are relatively close or even bordering; so, transportation costs

are not a signi�cant driver of FDI �ows. Fourthly, given their membership in the EU (and previously in

the EEC, from 1973), these countries have long being experiencing free trade. Without tari�s therefore,

we can focus on corporate taxation as a possible determinant of competition.

Figures from 1 to 5 display the variable used in this empirical exercise. Certain preliminary data

analyses are necessary to correctly specify the model. In particular, we need to test whether tax rates are

stationary and whether they are cointegrated.

To check the presence of a unit root we have used the ADF test on the individual variables with one

or two lags and with constant, or constant and trend. All these speci�cations con�rmed the stationarity

9Many other papers use statutory corporate tax rates or forward-looking e�ective tax rates (see e.g., Devereaux and Loretz,
2013, Leibrecht and Hochgatterer, 2012, and Baskaran and Lopes da Fonseca, 2014). Unfortunately, these measures are
usually available for a shorter period. Moreover, forward-looking rates are usually based on some arbitrary assumptions. As
pointed out by Altshuler and Goodspeed (2002), e.g., they do not consider certain aspects such as enforcement. Furthermore,
they do not account for the heterogeneity due to double tax treaties and are neither �rm- nor project-speci�c.

10These �gures come from the Eurostat.
11We are aware that UK applies Common Law while the other three countries use civil law. However, we use country-

speci�c dummies to control for heterogeneity.
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Figure 2: FDI in�ows

Figure 3: Real government consumption YoY

Figure 4: Unemployment rate
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Figure 5: Return of the S&P500 index

of all series with the exception of Italy. We have also performed panel unit root tests, and in particular we

used the Levin et al. (2002), the Im et al. (2003) and Fisher-type tests. The null hypothesis of these tests

is that all panels contain a unit root while they di�er for the alternative hypothesis, which are that all

panels are stationary for the Levin et al. (2002) test, some panels are stationary for the Im et al. (2003)

test and that at least one panel is stationary for the Fisher-type test. The results from these tests are

mixed and re�ect the fact that one of the tax rates is non-stationary.

We have checked cointegration both in a time series and in a panel setting. As for the time series

framework, we have used the Johansen test that estimates a VECM model and runs two tests on the

matrix of coe�cients of the equilibrium term. These tests are the trace test and the maximum eigenvalue

test, and they show that there is no cointegration if we consider an unrestricted constant and one lag of

the dependent variables.

In the panel setting, we have evaluated the presence of cointegration with the tests developed by

Westerlund (2007). The null hypothesis of these tests states that there is no cointegration, while the

alternative hypothesis is either that the panel is cointegrated as a whole or that at least one unit is

cointegrated. These tests specify an ECM for each variable and evaluate whether the coe�cients of the

lagged dependent variable in levels are statistically di�erent from zero as they represent the speed of

adjustment to the equilibrium relationship, i.e., the relevance of the ECM term. We have also added a

constant term and the values of other countries' tax rates as exogenous regressors to the model. We have

then included either one or two lags of the dependent variables as regressors, and either none or one lead of

exogenous regressors. For all of these models, the four tests accept the null hypothesis of no cointegration

with rather high p-values.

Therefore, we will now proceed by using the �rst di�erence of the tax rates as dependent variables.

4.2 Panel models

In this section, we estimate several di�erent panel models starting from the speci�cation that constrains

most regression parameters'. We then progressively relax these assumptions to move closer to a VAR

model. Our �rst goal is to analyse the impulse response functions implied by a panel model identi�ed
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with the Cholesky decomposition of the errors' variance-covariance matrix, as in the VAR model, and

we normalize the initial shock to 1 percentage point. The system is estimated using least squares, which

appears to be the best approach as we deal with a low number of countries (N = 4). In particular, we

use four speci�cations which di�er for assumptions on the autoregressive coe�cient and the coe�cient on

the lagged average tax rate. Here, the dependent variable is the �rst di�erence of tax rates and in order

to keep notation simple, we refer to it as τ .

To begin with, we consider a simpli�ed version of equation 1, where we drop the time �xed-e�ects and

contemporaneous response of other countries' tax rates:

τit = ατi,t−1 + ᾱτ̄−i,t−1 + g
′
Xi,t−1 + ḡ

′
X−i,t−1 + φi + uit (14)

Here, each tax rate is regressed over its own �rst lag τi,t−1, the average of the lagged tax rates of the

other countries τ̄i,t−1, a country-speci�c dummy variable φi and a set of control variables in the matrices

Xi,t−1 and X−i,t−1, i.e., FDI in�ows, the growth rate of government consumption, unemployment and the

return of the S&P500 index. With regard to these exogenous variables, we divide them into two matrices:

Xi,t−1 contains the own variables and X−i,t−1 contains the variables of the other countries. The coe�cients

of these two groups are restricted to be equal across countries. To simplify the model, the average tax

rate is computed using the arithmetic mean of the other countries' tax rates. Note that each equation

contains the values of FDIs, public spending and unemployment of all the countries in the sample and

these variables are lagged by one period to avoid endogeneity issues. This contrasts to the usual procedure

in the related literature as, in a panel setup, each countries' dependent variable is regressed over its own

contemporaneous control variables and endogeneity is evaluated with a Hausman test. However, we insert

lagged regressors of all countries in each equation as this allows us to obtain a speci�cation comparable

with a VAR model. Furthermore, it is also economically meaningful to assume that each country takes

into account other countries' variables when setting its own tax rate. Finally, the coe�cients α, δ̄ and g

are restricted to be equal across countries.

