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Abstract

Propensity Score Matching is a popular approach to evaluate treatment effects in obser-
vational studies. Regrettably, practitioners often overlook the issue of model uncertainty
and its consequences when building the propensity score model. We tackle this problem
by Bayesian Model Averaging (BMA) with an application to the 2014 Italian tax credit
reform (the so-called “Renzi bonus”). Model uncertainty has a dramatic impact on
the estimated treatment effects: using standard model selection procedures may lead to
choosing equally defensible models that, however, produce substantially heterogeneous
results. By using BMA-based estimates, we find a much more coherent picture: signifi-
cant effect of the rebate on food consumption only for liquidity constrained households,
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1. Introduction

Propensity Score Matching (PSM) (Rosenbaum and Rubin, |1983) is a standard tool
for treatment evaluation in observational studies and it has been used in a wide range
of economic applications. The centrepiece of PSM is a binary model for the Propensity
Score (PS), namely the conditional probability of being treated given a chosen set of
characteristics; unfortunately, practitioners often build this binary model with little
attention to the choice of explanatory variables, despite the fact that the selection of
controls can dramatically affect the matching and, as a result, the estimate of the causal
effect (Heckman et al., [1997; |Caliendo and Kopeinig, 2008).

From a theoretical standpoint, the consequences of model selection can be assessed
in terms of the so-called bias-variance trade-off. Using all the available covariates in the
binary model may be tempting, to gain model flexibility and reduce the approximation
bias. However, over-parametrisation may lead to violations of basic assumptions of
PSM, such as the common support and balancing conditions, as well as to overfitting
and to a larger variance of the estimator. Parsimonious models, on the other hand, may
produce an inconsistent treatment effect estimator because of relevant omitted variables
(Heckman et al., 1997).

In some cases, economic theory may provide some background information to guide
the practitioner in the choice of covariates, albeit on a case-wise basis and depending
on the specific treatment analysed. Therefore, more general strategies have been put
forward by the literature to help overcome this impasse. Rosenbaum and Rubin, (1984)
suggest using the PS along with stratification matching and adjusting the set of covari-
ates with interactions or higher order polynomials, as long as the balance conditions are
met. The same recommendations are made by |Dehejia and Wahba/ (1999). Rubin and
Thomas| (1996) point out that discarding covariates should be always a mindful decision
motivated by the balancing conditions. [Millimet and Tchernis (2009)) emphasise instead
the advantage of estimating redundant models over parsimonious ones whenever the bias
reduction is larger than the increase in variance, arguing that overfitting has no negative

consequences.



Bryson et al. (2002) warn on the opposite problem of including too many variables,
as efficiency would be often affected in empirical applications. In addition, they also
question the quality of the resultant matching when redundant variables are included.
There is also a related stream of literature dealing with treatment effects evaluation
in cases where the number of covariates is larger than the number of observations and
where model selection is tackled via the sparsity assumption and LASSO-like estimators
(Belloni et al., 2014} 2017; |Chernozhukov et al., [2018). Finally, Brookhart et al.| (2006])
take an intermediate position between parsimonious and inclusive specifications: vari-
ables that are unrelated to the treatment assignment but related to the outcome should
always be included, whereas the converse is not necessarily true.

In our view, the lack of a unique modelling strategy for the PS is a consequence
of the impossibility of choosing the true model specification, especially in the light of
the fact that empirical analysis entails, in practice, a large number of decisions that
have to be made about the problem at hand, each of which could steer the results in a
completely different direction, as convincingly shown by [Huntington-Klein et al.| (2021]).
As a consequence, a problem of model uncertainty (Chatfield, |1995) is introduced by
conditioning the analysis on a single model specification, under the assumption that
such specification is the true one.

However, model uncertainty can also be dealt with by averaging estimates from a
range of different models, using weights that reflect the models’ goodness of fit. Model
averaging can be performed either in a frequentist or a Bayesian framework, where the
latter provides an immediate interpretation of weights as model probabilities and a direct
measure of the relative importance of covariates in the model specification. Moreover,
computational techniques based on Markov Chain Monte Carlo (MCMC) samplers make
Bayesian Model Averaging (BMA) computationally feasible even in high-dimensional
model spaces. See Steel (2020]) for a detailed discussion on the advantages of BMA over
the frequentist model averaging approach.

The usage of BMA and related methods in applied economics varies widely by field:

for example, in the empirical literature on economic growth BMA has become a relatively



standard tool (see e.g., |Brock and Durlauf, 2001; Fernandez et al., [2001b; [Sala-i-Martin
et al., |2004; Horvath, [2011; Eris and Ulasan, 2013; Man, 2015). In the context of policy
evaluation, notable contributions include Brock et al.| (2003); Brock and Durlauf] (2015).

