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Abstract

Should we run one regression forecast? We confront the Bayesian Model Averag-
ing (BMA) with two major automatic forecasting procedures: the dynamic factor model
(DFA) and the ”general-to-specific” (GETS) algorithm, to gauge whether introducing
Bayesian model uncertainty significantly improves forecasting. We consider those meth-
ods, including the ”Median BMA” strategy to forecast quarterly US GDP growth on an
original monthly basis. All models consistently select the same coincident and leading
series, giving a robustness check of the best US GDP predictors. We also assess rela-
tive model performance in and out-of-sample using forecast accuracy tests and directional
change metrics. Results suggest that the simple BMA approach, the GETS strategy or
the DFA model tend to be equivalent.
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1 Introduction

How should forecasting models be selected? Do methods introducing Bayesian model uncer-
tainty significantly improve forecasting? A fast growing literature has recently emerged on
Bayesian Model Averaging (BMA). This method, initiated by Raftery et al. (1997), offers new
solutions to select linear forecasting models as the authors first confronted this new approach
with the Stepwise Method. Fernandez et al. (2001b) studying growth regressions conclude
that the BMA is the best way of selecting meaningful regressors. Jacobson and Karlsson
(2004), Wright (2003) assess BMA forecasting performances and conclude that BMA does
surpass other competing methods. However, some major issues remain. First, the models
used as benchmarks (autororegressive or random walk models) are based on a minimal set
of information and modelling. As the random walk model is not likely to be always the
best forecasting tool, those approachs might not fit the forecasters, who expect to measure
whether a new method challenges the predictive performance of their own reference model.
Second, those papers do not produce statistical tests of model dominance such as Diebold
and Mariano (1995), to gauge relative predictive performances.

In this paper, we first confront two BMA procedures1 (Raftery et al. (1997), Barbieri
and Berger (2004)) with two major methods based on “one regression model beats all” prin-
ciple. On one hand, we examine whether large information data set treatments proposed
by Stock and Watson (1998) through dynamic factor analysis (DFA) outclass the BMA. On
the other hand, we challenge the BMA results with the automatic model selection procedure
called general-to-specific (GETS), as introduced by Hoover et Perez (1999) and developped
by Krolzig and Hendry (2001). Whereas this latter methodology was not designed to cope
with large data sets of exogenous variables, Hendry and Krolzig (2005) showed that this al-
gorithm could be extended, providing that multicolinearity might be sufficiently controlled.
We provide, as an empirical application, a forecast of the American quarterly GDP, with a
specific treatment on monthly hard data and survey indicators.

The paper is organized as follows. The second section introduces the three different
approachs (BMA, DFA “à la Stock and Watson” and GETS). We discuss their theoretical
background and potential caveats. The third section presents the data with the related
original monthly approach. It also provides the empirical results on model selection. The
fourth section studies relative forecasting performances through accuracy tests. The last
section concludes.

2 Forecasting with many predictors: a brief review

2.1 Model uncertainty and the Bayesian Model Averaging

Is there a best model to describe economic interrelations? Extracting a single model as
a unique selection from a subest of regressors is the typical approach. Yet, as underlined
by Brock et al. (2004), this ignores a major source of uncertainty: uncertainty about the
model itself. These authors consider that, “especially in macroeconomics, model uncertainty
is sufficiently severe that disparate models should be regarded as potential candidates for the

1All estimates are replicable with the bma, automatic and dfasw functions, developed under Scilab,
by Michaux and Dubois. All programs but dfasw, are included in GROCER, version 1.2, the Eric
Dubois’econometric toolbox, see Dubois (2004), which is donwloadable on http://dubois.ensae.net/grocer.html.
Scilab is a free program, available at www.scilab.org.

2



true or best model”. This argument may be related to theoretical competing representations
of a same model (backward or forward looking expectations for instance, or because different
way of modelling dynamics in a given linear framework). Model averaging represents a natural
response to these issues. As recalled in Jacobson and Karlsson (2004), the Bayesian Model
Averaging allows a parallel treatment of model and parameter uncertainty. It also supports
the idea that forecast performance can be improved by combining forecasts from different
models with a rigorous statistical foundation.