Let us now consider the case in which the autoregressive coe�cients are country-speci�c. The panel

model becomes:

τit = αiτi,t−1 + ᾱτ̄−i,t−1 + g
′
Xi,t−1 + ḡ

′
X−i,t−1 + φi + uit (15)

We therefore relax the assumption that tax rates react to other countries' average tax rates by including

individual country tax rates. The �rst version of this model assumes that all coe�cients except for φi are

common across equations:

τit = ατi,t−1 +
∑
j 6=i

αjτj,t−1 + g
′
Xi,t−1 + ḡ

′
X−i,t−1 + φi + uit (16)

The second version of this model allows for country-speci�c autoregressive terms.

τit = αiτi,t−1 +
∑
j 6=i

αjτj,t−1 + g
′
Xi,t−1 + ḡ

′
X−i,t−1 + φi + uit (17)
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The impulse response functions to shocks of the four tax rates are displayed in �gures from 6 to 9. In

each �gure, four sets of responses are presented given that our identi�cation strategy requires each tax

rate to be ordered �rst when the e�ects of its unexpected change is evaluated. In all cases, we display

the cumulated impulse response functions, so that the e�ects on tax rate levels can be evaluated. Table 1

summarizes the information from impulse response functions.

Overall, several impulse response functions are signi�cant and, at a �rst sight, results appear to be

similar across di�erent models. However, some interesting insights can be inferred from this exercise. First

of all, by comparing the impulse response functions from model 14 with those from model 15 and those

from model 16 with those from model 17 we can evaluate the e�ects of using country-speci�c autoregressive

terms instead of assuming that they are constant across countries. The di�erences in the two frameworks

with respect to the signi�cance of impulse response functions are very small, even though the dynamics of

several responses is a�ected by the di�erent assumption over the autoregressive term. However, this does

not have any relevant e�ect over the signi�cance of responses, whose di�erences across the two frameworks

are negligible. Nevertheless, this result may be limited given that our model only considers the �rst

autoregressive term, while in a model with richer dynamics the e�ect of restricting the autoregressive

terms may be much larger. This insight concerning constraints on the autoregressive term is noteworthy,

as it unveils that a constraint may relevantly a�ect the reaction of tax rates to exogenous shocks.

Additionally, a comparison of the impulse response functions derived from both model 14 with 16, and

model 15 with those from model 17, allows us to evaluate the e�ects of considering the lagged tax rates

of other countries as regressors rather then their weighted averages. Our results are more signi�cant on

condition that the coe�cients of the lagged tax rates are assumed to be constant throughout rather than

considering each tax rate individually. This may be due to the fact that, in the latter case, some degree

of freedom is lost.

Signi�cant responses show that UK reacts to changes in the French and German tax rates and vice-

versa. In particular, the French and German tax rates are strategic complements for the UK rate. Further-

more, there is mild evidence of strategic substitutability between the tax rate of Germany and Italy and

between those of Italy and the UK. This evidence is weak because these are only one-way relationships,

i.e., the Italian tax rate reacts to changes in the German tax rate but the opposite is not true, while the

UK tax rate reacts to changes in the Italian tax rate but not vice-versa. These results are summarized in

table 1. Therefore, from a tax competition point of view, results are mixed and no common pattern can

be identi�ed in tax responses.

As regards competition, all signi�cant responses are contemporaneous to shock so that it is possible

to conclude that our results support the hypothesis that countries play a Nash game.

Finally, the size of responses, when signi�cant, is always smaller than the size of the shock and never

exceeds 0.5 percentage points on average, i.e., the countries react less than one-to-one to the shock.
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Figure 6: IRFs of panel model 14

(a) Shock to the French tax rate (b) Shock to the German tax rate

(c) Shock to the Italian tax rate (d) Shock to the UK tax rate

Figure 7: IRFs of panel model 15

(a) Shock to the French tax rate (b) Shock to the German tax rate

(c) Shock to the Italian tax rate (d) Shock to the UK tax rate
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Figure 8: IRFs of panel model 16

(a) Shock to the French tax rate (b) Shock to the German tax rate

(c) Shock to the Italian tax rate (d) Shock to the UK tax rate

Figure 9: IRFs of panel model 17

(a) Shock to the French tax rate (b) Shock to the German tax rate

(c) Shock to the Italian tax rate (d) Shock to the UK tax rate
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Table 1: Summary of information contained in IRFs from panel models

Exogenous Shock
France Germany Italy UK

Reactions

France *** 0 0 +
Germany 0 *** 0 +
Italy 0 - *** 0
UK + + - ***

As pointed out, the literature focuses on structural coe�cients from the estimation of panel models,

rather than looking at impulse response functions. In order to establish a closer link with tax competition

literature, we also analyse and compare the structural coe�cients of model 14 with those from a model

identi�ed with instrumental variables:

τit = ατi,t−1 + β̄τ̄−i,t + ᾱτ̄−i,t−1 + g
′
Xi,t−1 + ḡ

′
X−i,t−1 + φi + uit (18)

This is equation 1, where time �xed-e�ects have been dropped and the regressors of the other countries

have been added. The di�erence compared to model 14 is that here we directly consider the average tax

rate of other countries τ̄−i,t−1 and estimate β̄ instead of deriving it from the errors' covariance matrix. As in

the existing literature, we face an endogeneity issue relating to contemporaneous tax rates and we address

that by instrumenting τ̄−i,t with a weighted average of public expenditures, unemployment and US stock

prices. The standard diagnostic tests for underidenti�cation, weak identi�cation and overidenti�cation

are satis�ed. The estimated value of the parameter β̄ is 0.9635, which is signi�cant at a 5% level. A

conventional analysis would conclude that there is evidence of tax competition and that tax rates are

strategic complements. However, here we want to map this value into matrix B of contemporaneous

relations of model 14. To do so, we need to divide the value of β̄ by the number of tax rates included in

the term τ̄−i,t. The matrices of contemporaneous coe�cients from models 14 and 18 are as follows:

B14 =


1 0 0 0

−0.2514 1 0 0

−0.1535 0.2068 1 0

−0.5172 −0.2103 0.1514 1



B18 =


1 0.3212 0.3212 0.3212

0.3212 1 0.3212 0.3212

0.3212 0.3212 1 0.3212

0.3212 0.3212 0.3212 1


As for matrix B14, we considered the case in which France is ordered �rst and the implied impulse

response functions are displayed in panel a of �gure 6. On the other hand, the ordering of variables does

not in�uence the values in matrix B18. Both matrices of contemporaneous coe�cients are shaped by the

relative identi�cation strategies although matrix B18 is also in�uenced by restrictions over coe�cients.
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Model 14 implies that some tax rates are strategic complements, while others are strategic substitutes.