In this paper, we propose to address the issue of model uncertainty in PSM by
employing a BMA approach that improves upon previous proposals (see e.g., Kaplan and
Chen (2014); Zigler and Dominici| (2014)) and is highly accurate and computationally
efficient. We employ the Reversible Jump MCMC (RJMCMC) sampler (Green, 1995;
Holmes and Held, 2006; Lamnisos et al.l [2009), where models and their parameters
are sampled simultaneously, and the PS distribution along with them. While BMA is
routinely used with linear models, more solutions for more general cases, such as binary
dependent variable models, have been devised only recently. To this end, we use the gretl
package ParMA (see |Lucchetti and Pedini, 2021)), in which the RIMCMC sampler can be
applied to Generalised Linear Models, thereby making it possible to perform full BMA
on a proper binary model for the PS instead on relying on the approximation provided by
a linear probability model. Therefore, we frame PSM as a three-step procedure, where
the three steps are (a) the PS model (b) matching and (c) treatment effect evaluation.
In this way, the model uncertainty issue directly affects only the PS and the related
model probabilities can be attached to each treatment effect estimator.

Our proposed method is used for evaluating the economic impact of the 2014 Italian
tax credit reform (Decree Law 66/2014), also known as “Renzi bonus”, which introduced
a monthly wage increase of about €80 for all employees with an annual gross income
between €8145 and €26000. We use data from the Survey of Household Income and
Wealth (SHIW) issued by the Bank of Italy and estimate the treatment effect of the tax
rebate on different types of monthly consumption, such as total, food, nondurables, car-
related, and other durables consumption. In line with the results provided by [Neri et al.
(2017), who evaluated the effect of the Renzi bonus using the same data, we find a role of
liquidity constraints, as the treatment effect is significant only on the food consumption
of households who report greatest difficulty to make ends meet. In addition, we show

that accounting for model uncertainty leads to different evidence than that produced by



a standard model selection procedure, which would point toward an increase in food and
other nondurables consumption for all households.

The rest of the paper is organised as follows: in Section [2| we briefly introduce the
mechanisms driving the consumption effects of tax rebate and illustrate the Italian 2014
policy intervention; Section [3|describes the proposed BMA for PSM; Section [ introduces
the SHIW dataset and reports the relevant descriptive statistics; Section [b| provides the

estimation results; Section [6] discusses the results and contains the final remarks.

2. Background

Tax rebate policies are common stabilising instruments applied by policymakers to
reduce the impact of the business cycle: these fiscal interventions are aimed at increasing
household spending, thus countering the negative effect of recessions. Yet the effective-
ness of tax credit policies is widely debated (Shapiro and Slemrod, 2003a.b, |2009)). On
the one hand, the permanent income hypothesis predicts that transitory policy inter-
ventions should not affect consumption: if individuals smooth consumption over their
lifetime, a tax rate is effective only as long as is perceived as permanent. Moreover, the
intervention might be anticipated, which makes it more difficult to analyse if consumers
adjust their behaviour before actual implementation. On the other hand, if households
face liquidity constraints, an increase in disposable income could raise consumption to-
wards its life-cycle/desired level, thereby generating a positive effect.

A thorough review of the main theoretical issue on the subject is contained in [Jap-
pelli and Pistaferri (2010) or |Jappelli and Pistaferri (2017)), who also point out that, in
addition to the expectation and liquidity effects, income increases may affect consump-
tion in an asymmetric way compared to income decreases. Liquidity constraints can
also be due to the asset structure of the household, as argued by [Kaplan and Violante
(2014), who analyse the issue of the “wealthy hand-to-mouth”.

Empirical literature, on the other hand, has relied either on dedicated surveys, where
respondents are asked how they wish to use their extra funds (see |Neri et al., 2017, for a

review) or on expenditure survey microdata, such as the one employed in this paper. As



for the evaluations on general household consumption and expenditure surveys, Wilcox
(1989), |Parker| (1999)), and [Souleles (2002) find a positive effect of tax rebates. The
findings provided by [Souleles| (1999)) suggest that tax refunds are used for non-durables
by low-income/low-liquidity households, thus finding evidence of the role of liquidity
constraints, whereas high-income/high-liquidity individuals seem to prefer durables ex-
penditure. Johnson et al. (2006) find confirmation of a positive effect of tax rebate
policies, whose magnitude seems to be more pronounced in the case of liquidity con-
straints. According |Agarwal et al. (2007)), consumers initially tend to save the bonus,
by increasing their credit line and thereby paying off debt, while an increase in spending
occurs afterwards. Finally, [Parker et al.| (2013) find that households spend most of the
rebate in durables.