2.1.1 The BMA approach, a reminder

Be y = (y1, ..., yT )′ the quantity of interest and {X1, ..., Xn} a set of n potential regressors,
where Xi = (xi,1, ..., xi,T )′. We look for a representation in a linear framework, where X∗ =
{X∗

1 , ..., X∗
q } is a (q, 1) subset of {X1, ..., Xn} 2 such as:3

yt+h = X∗
t β∗ + εt+h

Let us define a given model Mi and M the finite set of models Mγ . In theory, it includes
2n different elements. Here, γ ∈ {0, 1}n is a summarized representation of the regressors
entering the model. For all j = 1, ..., n, γj = 1 (resp. γj = 0) means that Xj does belong
(resp. not) to the model. Said differently, Mγ is a short representation of the following model:

y|βγ , σ2 ∼ N (Xγβγ , σ2I) (1)

with θ = (βγ , σ2) the unknown vector of parameters.
Given the set M = {M1, ...,M2n} of possible models, we may associate p(Mγ) and

p(θγ |Mγ) the prior probability for a given model and distribution of the related parame-
ters. Be L(y|θγ ,Mγ) the likelihood related to the model (1) then, the posterior probability of
the model is given by:

p(Mγ0 |y) =
m(y|Mγ0)p(Mγ0)∑

γ m(y|Mγ)p(Mγ)
(2)

=
[∑

γ

P (Mγ)
P (Mγ0)

m(y|Mγ)
m(y|Mγ0)

]−1

=
[∑

γ

P (Mγ)
P (Mγ0)

Bγ0,γ

]−1

where m(y|Mγ) is the marginal likelihood, conditional to the model Mγ ,

m(y|Mγ) =
∫

Θ
L(y|θγ ,Mγ)p(θγ |Mγ)dθγ (3)

and Bγ0,γ is the Bayes factor.4

2All BMA model specifications include a constant term. It should be thus excluded from the permutation
process. Note that the subset dimension q is random and may vary between 1 and n.

3h is limited to {0, 1} to avoid serial correlation issues
4The Bayes factor may be reconsidered such as Bγ0,γ =

m(y|Mγ)

m(y|Mγ0 )
=

P (Mγ0 |y)

P (Mγ |y)
/

P (Mγ0 )

P (Mγ)
.
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The posterior probability that the variable i belongs to the ”true” model:

p(xi|y) =
∑

γ

1(xi ∈ Mγ)p(Mγ |y) (4)

where 1(xi ∈ Mγ) is one if xi is included in model γ or zero otherwise. If we come back to our
initial objective, the mininum mean squared error forecast of our quantity of interest (here
yt+h) taking into account bayesian uncertainty is given by the following average:5

E(yt+h|y) =
∑

γ

E(yt+h|y, Mγ)p(Mγ |y) (5)

Under the Bayesian approach, there is no specific rule to qualify series according to their
posterior distribution and to reduce models. Barbieri and Berger (2004) show that for selec-
tion among normal linear models, the optimal predictive model is often the median probability
model. This model includes variables with posterior probability greater than or equal to 1/2
of being in a model. We propose this approach as a parcimonious benchmark for the BMA
in our empirical estimates. From a practitioner point of view, this approach offers a re-
markable advantage: it delivers a unique model with results clearly interpretable and easy to
communicate.

2.1.2 Prior, bayesian estimates and limits

In this paper, we stick to the the Fernandez et al. (2001a) approach using g-priors and
considering only models with a constant. We use non-informative priors for the ordinary
regression parameters through g-prior:

βγ |σ2,Mγ ∼ N
(
0, σ2

(
gγX ′

γXγ

)−1
)

(6)

with gγ accounting for the share of information,6 which is a priori available in the studied
sample.7 As Raftery et al. (1997), Fernandez et al. (2001a) consider the same prior for the
constant vector of the matrix βγ . The mean is defined as follows: µγ = (m1, 0, ..., 0), with a
non informative law p(µ) ∝ 1. We follow the common g-prior specification: gγ = g = q−2 as
n ≤ q2.

Contrary to Raftery et al. (1997), where prior laws are conjugate and hyperparameters
have a considerable influence on the posterior distribution and the Bayes factor, prior distri-
bution of σ2 is non informative: p(σ) ∝ σ−2. We may derive, in this framework, the posterior
distribution:

p(Y |µγ , gγ , Xγ , γ) ∝
(

gγ

gγ + 1

)qγ/2

×
[

1
gγ + 1

y′MXγy +
gγ

gγ + 1
(y − y1)′(y − y1)

]n−1
2

5The coefficient β̂j
BMA related to the regressor j may be extracted in the same way:

β̂j
BMA = E

“
βj

γ |y
”

=
X

γ

β̂j
γp(Mγ |y)

6In this formulation of the prior Xγ is supposed to be strictly exogenous and residuals are assumed to be iid.
g-prior does not allow for lagged endogenous variable, and is not compatible with GLS like variance-covariance
matrix. This can be seen as a straightforward limit of the method when used for forcasting time series.