On the other hand, model 18 shows that all tax rates are strategic complements. This analysis con�rms

that the panel model unduly constrains the reactions of tax rates to exogenous shocks.

Overall, this section highlighted that the e�ects of constraining the coe�cients of autoregressive terms

and lagged tax rates of other countries had very marginal e�ects on the results. A much more relevant

role in retrieving the true strategic relations was played by the identi�cation strategy as contemporaneous

structural parameters may di�er considerably according to the strategy pursued.

4.3 VAR models

Let us now focus on a standard VAR model that can be conceived as an unconstrained version of the

panel models above as all coe�cients are allowed to be equation-speci�c. The reduced form of the system

is described in equation 3, shown here for clarity:

τt = c+A1τt−1 +GXt−1 + εt (19)

As in the panel models, each country's tax rate is regressed over the �rst lag of all tax rates in the

system. The �rst lag of FDI in�ows, government spending growth, unemployment and contemporaneous

value of the return on the S&P500 index are used as exogenous regressors.

Figure 10 shows the sets of impulse response functions to one percentage point unexpected increase in

each tax rate, together with 90 percent bootstrapped con�dence intervals. Table 2 summarizes the results

from the VAR model. As before, the UK tax rate increases after an unexpected change in the tax rate of

France and Germany and the opposite is also true. Furthermore and unlike previous �ndings, the French

and German tax rates also react positively to shocks in each others' tax rates. This implies that the tax

rates of these countries are strategic complements. On the contrary, the Italian and UK tax rates are

strategic substitutes as they show a marginal decrease after an unanticipated increase in each others' tax

rates. Finally, the German and Italian tax rates do not react signi�cantly to shocks in each others' tax

rates.

As already pointed out, these responses are somewhat di�erent from those from panel models, even

from the less constrained one represented by equation 17, implying that the choice between a panel or a

VAR setup is a relevant one. More speci�cally, the discrepancies between the results of the di�erent panel

models appear to be much smaller than the di�erences detected comparing the results from models 17 and

19. In particular, the VAR model leads to more signi�cant results and the size of the signi�cant responses

is always greater than in the panel model. In some cases the average response is even twice as large as

those stemming from the panel setup and around or above 0.5 percentage points. The panel models embed

various assumptions over the coe�cient of their autoregressive terms and the lagged tax rates of other

variables. However, the less constrained panel model 17 and VAR model 19 di�er for the constraints over

the coe�cient of the exogenous variables, which are assumed to be constant through equations in the panel

models and equation-speci�c in the VAR model. Therefore, the di�erences between model 17 and 19 results

can be attributed to the sensitivity of the tax rates to exogenous variables. This �nding emphasizes the

role of exogenous variables for correctly identifying structural parameters. Finally, as before, all signi�cant
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responses are simultaneous to the shock and so again we can conclude that competition across countries

can be considered as a Nash game.

Figure 10: IRFs of VAR model for Tax Rates

(a) Shock to the French tax rate (b) Shock to the German tax rate

(c) Shock to the Italian tax rate (d) Shock to the UK tax rate

Table 2: Summary of information contained in IRFs from VAR models

Exogenous Shock
France Germany Italy UK

Reactions

France *** + 0 +
Germany + *** 0 +
Italy 0 0 *** -
UK + + - ***

In addition, VAR models allow us to more exhaustively capture the implications of exogenous changes

in tax rates. Indeed, as pointed out by Revelli (2005), a tax reaction function arises because the tax base

is mobile and reacts to tax rate di�erentials. Therefore, a complete analysis of tax competition cannot

solely rely on the estimation of tax reaction function, but should also consider capital as an endogenous

variable. In order to consider an encompassing model, we generalized the previous one so that FDI in�ows

are endogenised giving the following system:[
xt

τt

]
= c+A1

[
xt−1

τt−1

]
+ εt (20)

Here xt is a (n× 1) vector of FDI in�ows of the countries considered and, as before, τt is a (n× 1)
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vector of tax rates so that the whole system has 2 equations for each country.

In the literature, very few studies have considered a tax base and tax rate equation for each entity and

those that do so, estimate the systems with an instrumental variables approach, e.g., Brett, Pinske (2000).

The advantages of the VAR approach over a panel setup also apply in this case. More speci�cally, the

identi�cation of an exogenous shock to tax rates follows the same rationale as before but besides we also

assume that FDI in�ows react to tax rate shock with one lag and their equations are ordered �rst in the

system.

Figure 11 shows our results. As can be seen, the results are slightly di�erent from the previous ones.

As a matter of fact, here we are directly modeling the contemporaneous relationships between tax rates

and FDI in�ows. More speci�cally, the results regarding the tax rates are qualitatively the same as those

coming from model 19. There is some di�erence in the size of certain impulse response functions and

overall con�dence bands are slightly tighter when FDI are considered as endogenous. This seems at odds

with the increased number of parameters which may lead to an over�tting problem. However, the e�ects

of tax rate shocks in model 20 are shorter-lived compared to model 19, as some impulse response functions

become indistinguishable from zero after a few periods. However, these discrepancies are marginal and do

not a�ect the general interpretation of the strategic relations, even if they highlight the fact that including

FDI in�ows among the endogenous variables can in�uence tax reaction functions.