Most empirical literature that used micro data to ascertain the consumption effects of
tax rebates has focused on econometric specifications in which the dependent variables is
the change in consumption, controlling for a number of socio-economic characteristics of
the household (see for example |[Johnson et al., 2006} Parker] (1999; Parker et al., 2013)).
Such model specification can be seen as a reduced-form formulation, which is meant
to address the potential identification issue stemming from endogenous selection on
observables, as households characteristics may indeed determine treatment participation.
For this reason, in the empirical application we propose, we adopt a similar choice for
the set of covariates in the binary equation when building PS matching variable.

Furthermore, empirical evidence from micro data has been found to be rather sensi-
tive to methodological choices. For example, Heim! (2007) warns that the insights from
these empirical findings should be interpreted with care: results tend to vary depending
on the selected sample, the targeted expenditure component, and the set of regressors
used in the treatment evaluation model. It is worth recalling that the positive effect on
consumption of tax interventions is only partly supported by the theoretical background
and its evidence in empirical studies might well be the result of non-obvious modelling
choices. Conclusions on the effectiveness of these policies should therefore be drawn with

caution, considering how costly they may be.



According to Government estimates, the 2014 Italian Decree Law 66/2014, also
known as “Renzi bonus”, entailed a total transfer of €5.9 billion to households (for
about 10 million employees), which amounts to 0.4% of GDP. From a technical point of
view, the tax rebate was translated into an increase in the monthly salary or pension by
€80. Recipients were payroll employees or retired workers with a total annual income
between €8145 and €26000. The rebate was delivered directly in the monthly check,
starting in May 2014. Because the eligibility status was based on the 2014 income, which
has been verified only in 2015, several cases of classifications of people near the lower
threshold have occurred. In fact, it was estimated that about 1.5 million people were
incorrectly classified as eligible, and had to reimburse their bonus. Finally, it is worth
noting that the standard bonus amount of €80 was reduced for those people whose in-
come was €24000-26000 and for workers who found a job in 2014, as the bonus was
proportional to the number of months spent in employment during the year.

Neri et al.| (2017) provide some empirical evidence of the 2014 tax rebate based on the
SHIW dataset, by extracting a panel for the years 2012 and 2014, using PSM to match
treated and control groups and finally evaluating the treatment effect by difference-in-
difference. On the one hand, this way of performing difference-in-difference eliminates
some between-group heterogeneity, thus making the parallel trend assumption likely
to be satisfied in practice. On the other, the procedure can be viewed as pure PSM
where the outcome is the difference between consumption/expenditure in 2014 and in
2012. The estimated change in household expenditure amounts to 50%-60% of the sum
received, with larger responses for low-liquidity /low-income households, thus confirming
a role for liquidity constraints. Using the same data from the SHIW,|Andini et al. (2018)
argue, instead, that the effectiveness of the Renzi bonus could have been enhanced by
a targeted choice of recipients: a new treated group is defined via machine learning
techniques, starting from the assumption that individuals who have difficulties to make
ends meet are more sensitive to income shocks. Addressing the policy to those households

only would have led to a 40% larger effect on food consumption than the actual one.



3. Methods

8.1. Propensity Score Matching and Model Uncertainty

Within the frequentist framework, model averaging for PSM has been considered by
Kitagawa and Muris (2016) and Xie et al| (2019). Most literature, however, relies on a
Bayesian approach, that we briefly describe in this section.

Let D; be a treatment binary indicator for the ¢-th individual, ¢ = 1,...,n, with
D; = 1 for treated subjects and call X the n x k matrix holding their pre-treatment
characteristics: in the context of our application, D; = 1 for bonus recipients. The
number of possible subsets of the columns of X is 2¥; let M be the set of models (the
model space), with M; being its j-th member (j = 1,...,2%); also, define X, as the
matrix containing the corresponding subset of columns of X.

The PS, the conditional probability of being treated given a chosen set of character-

istics, is usually described via a generalised linear model of the form
9 (E[Dilzi]) = x;84, (1)

where g (-) is an appropriate link function associated with a binary choice model, x;; is
the vector of covariates for individual ¢ from matrix X;, and 3; is the parameter vector
of model Mj. In other terms, j indexes the 2% possible models for the probability of
being a recipient household, given its characteristics.

PSM is traditionally performed sequentially: first, a given model M; is estimated by
Maximum-Likelihood (ML) and the estimated probability of having received the bonus
(the propensity score) is computed; then, households are matched by choosing for each
recipient one or more non-recipient households with similar PS.

The exact technique we employ is nearest neighbour matching with replacement: each
treated unit is paired to the control unit with the closest PS, where the same control
individual can be matched more than once. To enhance the quality of the matching
scheme, a maximum PS distance which is acceptable matching, may be set; this is
known as caliper. In order to further investigate the quality of the match, balancing

conditions should be verified by testing the similarity between the two groups: a quite



popular approach (Rosenbaum and Rubin, 1983)) involve testing if there are significant
differences in regressor means.