7For instance, if g = 0.1, 10% of information of the sample is taken into account.
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where MX = I −X(X ′X)−1X ′. As Raftery et al. (1997), we use a MCMC algorithm called
“MC3” to approximate the distribution of Mγ and to produce BMA estimates.

Bayesian estimation strategies may suffer from serious caveats. First, calculations may be
extremly costly and may require strong assumptions, especially when dealing with Bayesian
priors. Second, endogenous lagged series that could correct any kind of serial correlation or
a high level of persistence in the series, can not be included in the set of regressors because
strict exogeneity is assumed.8 This may seriously reduce the scope of the information set.
Third, exploring a too large number of potential models to minimise the RMSE is also an
evident limit of the BMA approach. All these arguments call for a confrontation with more
tractable methods.

2.2 Approximate dynamic factor models

Following Stock and Watson (2002), diffusion indexes and the dynamic factor models offer an
alternative method to incorporate all relevant information. Dynamic factor models collect an
information from a large set of indicators. They rival models with one or multiple indicators.
In this case, it is assumed that the large panel of time series at date t follows a factor
structure, namely that Xt = ΛFt + εt, where Ft, of dimension (T ×k) with k smaller than the
number of variables n, are (a relatively small number of) unobserved factors that summarize
the systematic information in the data set (see Stock and Watson, (1998) for details). In
a second step Ft, is directly introduced as a common unobserved factor in the following
equation:

yt+h = β′Ft + εt+h

We extract factors from contemporaneous and lagged variables as in Stock and Watson (1998).
From a practioner point of view, the factor model raises the issue of interpretability. To a

certain extent, it is a specific constrained OLS. Considering that the k first factors are linear
combinations of the regressors, the preceding model can indeed be written accordingly:

yt+h = β′Ft + c + εt+h = β′ ((xt, ...xt−k)′W
)

+ c + εt+h, (7)

with W is the (n×k) derived matrix of communalities from the principal component analysis,
on the stacked regressors. Why should the “best model” be initially constrained? The general-
to-specific approach with its multi-path reduction process challenges this view.

2.3 Model selection and the general-to-specific algorithm

Hoover and Perez (1999) advocate a totally different approach through the LSE methodology,
the so called general-to-specific model selection. Starting from a general dynamic statistical
model, automatic statistical tests and procedures are used to reduce its complexity by elimi-
nating statistically-insignificant variables, provided that the model passes chosen specification
tests. This algorithm should lead to a few models which can be selected by encompassing
tests. An information criterion, such as Akaike (AIC), may be used to discriminate final
models.

8Unless we strongly constraint the prior distribution and the structure of the variance, we cannot derive
the closed form for the posterior of such a model. Relaxing these assumption can be made at the cost of an
increase in computational time.
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Econometricians may test a limited number of models, whereas there are potentially
2n challengers. Hendry and Krolzig (2001), show through Monte-Carlo experiments that,
starting from an information set including the “true model”, the GETS algorithm leads to
the right specification, providing that diagnostic tests and significance levels are correctly
selected. Krolzig and Hendry (2005) give hints to deal with intractable problems such as
regressions with more regressors than observations in regression analysis or with perfectly
colinear regressors. Readers may refer to Krolzig and Hendry (2001) for a full presentation
and to Dubois (2004) who provides a simplified introduction to the algorithm. Note that,
in this exercise, lagged dependent variables are not included, because the BMA specification
cannot support endogenous lagged series as regressors. This partially constraints the potential
set of information.9

GETS estimations are made under the liberal strategy and conservative strategy The main
difference lie in the p-value rejection of tests: the first approach (resp. the second) is based
on a 1% (resp. 5%) threshold. See Krozlig and Hendry (2005) for further explanations.
Specification tests are Doornick and Hansen normality test, Chow predictive failure test for
a break at 50% and 90% of the sample, LM test of 1 to 4 order residual autocorrelation and
quadratic in regressors hederoscedasticity test.