It is worth noting that FDI in�ows responses are often non signi�cant. The signi�cant responses show

that FDI in�ows increase after a rise in the tax rate and the magnitude is quite considerable given the

average size of in�ows so that our results cast doubts on the e�ectiveness of tax competition as a policy

to attract FDIs. Of course, this result is preliminary and further investigation is desirable to con�rm

it. Indeed, there are two possible explanations for this �nding. Firstly, FDI may be shaped not only by

changes in the tax rate of one country, but also by changes in the tax rates of other countries. Secondly,

there may be other factors which we do not explicitly consider in this model: e.g., tax rate changes in a

�fth country or other developments in some other economy. From this point of view it would be desirable

to extend the model to include other relevant economies. For now, our objective has been to show what

can be done with VAR models. Furthermore, a model extension would lead to a sharp increase in the

number of parameters to be estimated.
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Figure 11: IRFs of VAR model for Tax Rates and FDI In�ows

(a) Shock to the French tax rate (b) Shock to the German tax rate

(c) Shock to the Italian tax rate (d) Shock to the UK tax rate

Overall, this exercise has allowed us to understand that, not only is the identi�cation strategy relevant,

but also, how the constraints of model's parameters can distort inference regarding structural relationships.

This distortion appears to be relevant for some impulse response functions and marginal for others. As

such, it is not possible to exactly predict the e�ect of assuming that certain parameters are constant

throughout equations. However, we do argue that our application demonstrates that such a distortion

may be large enough to consider adopting a framework that does not impose unrealistic constraints or

that, at least, these constraints are strongly supported by both theoretical and empirical evidence.

4.4 Bayesian VAR models

The last step of our analysis compares our previous �ndings with large Bayesian VAR models, introduced

by Banbura et al. (2010) as a tool to handle systems of many variables. Indeed, a drawback of VAR models

is that they usually have many parameters to estimate. When time series have only a few observations, it

becomes very easy to fall into the over�tting problem, i.e., that there are not enough degrees of freedom left

to obtain signi�cant estimates. Thus, Bayesian inference allows to avoid the over�tting problem by using

informative priors that shrink an overparametrized model towards a more parsimonious one represented by

the prior distributions. This approach is essentially based on Bayesian shrinkage which means increasing

the tightness of the prior as more variables are added into the model. In particular, Banbura et al. (2010)

proposed to choose the shrinkage parameter to target a desired in-sample �t. We however adopt the

Giannone et al. (2015)'s setup in which the model is given a hierarchical structure, hyperparameters are

treated as unknown and the appropriate degree of shrinkage is automatically. Bayesian inference is also
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applied to hyperparameters by assigning them a �at hyperprior so that maximizing their posterior simply

amounts to maximizing the marginal likelihood with respect to them, i.e., an empirical Bayes approach.

More speci�cally, the prior on the coe�cients and on the variance-covariance matrix is a Normal -

Inverse-Wishart distribution, namely:

Σε ∼ IW (ψIn, n+ 2)

vec (A) |Σε ∼ N (a,Σε ⊗ Ω)

Here, the parameters a and Ω are functions of a small set of hyperparameters γ, and the scale parameter

ψ contains the residual variances of an AR(1) process �tted on each VAR equation, as prescribed by the

Minnesota prior. Bayesian shrinkage is achieved through the combination of Minnesota, sum-of-coe�cients

and dummy-initial-observation priors for the VAR coe�cients. The Minnesota prior assumes that the

limiting form of each VAR equation is a random walk with drift, while the sum-of-coe�cients prior and

the dummy-initial-observation prior are necessary to account for unit root and cointegration.

The estimation algorithm combines a Metropolis step to draw the vector of hyperparameters with a

Gibbs sampler to draw the models' parameters conditional on the former. From the conditional posterior

distribution, we extract 20.000 draws, the �rst 10.000 are discarded and the latter 10.000 are used for

inference. Further details on the prior speci�cation and estimation procedure can be found in Giannone

et al. (2015).

Using this tool, we estimate that the same model described in the previous section, and �gures 12 and

13 display results that are very similar to those from the VAR model. This can be considered as proof

of the validity of the Bayesian tool we used as it means that the priors are not constraining parameters

to unrealistic values. More speci�cally, the qualitative interpretation of impulse response functions is

unchanged and the summary in table 2 remains valid. Moreover, the magnitude and dynamics of the

responses is slightly, but not signi�cantly di�erent. This is so, both when comparing the results from the

BVAR with those from the VAR model, i.e., �gures 10 and 11 with �gures 12 and 13 respectively, as

well as when comparing �gure 12 with �gure 13, i.e., the results from two di�erent speci�cations of the

VAR model. Furthermore, given the use of prior distribution to shrink the dimensionality of the system,

one would expect to �nd tighter credibility intervals. In our application, this is true only for certain

impulse responses and mainly on impact or on short horizons, and it does not alter our previous �ndings.

However, this exercise shows that Bayesian inference can help to retrieve signi�cant structural relations in

large systems where classical inference cannot overcome the over�tting problem. From this point of view,

the advantage of such an estimation procedure is grater, the larger the system of equations to estimate is.
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Figure 12: IRFs of BVAR model for Tax Rates

(a) Shock to the French tax rate (b) Shock to the German tax rate

(c) Shock to the Italian tax rate (d) Shock to the UK tax rate

Figure 13: IRFs of BVAR model for Tax Rates and FDI In�ows

(a) Shock to the French tax rate (b) Shock to the German tax rate

(c) Shock to the Italian tax rate (d) Shock to the UK tax rate
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5 Monte Carlo Experiment

In this section, we set up a Monte Carlo simulation exercise to evaluate the e�ects of estimating a panel

model on data generated by a VAR process.