Finally, the treatment effect of interest is evaluated as the mean difference in the
outcome y between matched units; in our application, the outcome y corresponds to
the monthly average consumption of different categories. Therefore, the treatment ef-
fect is the difference in consumption between recipient households and comparable non-
recipients. In the following, we consider the average treatment effect on the treated
(ATET), which is often considered the most relevant quantity in empirical applications
and measures the effects on individuals for whom the treatment is intended; conse-
quently, in our application the ATET measures the increment in spending due to the
bonus. Standard unconfoundedness and overlap conditions (see e.g., Rosenbaum and
Rubin, |1983)) needed for the identification of the ATET, are assumed to hold.

Following the notation in |Caliendo and Kopeinig (2008), the PSM estimator of the

ATET can be viewed as the estimator of

Vi = Epr(a;) pi=1{E [v:(1)|Di = 1, Pr(x;;)] — E[y:(0)|D; = 0, Pr(zi;)]}, (2)

where Pr(x;;) = E[Dj|z;;] is the PS and y;(1) and y;(0) are the so-called potential
outcomes. Since the ATET depends on the initial choice of the PS model M;, the v
parameter also bears the subscript j.

As discussed in Section the choice of using one model M; implies an assumption on
a true model specification, to which the parameter 7; corresponds. If model uncertainty
is taken into account, the possibility to choose among the 2¥ specifications in M calls for
a model averaging procedure. By exploiting the sequential nature of PSM, it is possible
to link directly the uncertainty affecting the PS model to the subsequent treatment
effect estimation. In a frequentist setting, a model averaging estimator 4,,, is given
by averaging model specific treatment effect estimates 4; across the model space M.

Formally, we have
2k
Yara = Z Yiwss (3)
j=1

where w; is the model’s weight.



Equation is translated into the BMA framework by considering M; and v; as ran-
dom variables: the model-specific weights w; are computed via the posterior probability
for the PS model, which can be expressed as

p(D|M;)P(M;)
P(D) ’

wj = P(M;|D) =

where D is the data (treatment assignment, outcome variable, covariates), p(D|M;) is
the marginal data density (also known as marginal likelihood) and P(};) is the prior
distribution for model M;. Following |Zigler and Dominici (2014), who define the model
averaging posterior distribution for the causal effect, the treatment evaluation problem
for the PSM ATET parameter v can be expressed in terms of posterior expected values

of the model-specific vy; as

2k

E(y[D) = Y E(v|D, M;)P(M;|D).
j=1

By exploiting the “intermediate Bayesian” methodology in |An| (2010)), further discussed
by Kaplan and Chen| (2012), we can obtain the estimated counterpart of the above

equation as
2k
'3/BMA = Z'S/jwj (4)
j=1

where 4; is a frequentist estimator of the ATET in and w; is the estimated posterior
model probability.

In practice, Equation is problematic to compute. First, it is analytically in-
tractable because in general there is no closed formula for model weights. Second, for
realistic values of k the cardinality of the model space is too large to make direct com-
putation feasible. Finally, posterior probabilities must be estimated not only for the PS
models P(M;|D) but also for the parameters 8; in : the complication arises because
closed-form posterior probabilities are generally not available.

The solutions put forward in the literature range from simple approximations (such as
using the Bayesian Information Criterion, BIC, for the model posterior probabilities and

the ML estimate as the mean of parameters posteriors), to more sophisticated approaches
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such as the conjugate prior method (Chen et al., 2008), the Stochastic Search Variable
Selection (SSVS) by |George and McCulloch| (1993)), and the RIMCMC (Green, [1995),
which is what we adopt here.

In standard BMA applications (Madigan et al., 1995; Hoeting et al., [1999) the model
and related parameters can only be retrieved via two-step procedures: model posteriors
are computed first, and in a second step the related parameters are obtained via an
additional MCMC from each sampled model. In the RIMCMC approach, instead, the
model and related parameters are sampled simultaneously at each MCMC iteration and
the model averaging posterior distribution of the parameter vector is immediately avail-
able, as well as the estimated posterior model probability, which is simply the empirical
frequency of a model being selected over the MCMC iterations. As will be argued in the
next subsection, the exploration of the full model space reduces to those specifications
with a higher posterior probability. Moreover, since parameter posteriors are available,
the sample of parameters from RJMCMC can be used to compute a sample of PSs,
whose distribution encompasses the variability within each single model and between
different models.

