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Today, we will outline the empirical analysis that GMM is used.

1 Empirical Example1

“The finance-trade nexus revisited: Is the global trade slowdown also a financial story?” M. Gachter and L.
Gkrintzails (2017), Economic Letters 158, pp21-25.

This paper studies the role of non-linearities in the finance-trade nexus. While we confirm the positive
impact of financial development on the level of trade openness, our findings reveal that the marginal effect
decreases considerably with the size of the financial sector.

we estimate an equation relating two measures of trade openness with a set of explanatory variables, including
an indicator of financial development. The model has the following form

Tradeit = α+ β1Financeit + β2Finance2it + γXit + λt + uit

where the dependent variable Trade represents one of the two measures for trade openness (exports and
imports as a ratio to GDP). Finance depicts our measure for financial development, which corresponds to
private credit (issued by deposit banks and other financial institutions) as a ratio to GDP. First, to address the
simultaneity bias between financial development and the trade variables, we estimate a pooled IV model, in
which the financial development indicator is instrumented with the initial value of each 5-year period as well as
external instruments based on the legal origin of the respective country. Second, we consider a dynamic panel
and employ a system GMM estimation, which takes into account the possibility that some explanatory variables
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might not be exogenous or predetermined. Finally, for robustness purposes, we also estimate a dynamic panel
threshold model of the following form

Tradeit =α+ β1Financeit + β2Financeit ∗ Threshholdit
+ β3Threshholdit + γXit + λt + uit

where Threshold refers to a dummy variable amounting to 1 if a certain credit-to-GDP threshold is exceeded.
Thus, if we expect that finance does not affect trade when exceeding this threshold, we would expect that the
sum of the coefficients β1 and β2 is not statistically significantly different from zero.

2 Empirical Example2

“R&D subsidies and the performance of high-tech start-ups” M. G. Colombo et al. (2011), Economic letters
112, pp97-99.

This paper addresses the question of the efficacy of R&D policy measures in support of high-tech start-ups.
We show that subsidies awarded on a competitive basis lead to a positive effect, while those assigned through
an automatic procedure do not.
To estimate the impact of different types of R&D subsidies on TFP, we specify the following equation:
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TFPit = β0 + β1TFPit−1 + β′
2RDSubsit−1 + γ′Xit + γt + ϵit (1)

TFPit−1 is the autoregressive term, R&DSubsit−1 is a vector of impulse dummies capturing automatic
and selective R&D subsidies. Xit includes controls, namely firm age (Ageit), the ratio of debt to total assets
(DTAit), the cash flow to sales ratio (CFSit), and a composite index reflecting the level of infrastructure and
resources development in the province of firm’s location (LIit, source: Centro Studi Confindustria), γt is a full
set of time dummies and ϵit is the error term.
Systematic differences between subsidized and non-subsidized firms, and between firms subsidized through
different types of schemes, may be due to sorting. Therefore, a simple comparison of the mean impact of
the subsidies may lead to biased results. To account for this possible distortion, we resorted to the GMM-
system estimator. We considered subsidies as potentially correlated with the error term, and treated them as
endogenous. We also used additional exogenous instruments to improve estimates consistency (e.g. Benfratello
and Sembenelli, 2006), namely the annual amount of central government subsidies on GDP and the percentages
of RITA firms located in a given region that received selective and automatic subsidies over the observation
period. The validity of the selected instruments was verified through a Hansen test.

3 Empirical Example3

“The impact of bank competition and concentration on industrial growth” G.Liu et al. (2014), Economic
Letters, 124, pp.60-63.

3



This paper studies whether bank competition affects growth of non-banking industries. We find that non-
cooperative bank competition and stability promote industrial growth robustly. Bank concentration may also
affect growth positively; the latter effect increases for higher levels of competition.

We collected data for 23 industries over the period 19932007 for 48 emerging and mature markets2 and used
OLS to estimate the following empirical model:

Growthi,c =Const+ β1SectorDummiesi + β2CountryDummiesc + β3Share in value addedi,c

+ β4External Dependencei × Financial Depthc + β5External Dependencei ×Bank Competitionc

+ β6External Dependencei × Control V ariablesc + ϵic

Bank Competition is a degree of bank sector competition measured as the responsiveness of growth of bank
market share to change of bank cost efficiency (source: BankScope and own estimations based on Hay and Liu,
1997). In particular, for this variable, we employ a simplified version of Hay and Liu ’s model to estimate
efficiency competition within the context of the banking business, which is as follows:

MSit = α+ β
cit
ct

+ γPit + ϵit

MSit is the market share; cit is the unit overhead cost (total non-interest expenses) of total assets of a
bank; ct is the average overhead costs per unit of the total assets of the bank sector. Pit is the interest rate
spread, implying a price of bank assets employed for banking business. In a competitive market, we expect a
negative coefficient β because in any non-cooperative competition, firms with higher costs relative to the market
average costs will grow slowly and then lose their market share. We employ a dynamic GMM panel method
to estimate β for each economy, which is then used in the empirical model. As this variable enters the main
model of the paper as a generated regressor, it can lead to a bias in the estimated coefficients and the confidence
intervals may be underestimated. For this reason, we checked the initial regressions that we performed in order
to estimate β for each economy. As the coefficients are highly statistically significant in the vast majority of
cases, the uncertainty arising from the generated regressor is minimised.
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4 Empirical Example4

“An empirical test of the inequality trap concept” C.Daymon and C. Gilmet (2009), Economic Letters 105,
pp.165-167.

The paper uses a GMM estimation to prove the impact of equity on inequality persistence which suggests the
presence of inequality trap, and underline the significant influence of the credit market, wealth and education
access initial levels.

Since the study of inequality traps refers to a dynamic process, we must study to what extent the lagged
values of the variables influence the current value of income distribution. When the ordinary least squares
estimator is used for this purpose, there is an upward bias. The within estimator is also biased, but in the
opposite direction. To solve this problem, we use a dynamic model allowing the introduction of instrumental
variables, which are correlated to the lagged value of the endogenous variable and not with the error term
(Bond, 2002). The system GMM therefore seems the method best adapted to our estimation.

Their model can be written as follows:
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yit = αyit−1 + βXit−1 + ui + vi,t (2)

With yi,t−1 the dependent lagged variable, Xi,t is the set of explanatory lagged variables, ui is the specific
individual effect for each country, vi,t is the specific shock at each period and on each country.

Where

E[xit(ui + vit)] = 0 (3)

Variables and results are follows.
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We concentrate in particular on the results provided by the GMM estimation.9 The use of this model is
validated because the coefficient of this GMM estimated variable is higher than that of the within estimator
and lower than that of the OLS estimator.
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