The previous empirical exercise has shown that the identi�cation strategy plays a crucial role to study

responses to exogenous shocks, while the e�ects of constraints over reduced-form coe�cients are more

muted and may depend on data characteristics. Given these insights, we will evaluate the performance of

panel and VAR models identi�ed with a Cholesky decomposition of the errors' variance-covariance matrix

under two di�erent dimensions. In particular, we will look at the estimated matrices of reduced-form

coe�cients and the impulse response functions.

In more details, we set up two di�erent Monte Carlo exercises. In the �rst one, we assume that the

coe�cients are the same across equations, as implicit in the panel setup. The variance-covariance matrix

of errors is randomly generated, with the only constraint of being positive semide�nite and symmetric.

In the second one, we generate random coe�cients so that they are di�erent in each equation, and retain

the same errors' variance-covariance matrix of the previous exercise. Subsequently, in both cases, we use

these matrices to generate 100 series from a VAR process and use these arti�cial datasets to estimate a

panel and VAR model. By considering the results, we will be able to evaluate what the error induced

by estimating a panel model is, when the true data generating process is represented by a VAR model.

Finally, the length of the simulated series will be in a �rst case 45, and in a second case 300. The reason

for considering di�erent length series is that VAR models can easily su�er from an over�tting problem, so

that estimates will be in�uenced by low degrees of freedom. This may be the case when the time-series

dimension is 45 observations, as in the previous sections. On the contrary, when the time series features

300 observations, we will be able to unveil the actual bene�t of using a VAR rather than a panel model.

For the �rst exercise, we use the following matrix of reduced-form coe�cients:

A1 =


0.2 0.05 0.05 0.05

0.05 0.2 0.05 0.05

0.05 0.05 0.2 0.05

0.05 0.05 0.05 0.2


Here, the coe�cients of every equation are listed by column and rows represent the lags of the variables.

We therefore assume that each variable has an autoregressive coe�cient of 0.2, while its sensitivity to the

lags of other variables is 0.05.

In regards constant terms, we assume the following:

c =
[

0.1 −0.45 −0.3 0.8
]

For simplicity, we de�ne D1 ≡
[
c
′
, A
′
1

]′
.

The variance-covariance matrix of the errors is generated by randomly drawing a matrix S from a

uniform distribution and then imposing Σ = S ·S′ , so that Σ is positive semide�nite and symmetric. This

allows us to obtain the following matrix:
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Figure 14: IRFs implied by arti�cial matrices A1 or A2 and Σ

(a) IRFs with A1 and Σ (b) IRFs with A2 and Σ

Σ =


0.436 0.778 0.747 0.662

0.778 1.901 1.522 1.189

0.747 1.522 1.649 1.086

0.662 1.189 1.086 1.034


In the second exercise, we randomly generate a matrix of contemporaneous coe�cients by drawing

from a uniform distribution between 0 and 1 and re-scaling values between -1 and 1 so that we obtain:

A2 =


−0.0328 0.0388 −0.0794 −0.0892

−0.0069 0.0914 −0.0312 −0.0552

0.0035 −0.0244 −0.0836 −0.045

−0.0515 −0.0635 −0.0072 0.0969


As for the errors' variance-covariance matrix and the constant terms, we retain Σ and c from the �rst

Monte Carlo exercise. This allows us to show that the results will only be in�uenced by the di�erent

hypotheses over the reduced-form coe�cients on the lagged endogenous variables. As before, we de�ne

D2 ≡
[
c
′
, A
′
2

]′
.

The impulse response functions implied by these matrices are displayed in �gure 14. The responses

are cumulated to be consistent with the empirical exercise.

These matrices are used to simulate 100 series for each variable in our dataset from a simple VAR model

with 1 lag and no exogenous regressors. In our empirical analysis, the time series have 45 observations so

that we also start by simulating 45 observation. Then, for the reasons explained above, we also simulate

a dataset with 300 observations for each series. The �rst observation is simulated from its unconditional

distribution, while the following ones are simulated from their conditional distributions. Figure 15 shows

the 5th, 50th and 95th percentiles of the distribution of the four arti�cial datasets.

We use these series to estimate a panel model with the same structure of equation 14, but no exogenous

regressors and a VAR model with 1 lag and no exogenous regressors. In both cases, we identify the

structural relations with a Cholesky decomposition of the variance-covariance matrix of the errors and we

compute the implied impulse response functions to a shock of one standard deviation in the �rst variable.

32



Figure 15: Arti�cial datasets

(a) A1 and Σ with T = 45 (b) A2 and Σ with T = 45

(c) A1 and Σ with T = 300 (d) A2 and Σ with T = 300

Here, we present the results and evaluate the performance of the panel and the VAR model by com-

paring the estimated reduced-form coe�cients and the impulse response functions with the true ones

presented above.

Let us start with the case with series of 45 observations.

Figures 16 and 17 in appendix A show the cumulated impulse response functions and their mean, the

5th and 95th percentiles of the distribution. These distributions come from the Monte Carlo simulations,

i.e., they represent impulse response functions of di�erent reduced-form parameters estimated from the

arti�cial datasets. Not surprisingly, the responses from the panel and the VAR model are almost identical

to the true ones in �gure 14, when the dataset is generated by A1 meaning that no distortion is introduced

if we estimate a panel model in this case. However, when coe�cients are heterogeneous, the responses of

variables 2 and 3 are slightly di�erent in the panel and VAR setup. Those from the VAR model seem to be

more consistent with the true ones in �gure 14. In this case the VAR model yields a better approximation

of its system dynamics.