The RJMCMC approach overcomes many limitations of other BMA approaches ap-
plied to PSM: Kaplan and Chen| (2014)), for example, adopted a two-step strategy in
which PS model probabilities are first approximated by the BIC and used to sample
model specific parameters by MCMC, that are then employed to compute the PS and
the resulting treatment effect. This approach, however, is not based on simultaneous
sampling of models and parameters, which leads to computational inefficiency and low
estimation accuracy. |Zigler and Dominici (2014), on the other hand, overcome these
limitations by means of the SSVS, which allows for the simultaneous sampling of model
and parameters, but PSM is framed within the control-function approach: the outcome
equation is specified as a function of both the treatment and the PS, along with a set of
controls. However, this gives rise to the so-called “feedback effect”: since some covariates
may appear in both equations, for the PS and outcome, posterior distributions for the

outcome models can affect the ones for the PS model. This issue has been extensively
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debated, as it can severely undermine the reliability of the whole PS apparatus (see
also |Cefalu et al., 2017). Our RIMCMC methodology is fully compatible instead with
the standard sequential framework for PSM estimation, which shields our procedure
from feedback effects, that may hamper estimation of the ATET. Finally, compared to
the SSVS approach, RIMCMC does not require strong parametric assumptions on the
the priors and link function specification. This makes SSVS more binding but, at the
same time, computationally more convenient; in this application, however, we mitigate
the greater computational burden of RIMCMC by CPU parallelisation granted by the

ParMA package.

3.2. The RIMCMC technique

Formally, the RIMCMC technique can be seen as a variation of the standard Metropolis-
Hastings scheme (Hastings, [1970), where computer-generated random draws are used to
analyse via simulation the posterior distributions of interest. The main difference be-
tween Metropolis-Hastings and RJIMCMC lies in the fact that in the latter the size of
the vector of parameters of interest 3 is allowed to change across simulations.

The algorithm can be briefly described as follows: given an initial model M), a
model MW is proposed by adding or dropping one or more variables from M(©) according
to a proposal distribution ¢(M M [M©). The vector B (the parameter vector of M (1))
is generated via the following rule: first, random entries 1) are put in the appropriate
places for the new explanatory variables that are in M) but not in M©: then the
resulting vector is transformed via a differentiable function f(-), so that 81 = £(8(%).
This process is then iterated so as to obtain M2 from M®) and so on.

Suppose for example to have k = 3 covariates 1, 2, 3 with the related set of pa-
rameters f31, B2, B3 and assume to start, at iteration h — 1, from M®"—1 = (x1,x2).
If the proposal distribution draws a new specification by adding x3, then M (h) —
(x1, T2, x3). Since the dimension of the new model is larger, in order to compute
B = (ﬂ%h),ﬁéh),ﬁéh)) an additional term v is needed: g1 = (ﬂfhil),ﬂéhfl)) —
B0 = (B0, 0,

12



The probability of accepting a movement from (M(h_l),,@(h_l)) to (M(h), B") is

P ™, BW|D)q(M "D |a)
' P(MGB=1), =) D)g( MMM =1))

8f(ﬁ(h), M(h)7 u(h))

! D(BM, ME)_ B

a = min

. Z(u(h))]

where P(M (h) ,B(h)]D) is the target distribution, i.e. the joint posterior for the couple

Af (BN M) 44 (h)
(M(h)n@(h))) 6((ﬁ(h),M(h),u(h)))

of the density distributions of u referring respectively to M® and M"Y In the

is the Jacobian term, and z(u(™) is given by the ratio

spirit of the Metropolis-Hastings technique, this scheme has the effect of extracting the
highest number of samples during the MCMC iterations from the models with the highest
posterior probability.

Note that the RIMCMC scheme is perfectly suited to data-rich experiments where
the number of covariates k is large: as shown by Lamnisos et al.[ (2009} [2013), RIMCMC
achieves good performance even when the cardinality of the model space becomes very
large especially if combined with suitable prior choices or multi-parallel chains. For
further details on RJIMCMC and its application to generalised linear models, we refer
the reader to the documentation of the ParMA package (Lucchetti and Pedini, 2021)).

For the PSM estimation procedure at hand, the issue of model uncertainty for the
PS model is handled by using the fact that RIMCMC delivers a sample of (3", M),
h=1,...,H. Each parameter is used to compute a PS and the related treatment effect
’Ay(h). To obtain the counterpart of Equation , we simply compute the sample mean

as

N . Zh:fAY ‘ (5)

For the posterior variance V (y|D), we can use

H ~9o(h) H ~ ~
V(~ID) = Zh:l &? Zh:1(7(h) - ’YBMA)2
(D) = ==+ T ,

(6)

where the first element on the right hand-side is the sample mean of the variances &2

of the treatment effects, and the second one is the sample variance of the treatment
estimates. In this way, we account not only for the variability of 4 due to the model

uncertainty and the PS, but also for the intrinsic variability of the parameter v itself.
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4. The data

For our empirical analysis, we use Bank of Italy’s SHIW dataset. The SHIW collects
micro-data on the economic and financial behaviour of Italian households with biannual
periodicity. It contains a sample of individuals belonging to about 8000 households across
300 municipalities, about half of which are panel households who were also interviewed
in earlier waves. Households are selected randomly in two stages: first, municipalities
are chosen from a stratified sample by region and population guaranteeing that panel
units are included, then households are drawn from each municipality. Two datasets
are available, that can be matched at the individual and household level. One dataset
is cross-sectional, which includes additional information specific to certain waves, such
as special modules for research purposes or inquiries about the effects of new reforms;
the other one is a historical dataset, that includes harmonised waves for a subset of
households since 1989.