3 Empirical results

3.1 Forecasting US GDP on a monthly basis

As described in Appendix, we start from a set of 45 regressors based upon 19 US variables.10

Time series were selected from prior empirical estimates and a large review of the literature.
A first preselection from a larger database was needed, because of calculation capacity con-
straints related to the Bayesian or GETS algorithms. Colinearity issues and efficiency were
also at stake. For instance, employment series were dropped out because of more robuts
results using the unemployment series and labor market surveys.

With 45 regressors, the number of potential models is comprehensive: 245 combinations
might be investigated.11 That is more than 35 trillion specifications to explore. Most related
series belong to the Conference Board’s set of coincident and leading indicators. We added
diffusion indices series of the ISM, the Help Wanted Advertising Index, consumer goods
and non defense goods manufacturing orders series.12 See Appendix, page 13 for a detailed
presentation of the transformations, description and mnemonics related to the data set. The
dependent variable is the NIPA US real quarterly growth rate of the gross domestic product

9In our exercise serial correlation is controlled by adding exogenous lagged series.
10Appendix, page 13 provides a brief description of the 19 series, label series, mnemonics, date of publication

in relation to the reference date, transformations for stationarity. The series were extracted from the Thomson
Datastream Economics database (september 2005 vintage). We limit our estimates to 2003Q4 to limit risks
related to revision of NIPA preliminary estimates.

11The size of our dataset may look small compared with huge samples, common in the litterature. As
shown by Boivin and Ng (2006), a large database may not always be desirable, as the presence of variables
sharing the same redundant information is likely. This raises risk of rising serial correlation due to idiosyncratic
components, which is detrimental to the variability of the principal component. In our experience, we may
avoid this particular caveat, by first differencing the selected series, which dramatically reduces multicolinearity.

12The Help wanted Index might have been a major predictor over the past 40 years. Because of a recent
structural break, may be due to a technological switch on the internet of job ads since 2003, there has been rising
uncertainty about its future predictive power. This does not challenge either our methodological approach,
either the present results.
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(GDP, July 2005 vintage), chained link at 1996 prices, available on the BEA web site. All series
are prior transformed with the log(.) operator, except ISM diffusion indices and interest rates.
They are first-differenced to limit multi-colinearity risks. There is one exception : following
the litterature, the term spread between the 10 year treasury bond and the 3 month Fed fund
interest rate has been smoothed on a quarterly basis (quarterly average).

We provide a current (resp. next quarter) US GDP growth forecast using monthly infor-
mation available the second month of the current quarter. There are two justifications for
such a choice. First, because of a carry-over effect, more than 80 percent of the information
to deduce the current quarter growth rate is available on the second month.13 Second, Dubois
and Michaux (2006) showed, although in a different context, that starting simulations from
the second month rather than from the third month does not deteriorate future forecasts.
Monthly regressors are thus described in the form of xm,q where m = 1, 2, 3 is the first,
(resp. second and third) month of the current quarter q (resp. q − k lagged by k quarters).
Note that variables are integrated in accordance with their publication delay. All forecasting
comparisons are performed using out-of-sample simulations.14 First, in sample estimates are
conducted between 1970-Q1 and 1990-Q4, then recursive out-of-sample estimates are con-
ducted for 1990-Q1 to 2003-Q4 to produce forecasts for the current and the next quarter as
well.15

3.2 Estimates and model selection

First, we examine the DFA results. We run dynamic factor analysis (DFA) on the panel
of regressors (45 contemporaneous and lagged series) to extract three factors (see Table 4 in
Appendix page 14). A rapid analysis leads to the following conclusion: the first factor is highly
correlated with two major leading indicators (the term spread lagged by two quarters and the
first month housing starts lagged by one quarter) and with major coincident indicators (the
industrial production index, manufacturing new orders, manufacturing sales trade, and series
related to employment such as the unemployment rate, the jobs hard to get, the help wanted
advertising index series).16 So, it provides a description of coincident activity focusing mainly
on output and employment.17

Table 6 reports estimations from GETS starting from the same 45 series data set.18 We
note that manufacturing sales trade and industrial production series seem the most informa-
tive series. Interestingly, the third month of the previous quarter (resp. the first month of
the current quarter) outcomes play a major role in the forecast. This may be due to “carry
over effects” at the beginning of each quarter. Note that financial variables play a minor
role in the coincident model. With no surprise, the next quarter models include long leading

13Taking into account the weights associated to the available past monthly growth rates the second month
of a quarter, this is exactly equal to 88 per cent, that is 1− 1/3

(2/3+4/3+1)
.