Furthermore, we compute the average matrices of reduced-form coe�cients and error covariances across

the Monte Carlo simulations (displayed in appendix A). Here, the subscript P and V specify the matrices

from the panel and VAR model respectively, while 45 is the time-series dimension of the dataset.

In order to gauge to what extent the impulse response functions and parameter matrices of parameters

di�er from the true ones, we compute the following measure to capture the distance between two matrices:

M =

√∑
i

∑
j

(dij,true − dij,est)2, (21)
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Table 3: Distance between estimated and true parameters and IRFs in the panel and VAR models when
T = 45

D1 D2 ΣD1 ΣD2 IRFsD1 IRFsD1cum IRFsD2 IRFsD2cum

Panel 0.3146 0.274 0.0782 0.2751 0.2286 0.6711 0.1753 0.3585

VAR 0.5261 0.4586 0.0626 0.1711 0.2302 0.7258 0.047 0.0429

where dij is a generic element of the considered matrix. This indicates that we compute the square

of the di�erence between each element of the true matrices compared to the estimated one, sum these

elements and take their square root.

The results for the exercise with 45 observations are summarized in table 3. The values are derived

comparing the true matrices D1, D2 and Σ with the estimated ones D̂1, D̂2 and Σ̂1 and Σ̂2. As for the

impulse response functions, we consider both the simple and cumulated impulse response functions, even

if the results are of course consistent across these two transformations. In particular, we compare the true

responses displayed in �gure 14 with the average ones from the Monte Carlo exercise, which are the thick

blue lines in �gure 16 and 17. The coe�cient matrices turn out to be more correctly estimated by the

panel model while the opposite is true for the variance-covariance matrices. These discrepancies may be

due to the fact that the VAR model needs to estimate a total of 20 coe�cients with only 45 time series

observations, so that estimates are more biased in the VAR setup. Nevertheless, when considering impulse

response functions, the bias for the two models is similar if the true model has coe�cients that are the

same through equations while the VAR outperform the panel model to a large extent when coe�cients are

heterogeneous. These results are most probably a�ected by the better estimates of the variance-covariance

matrix, which is crucial in determining the dynamics of the system after an exogenous shock. Furthermore,

this is in line with what one would expect and with the graphical analysis of impulse response functions.

Overall, we can conclude that if the focus of the analysis are structural relationships and reactions to

exogenous shocks, the VAR model should be preferred to the panel model.

We then move on to analyse the results when the series have 300 observations. This exercise allow us

to compare the performance of the panel and VAR models in a setup with more degrees of freedom. This,

in principle, should allow the VAR model to reduce the bias of the estimates of reduced-form coe�cients.

As before, we use the arti�cial dataset to estimate a panel and a VAR model and �gures 18 and 19 in

appendix A show the impulse response functions by reporting and the mean, the 5th and 95th percentiles

of their distributions. This graphical exercise leads to the same conclusions we drew from the analysis of

the responses with T = 45.

The next step is to evaluate the ability of the panel and VAR models to estimate the model's parame-

ters. In order to do so, we compute the average matrices of reduced-form coe�cients and error covariances

across the Monte Carlo simulations that can be found in appendix A.

We take these matrices and the average of the impulse responses displayed in �gures 18 and 19 and

compare them with the true quantities by computing the measure described in equation 21. Table 4 shows

the results that are similar to those in table 3. The VAR model outperforms the panel model in estimating

the variance-covariance matrices and the impulse response functions when the dataset is generated using

D2. Contrary to the previous exercise, when T = 300, the bias of the VAR estimates of the coe�cient
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Table 4: Distance between estimated and true parameters and IRFs in the panel and VAR models when
T = 300

D1 D2 ΣD1 ΣD2 IRFsD1 IRFsD1cum IRFsD2 IRFsD2cum

Panel 0.0196 0.2411 0.0166 0.0398 0.029 0.0828 0.1646 0.3534

VAR 0.0992 0.1016 0.0092 0.0193 0.0375 0.1228 0.0123 0.0194

matrix D2 is smaller. Still, when the true coe�cients are the same throughout equations, the panel model

provides less biased estimates of the reduced-form coe�cients. However, as before, the bias is greater in

the D1 estimate than in the implied impulse response functions. This table con�rms that in this case, the

ability of VAR to estimate contemporaneous relationships leads to impulse response functions that are

practically indistinguishable from those from the panel setup.

Overall, thanks to this exercise, we can see that the VAR model always gives better estimates of errors'

variance-covariance matrices. Consequently, if these matrices are used to identify contemporaneous struc-

tural relationships, VAR estimates give an advantage with respect to panel ones. Considering responses

to exogenous shocks, which are a convolution of structural and reduced-form coe�cients, VAR impulse

responses are in the worst cases, indistinguishable from those from the panel model, when the true data

generating process has coe�cients that are the same through equations. However, when the reduced-form

coe�cients are equation-speci�c, the VAR outperform the panel model to a large extent in estimating

responses. Therefore, if the objects of interest are the structural relationships, one should always opt for

a VAR setup, regardless of the true structure of the economy. However, these di�erences are less pro-

nounced the fewer data observations are available. On the contrary, if the interest of the researcher are

the reduced-form coe�cients, the panel model outperforms the VAR, when the time span is limited as it

exploits the cross-sectional dimension of the dataset to estimate fewer parameters. As a consequence, the

use of panel models may still be recommended in case of datasets with few observations and when the

researcher strongly believes that the structure of the economy is similar across sample countries.

6 Conclusion

This work has dealt with empirical approaches used to study tax reaction functions. In doing so, we have

departed from the standard empirical literature that only uses panel models, where contemporaneous

relations are estimated with instrumental variables and coe�cients are assumed to be the same across

countries. As we have shown, such an approach may lead to relevant biases.