Here, we use the 2014 wave and the historical panel data for the years 2012 and 2014.
The cross-section dataset includes information about the 2014 tax credit: whether the
interviewed household received the bonus, how many components were benefited, the
amount received and spent. As pointed out by [Neri et al. (2017)), this particular part of
the survey mirrors the one in [Shapiro and Slemrod| (2003a), who introduced the use of
survey responses to analyse tax rebate impacts. Pre- and post-treatment information is
taken from the panel datasets. For a group of panel households (some of which eligible
for the bonus) the consumption pattern can be observed across the two years and the
impact of the bonus can thus be inferred. By joining the two data sources, we build a
sample of 4459 households observed in 2012 and 2014, of which 864 were eligible for the
bonus (19.4%). Individual observations refer to households, so the assignment status
indicates whether at least one person is eligible.

The outcome variables we consider are: total consumption, food consumption, non-
durables expenditure, car-related consumption, and other durables (furniture, appli-
ances). All variables are expressed as € per month; Table [I| reports the related sum-

mary statistics for the selected sample. Total consumption decreased from 2012 to 2014
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in both treated and control units. As for specific categories, it is interesting to note that
food consumption, car consumption and other durables increased in 2014 for the treated
group, whereas non durable consumption decreased.

The covariates used to build the PS model are described in Table 2 where the
main summary statistics are also reported. These variables pertain to the pre-treatment
period 2012 and reflect individual socio-cultural and economic condition. It is important
to note that these variables are not used as factors that explain consumption choices per
se, but rather as observable features which determine the probability for a household to
include one or more bonus recipients.

As it can be seen from Table[2] most tax credit recipients belong to the blue-collar and
office worker category. However, the high share of “not currently employed” individuals
(either unemployed, or retired, or otherwise outside the labour force) in the treated group
deserves some clarification. An explanation comes from the definition of QUALP10: the
variable refers only to the declared head of household, which may differ from the actual
recipient. From the 2014 wave, it is impossible to discern which component inside
the household is the true receiver since the binary treatment assignment refers to the
household as a whole.

Bonus receivers seem to hold mainly intermediate levels of educational attainment,
while the income class is rather heterogeneous. As for the geographical area, about
50% of the units live in the North. The CONDGEN variable is particularly important
here: it contains an indicator of perceived economic hardship. Perhaps surprisingly, the
share of household who reportedly have the greatest difficulties in making ends meet is
higher among non-recipients, with treated units belonging mostly to the middle category
(moderate or little economic problems). This is a consequence of the tax rebate design,

that was mainly aimed at individuals with a steady job.
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Table 1: Outcome variables: main summary statistics

2014 2012
Full sample treated control Full sample treated control
c_tot Total consumption
mean 1948.3 2129.0 1904.9 2149.2 2326.7  2106.5
std.dev. 1174.3 1031.3  1202.3 1276.3 1107.8  1310.2
median 1683.3 1875.0  1600.0 1858.3 2107.5  1791.7
min 133.33 300.00 133.33 -583.33 -416.67 -583.33
max 15617 10742 15617 15867 11937 15867
c_food Food consumption
mean 545.08 616.61  528.37 544.95 597.85  532.23
std.dev. 295.72 281.05  296.75 301.64 283.55  304.50
median 500.00 600.00  500.00 500.00 550.00  500.00
min 50.000 100.00  50.000 50.000 50.000  50.000
max 3500.0 2500.0  3500.0 3000.0 2700.0  3000.0
c_notd Non durable goods
mean 1866.1 1989.8  1836.4 2065.8 2224.4  2027.7
std.dev. 1056.1 853.25  1097.3 1175.7 1021.1  1206.9
median 1600.0 1800.0  1600.0 1800.0 2045.0  1745.0
min 150.00 550.00  150.00 150.00 500.00  150.00
max 14200 6750.0 14200 15867 11012 15867
c_car Cars/means of transportation
mean 51.473 94.736  41.076 49.378 58.688  47.141
std.dev. 283.72 392.48  249.60 274.60 271.86  275.24
median 0.0000 0.0000  0.0000 0.0000 0.0000  0.0000
min -1000 -666.67  -1000 -2416.7 -2416.7 -1583.3
max 5166.7 5166.7  4166.7 4333.3 2083.3  4333.3
c_otherd Other durable goods
mean 30.745 44.421  27.458 34.031 43.662  31.717
std.dev. 141.04 159.27  136.11 117.06 136.67  111.73
median 0.0000 0.0000  0.0000 0.0000 0.0000  0.0000
min 0.0000 0.0000  0.0000 0.0000 0.0000  0.0000
max 4166.7 2500.0 4166.7 2750.0 1666.7  2750.0