14All models are estimated on data samples, which are prior to each forecast period.
15We could not conduct real time estimates, as a complete data base was not available. To our knowledge,

a real time approach could only be restricted to the data base of Croushore and Starck (1999), reducing the
size of the information set.

16Series available the third month of the past quarter and to a lesser extent the first month of the current
quarter seem to be the more correlated to the first factor.

17The second and third factors are less interpretable. The second axis seems to reflect a dynamical dimension
opposing current series to lagged ones. The third axis could be interpreted as a specific “consumption driven
factor”, with the lagged manufacturing sales trade and consumer expectations the stronger communalities.

18Dealing with futur quarter forecasts, selected final models residuals are not normal according to Doornick-
Hansen test.
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series (the term spread and money supply), short leading indicators (S&P 500, housing starts,
initial claims, ISM supplier deliveries) but also more coincident indicators (the help wanted
advertising index, industrial production and sales).

BMA estimates are produced in table 5.19 They are consistent with the first two methods.
However, results tends to be more discriminant. For the current quarter model, only a few
series show posterior probabilities of inclusion higher than 15%: industrial production and
sales trade (resp. Help wanted, ISM, M2, spread, for the future quarter). Following Barbieri
and Berger (2004) criterion, selecting posterior probabilities of inclusion superior to 50%
would lead to stick only to the following series: the industrial production for the current
quarter (resp. the help wanted series and the term spread for the next quarter).

3.3 Model accuracy forecasting performance

How could performances of automatic selection procedures be compared? We focus on out-of-
sample prediction errors. To derive out-of-sample forecasts, each models (BMA, DFA, GETS)
is estimated in sample on an expanding window, then the four next quarters are forecasted,
and so on... In DFA models, the number of factors is selected according to Bai and Ng
(2002) ICp2 information criteria. We then consider a forecast accuracy test and a directional
accuracy test, with the BMA results as the benchmark in all samples.

As the MSE comparisons do not provide a formal statistical indication of whether one
model is significantly better than another, we investigate relative forecasting performance
with a modified version of the Diebold and Mariano (1995) test proposed by Harvey et al.
(1997). Table 1 reports MSE and modified DM statistic estimates.

Current quarter forecasts
BMA GETS GETS DFA median

lib.1 cons.
MSE 0.21 0.25 0.20 0.21 0.20
DM Stat. 1.052 -0.27 0.07 -0.31

Future quarter forecasts
MSE 0.31 0.37 0.30 0.24 0.41
DM Stat. 0.68 -0.32 -1.51** 2.83**
(1) lib. and cons. stand respectively for liberal and conservative GETS estimation strategy

(2) BMA is considered as the competiting model

Statisticaly signifcant at (*) 5% (**) 10% level

Table 1: Diebold-Mariano forecast accuracy test

We complement this “quantitative” accuracy forecast tests by a more “qualitative one”.
We follow the Pesaran and Timmermann (1992) test. The authors propose a non-parametric
statistic to evaluate forecast directional accuracy over any given sample period. Said it
differently, they determine which model is able to signal accurately growth acceleration or

19The markov chain was run 3,000,000 steps with 1,000,000 burnin, visiting around 27000 models. To ensure
the principle of parcimony and limit risks of overfitting, we limit the maximum number of explanatory variables
allowed in each regression to 10.
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deceleration without wrong or distorted signals.20 Directional accuracy tests are provided in
Table 2.

Current quarter Futur quarter
Sn p-value Sn p-value

BMA 1.80 0.04 -1.30 0.90
GETS lib.1 0.73 0.23 -1.30 0.90
GETS cons. 1.81 0.03 -0.92 0.90
DFA -1.04 0.85 -1.35 0.81
median 1.83 0.03 -0.43 0.67
(1) lib. and cons. stand respectively for liberal and conservative GETS estimation strategy

Table 2: Pesaran-Timmermann test of directional change

Figures 1 and 2 show the out-of-sample outcomes of each model, for the current and next
quarters. Whereas current quarter forecasts seem to convincingly measure GDP growth, with
no surprise, future quarter forecasts are more bumpy.