Two issues have been raised regarding the typical panel models used to study tax competition. Firstly,

a researcher should identify exogenous variations in �scal variables. The literature applies instrumen-

tal variables and relies on the twofold assumption that each country reacts to a weighted average of

other countries' tax rates, where weights are exogenous. Secondly, panel models are useful to exploit

the cross-sectional dimension of data, so several coe�cients are constrained to be the same across coun-

tries. Typically, this structure implies that tax competition, if any, is assumed to be homogeneous across

countries. As we have shown, these restrictions are too strong.

In order to assess the robustness of the empirical evidence on international tax competition, we have
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applied a VAR approach, which is widely used in macroeconomic analysis and disregarded by the tax

competition literature. The advantage of VAR models is that reduced-form coe�cients are equation-

speci�c and, thanks to the identi�cation of structural relations, they allow us to estimate impulse response

functions capturing how variables react to exogenous shocks. The VAR approach can therefore be used to

obtain more reliable estimates of tax reaction functions. In particular, we identi�ed structural parameters

with a Cholesky decomposition of the errors' variance-covariance matrix, which amounts to imposing zero

restrictions on its upper extra-diagonal elements. From an economic point of view, this implies that the

ordering of the variables a�ects their contemporaneous correlations. Our modelling strategy allows each

tax rate to react simultaneously to exogenous shocks in other countries' rates. We are therefore in the

position to verify whether countries play a Nash or Stackelberg game.

As an initial step, we have compared the panel and the VAR model from a theoretical point of view.

In doing so, we have also shown that assumptions over exogenous weights can in�uence impulse response

functions. The second step of our study has taken our models to the data by considering four European

countries and exploring how impulse response functions change in di�erent frameworks.

In our methodological part, we have considered panel models that embed various constraints on the

coe�cients of their autoregressive terms or on the lagged tax rates of other countries and where contem-

poraneous relations are identi�ed with a Cholesky decomposition. The qualitative interpretation of our

results is as follows: here, tax reactions functions are sometimes positive and sometime negative. This

means that tax competition, when present, is heterogeneous. Furthermore and more interestingly, we have

found that results are consistent between two countries: in other words, if the tax rate of country A is a

strategic complement (substitute) for the tax rate of country B, the converse is also true. In regards to the

type of competition, all signi�cant responses are contemporaneous to the shock, so that it is possible to

conclude that our results support the hypothesis that countries play a Nash game. As for the methodolog-

ical implications, results are similar across models. This means that, in our application, such constraints

play a limited role in correctly identifying reaction functions. However, this may not be so when dealing

with larger systems where the country-speci�c dynamics play a more relevant role.

To reconcile our approach with the literature, we have also studied the e�ects of using an identi�cation

strategy based on zero short-run restrictions instead of applying instrumental variables. Here, we have

considered a panel model where contemporaneous relations are identi�ed with instrumental variables and

then compared its matrix of contemporaneous parameters with the one from a panel model identi�ed

with the Cholesky decomposition. This comparison has con�rmed that the two identi�cation strategy

lead to contrasting results. Namely, with instrumental variables, tax rates are all strategic complements

while under our approach, we found that certain contemporaneous coe�cients are positive and others are

negative.

Subsequently, we have estimated VAR and BVAR models and found that impulse response functions

are again di�erent from the panel models identi�ed in the same way. This highlights the fact that con-

straints on the exogenous regressors are also relevant to correctly identify structural relations, so that

homogeneity assumptions should be applied only when strongly supported by theoretical and empirical

evidence. Overall, we can state that the choice between a panel and a VAR model is a relevant one.

The set of dependent variables of the VAR and BVAR models may also be expanded to include other
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variables that are supposed to be endogenous to tax rates. We have also tested the e�ect of including FDI

in�ows as dependent variables. Once again, the impulse response functions are a�ected by this strategy,

even if only marginally. However, these results cast doubt on the e�ectiveness of tax competition as a

policy to attract FDIs, as we found that FDI in�ows increase after a rise in the tax rate. In order to

con�rm this �nding, it would be necessary to try to extend the model to properly account for all forces

shaping FDI in�ows. Overall, our exercise has shown how VAR can be applied to study tax competition

and in particular, Bayesian VAR is the the best tool when dealing with systems characterised by many

endogenous variables.

Given the crucial role of the identi�cation strategy to model responses to exogenous shocks, we have

also analysed the performance of panel and VAR models identi�ed with the Cholesky decomposition of

the errors' variance-covariance matrix when the true data generating process is a VAR model. We have

used a Monte Carlo exercise, where two dataset are simulated assuming that the reduced-form coe�cients

are either the same or di�erent across equations. We have then evaluated the ability of the panel and

VAR model to estimate both the parameters and the responses to exogenous shocks. We have found that

the VAR always outperform the panel model in estimating structural contemporaneous coe�cients and

it leads to estimates of the impulse response functions that are at least as good as those from the panel

model under the least favorable scenario. However, these di�erences are less pronounced if the number of

observations is smaller. Furthermore, the panel model tends to give less biased estimates of the reduced-

form coe�cients when the time span is limited because it exploits the cross-sectional dimension of the

dataset and it estimates fewer parameters. As a consequence, although the structural contemporaneous

coe�cients are less biased if estimated with a VAR, impulse response functions from a panel model may

still be reliable and useful if few observations are available and the structure of the economy is similar

across the sample.