Note: Negative values in car consumption are due the definition of the vari-

able, which includes depreciation.
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Table 2: Explanatory variables: main summary statistics (pre-treatment period)

Full sample treated control
NEQU Number of components of the household
mean 1.700 1.973 1.635
std.dev. 0.570 0.548 0.555
median 1.500 2.000 1.500
min 1.000 1.000 1.000
max 4.400 3.800 4.400
CLY2 Income class (quintiles)
category 1 0.172 0.075 0.195
category 2 0.184 0.155 0.191
category 3 0.188 0.206 0.184
category 4 0.215 0.267 0.202
category 5 0.241 0.297 0.228
AREA3 Geographical area
North 0.416 0.471 0.403
Centre 0.196 0.206 0.194
South/Islands 0.388 0.323 0.403
ETA5 Head of household age class
<30 0.025 0.051 0.019
31 —40 0.095 0.198 0.070
41 — 50 0.195 0.339 0.161
51 — 65 0.323 0.337 0.320
> 65 0.362 0.075 0.430
STUDIO Head of household educational level
None 0.038 0.009 0.045
Elementary school 0.216 0.077 0.249
Middle school 0.353 0.455 0.328
High school 0.270 0.344 0.253
Bachelor degree 0.111 0.108 0.112
Post-graduate 0.012 0.007 0.013
QUALP10 Head of household job type
Blue-collar worker 0.149 0.359 0.099
Office worker 0.136 0.292 0.098
Junior manager 0.023 0.032 0.021
Manager 0.014 0.010 0.014
Member arts/professions 0.022 0.008 0.025
Sole proprietor 0.008 0.009 0.008
Freelance 0.041 0.027 0.044
Family business 0.008 0.003 0.009
Active shareholder 0.012 0.012 0.012
Not employed 0.589 0.248 0.670
CONDGEN Perceived economic hardship
Great difficulty 0.189 0.176 0.191
Difficulty 0.159 0.174 0.156
Some difficulty 0.300 0.340 0.291
Fairly easy 0.265 0.257 0.267
Easy 0.064 0.046 0.068
Very easy 0.023 0.007 0.026
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5. Estimation results

5.1. PS models

For the RIMCMC application presented here we use a probit model for the PS, with
a uniform prior distribution for models, P(M;), and a Zellner-g type (Zellner, |1986)
for the PS model parameter vector 3;. These prior choices are standard in the BMA
framework, and can be briefly illustrated as follows: the prior probability for a model

P(M;) is given by the binomial formula

k
P(M;) =[] oy (1 — o)t~ (7)
=1

where k is the total number of covariates considered, 0 < ¢; < 1 is the prior probability
that the [-th variable is significant and dj; is a 0-1 indicator of variable inclusion. In
this exercise, we adopt the choice ¢; = 0.5 for all variables, which leads to a uniform
distribution; the implied assumption here is that all variables are treated alike and have
a 50% chance of being significant in model M;. This choice takes each PS model as
equally likely a priori and is considered a conservative choice that does not favour any
particular specification.

The choice for the prior distribution of the parameters of a given model P(5|M;)

adopts a normality assumption, as in most BMA literature:
BIM; ~ N(0,Vp;); (8)

for the prior variance Vp ; we adopted the so-called Zellner-g type prior, which assumes
Vo = n(X}X ;)7L (except for the constant, for which a diffuse prior is generally used);
this choice takes the correlation among covariates into account, differently from the
often-used ridge prior which involves Vj ; = cl;, with I; as the identity matrix and ¢ > 0
a shrinkage parameter. The intercept, moreover, is included in every model specification
so, as a consequence, all other covariates are centred (Fernandez et al., |2001a).

Our choices for the priors are fairly standard in the literature: we explore several

alternatives in section [5.3] below.
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The model proposal distribution follows the one by Madigan et al. (1995), who
propose to update the model specification at each step by simply adding or deleting one
covariate. A more complex alternative which allows for more general movement patterns
between models is also possible, but explorations in this direction made no significant
difference. As for the differential function f(-) requested for the definition of new model
parameters 3;, we refer to Lucchetti and Pedini| (2021)), where the automatic RIMCMC
sampler by Green| (2003) and Lamnisos et al.| (2009) is used. To sample models and
parameters, we use 500000 MCMC iterations with a preliminary burn-in stage of 50000.
Finally, the whole algorithm was performed using eight parallel Markov chains.