Two main conclusions arise. Looking first at current forecast estimates, no model can
be discriminated. On future quarter forecasts, no model significantly outperforms the BMA
except the dynamic factor model, at a 10% level. The “Optimal median” of Barbieri and
Berger (2004) is the only approach to be outclassed by the standard BMA, still at a 10%
level. Second, considering a 5% probability of rejection under the null, BMA, the conservative
GETS and the “median model” tend significantly to indicate the right directions on current
and future growth. On the whole, the BMA and conservative GETS strategies fare quite
well, when compared with other automatic selection models. Yet, they are not significantly
outclassed by the dynamic factor model.

20This test measures whether there is a significant difference between the observed probability of a correctly
signed forecast and the estimate of what the probability would be under the null that the forecast and the
outcome are independent. On this assumption, independence implies that the forecasting series has no power
in predicting the direction of the dependent variable. The corresponding statistic is:

Sn =
(p̂− p̂∗)

2

V(p̂)−V(p̂∗)
∼ N (0, 1)

where p̂ is the sample estimate of the probability of a correctly signed forecast and p̂∗ is the estimate of its
expectation obtained under the null.
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Figure 1: Current out-of-sample forecast of US quarterly GDP - Second month of the current
quarter
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Figure 2: Out-of-sample forecast of future US quarterly GDP - Second month of the current
quarter

4 Conclusion

In this paper, we have evaluated forecasting performances of three automatic selection pro-
cedures of growing interest. Contrary to standard procedures comparing models to naive
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benchmarks, we challenge the Bayesian Model Averaging (BMA) against three leading edge
approachs: the general-to-specific automatic, dynamic factor models, and the “median BMA”.
From an operational point of view, these methods are more likely to be used by forecasters
than the random walk model. Interestingly, empirical results on US GDP growth forecasts
cannot significantly discriminate any approach. All models consistently select the same series,
such as the industrial production index, the sales in manufacturing and trade, the help wanted
advertising index, and the term spread. This gives a serious indication about their robustness
as good predictors of US GDP. Second, all methods but the DFA, significantly signal growth
accelerations and decelerations at all horizons. Third, all methods are statistically equivalent
for short term forecasts. The dynamic factor model seems slightly to dominate on a longer
forecasting horizon, but only at a 10% level. In short, the standard BMA based on model
uncertainty, and the general-to-specific strategy should gain more attention from forecast-
ers. However, a big sample size of potential predictors may limit the use of such models.
With information sets including more than 40 series, the factor model (DFA), though less
interpretable, is competitive.
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Liberal strategy
Current quarter Future quarter

Variable Coeff. t-stat. Variable Coeff. t-stat.
spreadq−2 0.00 2.35 spreadq−1 0.00 2.88

dlsp1,q 0.03 2.45 dlhoustart1,q 0.01 1.74
dlsp1,q−1 0.03 2.12 dlsp1,q 0.05 2.65

dljhgmp3,q−1 0.00 2.29 dlm21,q 0.27 2.03
dlincla1,q -0.02 -2.12 dism3,q−1 0.00 3.35
dlipi1,q 0.51 6.69 djhgmp1,q 0.00 -1.77

dlipi3,q−1 0.29 3.25 dlincla2,q -0.02 -1.91
dlipi2,q−1 0.14 2.01 dlhelpw3,q−1 0.06 2.84
dlsal3,q−1 0.11 2.01 dlhelpw2,q−1 0.08 4.72
constant 0.00 8.91 dlipi1,q -0.30 -3.31

dismsup1,q 0.00 1.27
dismsup1,q−1 0.00 -2.66

constant 0.01 9.65

Conservative strategy
spreadq−2 0.00 2.17 spreadq−1 0.00 2.86

dlsp1,q 0.03 2.07 dlhoustart1,q 0.02 2.62
dlsp1,q−1 0.03 2.25 dlsp1,q 0.06 3.07
dlipi1,q 0.40 4.53 dism3,q−1 0.00 3.98

dlipi3,q−1 0.24 2.71 dlincla2,q -0.03 -2.33
dlipi2,q−1 0.11 1.57 dlhelpw3,q−1 0.06 2.99
dlsal1,q 0.14 2.55 dlhelpw2,q−1 0.09 4.81

dlsal3,q−1 0.15 2.55 dlipi1,q -0.31 -3.35
constant 0.00 9.26 constant 0.01 10.82

Table 6: Estimation results of GETS
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