To su up, this paper has proposed an alternative tool to study tax competition. As shown, the panel

approach is characterized by relatively restrictive assumptions and can lead to unreliable estimates. In

turn, VAR models coupled with an identi�cation based on zero short-run restrictions are more �exible

and look helpful to study tax competition. A crucial role is played by the identi�cation strategy, so that

coupling panel models with an identi�cation based on a Cholesky decomposition of the errors' variance-

covariance matrix is recommended to exploit the cross-sectional dimension of data without imposing

unrealistic assumptions over structural coe�cients.

Appendix 1. Monte Carlo Exercise

A Impulse response functions

This section showss the impulse response functions of the Monte Carlo exercise. The responses are gener-

ated by di�erent datasets and the �gures display the mean, the 5th and 95th percentiles of distributions

for each point in time. The distributions refers to all impulse responses derived from 100 series in each

dataset.
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Figure 16: IRFs of arti�cial dataset generated by A1 and Σ when T = 45

(a) IRFs from the panel model (b) IRFs from the VAR model

Figure 17: IRFs of arti�cial dataset generated by A2 and Σ when T = 45

(a) IRFs from the panel model (b) IRFs from the VAR model

Figure 18: IRFs of arti�cial dataset generated by A1 and Σ for T = 300

(a) IRFs from the panel model (b) IRFs from the VAR model
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Figure 19: IRFs of arti�cial dataset generated by A2 and Σ for T = 300

(a) IRFs from the panel model (b) IRFs from the VAR model

B Estimated matrices

This section reports the average matrices of reduced-form coe�cients and errors' variance-covariances

computed across the Monte Carlo simulations.

When the time-series dimension of the dataset is 45 observation, the matrices are as follows:

D̂1,P45 =


0.0884 −0.4912 −0.3269 0.7877

0.0475 0.0663 0.0663 0.0663

0.0663 0.0475 0.0663 0.0663

0.0663 0.06625 0.0475 0.0663

0.0663 0.06625 0.0663 0.0475

 Σ̂D1,P45 =


0.4483 0.7933 0.752 0.679

0.7933 1.9490 1.5327 1.2153

0.7520 1.5327 1.6560 1.0942

0.6790 1.2153 1.0942 1.0616



D̂1,V 45 =


0.0402 −0.6214 −0.4647 0.7206

0.0853 −0.1347 −0.0914 0.0507

0.0578 0.03814 0.05344 0.0597

0.0327 0.03421 0.00914 0.0252

0.106 0.2336 0.2378 0.1158

 Σ̂D1,V 45 =


0.4315 0.7734 0.7341 0.6571

0.7734 1.8958 1.4946 1.1832

0.7341 1.4946 1.6147 1.0684

0.6571 1.1832 1.0684 1.0272



D̂2,P45 =


0.0522 −0.5614 −0.2856 0.9213

−0.0165 −0.025 −0.025 −0.025

−0.025 −0.0165 −0.025 −0.025

−0.025 −0.025 −0.0165 −0.025

−0.025 −0.025 −0.025 −0.0165

 Σ̂D2,P45 =


0.4681 0.8237 0.7901 0.7053

0.8237 2.026 1.5948 1.2513

0.7901 1.5948 1.7691 1.1568

0.7053 1.2513 1.1568 1.1029


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D̂2,V 45 =


0.0629 −0.6402 −0.532 0.7876

0.0125 −0.0309 −0.2099 0.0571

−0.0433 −0.0097 −0.1123 −0.1121

0.0031 0.0031 −0.098 −0.046

−0.0425 0.0713 0.171 0.0615

 Σ̂D2,V 45 =


0.454 0.8068 0.777 0, 688

0.8068 1.9691 1.5864 1.2287

0.777 1.5864 1.7053 1.1285

0.688 1.2287 1.1285 1.0706


When the time-series dimension of the dataset is 300 observation, the matrices are as follows:

D̂1,P300 =


0.1003 −0.448 −0.3033 0.8058

0.1913 0.0483 0.0483 0.0483

0.0483 0.1913 0.0483 0.0483

0.0483 0.0483 0.1913 0.0483

0.0483 0.0483 0.0483 0.1913

 Σ̂D1,P300 =


0.4394 0.7799 0.7509 0.6666

0.7799 1.9 1.5258 1.1909

0.7509 1.5258 1.6576 1.0907

0.6666 1.1909 1.0907 1.0405



D̂1,V 300 =


0.0922 −0.4722 −0.2967 0.7828

0.1685 −0.0003 0.0327 −0.0068

0.0522 0.1842 0.0514 0.0505

0.0474 0.0566 0.1946 0.0488

0.062 0.0789 0.0457 0.2242

 Σ̂D1,V 300 =


0.4374 0.7778 0.7488 0.6642

0.7778 1.8942 1.5219 1.1875

0.7488 1.5219 1.6527 1.0875

0.6642 1.1875 1.0875 1.0367



D̂2,P300 =


0.0581 −0.5171 −0.2513 0.8972

0.0137 −0.0289 −0.0289 −0.0289

−0.0289 0.0137 −0.0289 −0.0289

−0.0289 −0.0289 0.0137 −0.0289

−0.0289 −0.0289 −0.0289 0.0137

 Σ̂D2,P300 =


0.4394 0.7796 0.7482 0.6639

0.7796 1.9078 1.5081 1.185

0.7482 1.5081 1.6807 1.0936

0.6639 1.185 1.0936 1.0381



D̂2,V 300 =


0.1065 −0.4517 −0.2983 0.8207

−0.0043 0.0577 −0.0187 −0.0296

−0.0138 0.0821 −0.0489 −0.0645

0.0043 −0.0245 −0.0856 −0.0452

−0.0611 −0.0624 −0.0184 0.0707

 Σ̂D2,V 300 =


0.4360 0.7745 0.7484 0.6619

0.7745 1.8863 1.5177 1.1827

0.7484 1.5177 1.6541 1.0869

0.6619 1.1827 1.0869 1.0326


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