In Table [3[ we report, for each variable, the posterior inclusion probability (PIP), the
frequency with which a covariate is included in the PS specification, giving an indication
of the variable’s relevance. For the corresponding 3, we report the sample mean and
standard deviation, in two varieties: unconditional (labelled “Mean” and “St. Err.”)
and conditional on variable inclusion (labelled “C. Mean” and “C. St. Err”); the latter
are computed only on model specifications where the variable appears with a nonzero
coeflicient.

According to the PIP indicator, the number of household components and all the
income classes seem to be extremely relevant, together with the South/Islands geograph-
ical dummy. As for the age categories, the PIP for all but the 31-40 interval are close
to 1. For the education variable STUDIO, only the middle school and post-graduate
categories report a PIP greater than 0.50. For the job type variable QUALP10, we
have instead that most dummies exhibit a large inclusion frequency (with different in-
tensity) except for office workers and sole proprietors. Among the economic deprivation
dummies, the category with no perceived difficulties seems to show a significant effect.

In order to give the reader an idea of the impact of model uncertainty in the PS
model specification, we report in Table [4] the estimation results for a probit model where
all the covariates are used (Full) and for the 10 top-ranked probit models, from M1 to
M10, that are the 10 models with the largest P(M|D) from the RIMCMC sampler.

We use ordinary frequentist estimation methods so as to adhere as closely as possible
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Table 3: PS model: RJIMCMC sampling statistics for the parameter vector 3

Mean  St. Err. PIP C. Mean C. St. Err.
Intercept -1.114  0.029 1.000 -1.114 0.0291
NEQU 0.322 0.056 1.000 0.322 0.056
CLY2 (Ref: category 1)
Category 2 0.398 0.107 0.986 0.404 0.096
Category 3 0.521 0.109 0.992 0.525 0.100
Category 4 0.553 0.117 0.992 0.557 0.106
Category 5 0.585 0.135 0.991 0.590 0.124
AREA3 (Ref: North)
Centre 0.000 0.0113 0.024 0.003 0.074
South/Islands -0.130 0.091 0.739 -0.175 0.0573
ETA5 (Ref: <30)
31 —-40 -0.014 0.072 0.075 -0.185 0.196
41 — 50 -0.299 0.111 0.964 -0.310 0.096
51 — 65 -0.544 0.104 1.000 -0.544 0.104
> 65 -0.999 0.126 1.000 -0.999 0.126
STUDIO (Ref: None)
Elementary school 0.004 0.034 0.054 0.0796 0.123
Middle school 0.127 0.096 0.705 0.181 0.059
High school -0.032 0.078 0.192 -0.165 0.099
Bachelor degree -0.085 0.146 0.305 -0.279 0.126
Post-graduate -0.379 0.425 0.512 -0.740 0.292
QUALP10 (Ref: Blue collar)
Office worker -0.002 0.022 0.033 -0.049 0.108
Junior manager -0.252 0.236 0.597 -0.423 0.146
Manager -0.573  0.343 0.811 -0.707 0.224
Member arts/professions -1.169  0.213 1.000 -1.169 0.213
Sole proprietor -0.051 0.168 0.110 -0.465 0.253
Freelance -0.889 0.129 1.000 -0.889 0.129
Family business -1.294  0.330 0.999 -1.295 0.328
Active shareholder -0.535 0.327 0.803 -0.667 0.214
Not employed -0.764 0.067 1.000 -0.764 0.067
CONDGEN (Ref: Great difficulty)
Difficulty 0.002 0.017 0.034 0.054 0.072
Some difficulty 0.007 0.030 0.085 0.088 0.061
Fairly easy -0.038 0.076 0.238 -0.158 0.072
Easy -0.090 0.150 0.313 -0.289 0.125
Very easy -0.789 0.267 0.975 -0.809 0.238

Boldface is used to highlight those variables with pip > 0.5 following Raftery| (1995).
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to the common practice in PS modelling. Although BMA should not be regarded as a
model selection procedure, it is interesting to examine which models emerged with the
highest posterior probability using, for example, information criteria, such as the BIC.
Note that a full enumeration of the model space for the lowest BIC would imply, in our
case, analysing 23 models, which is of course computationally infeasible.

Alternatively, a stepwise model selection procedure to identify the best models could
be employed. However, this procedure may not be optimal, as some specifications may be
skipped simply as a result of the sequential deletion/addition of variables. In this respect,
the model space exploration provided by the RIMCMC grants a more widespread and
computationally efficient analysis of the model set.

According to the posterior model probabilities, M1 appears to be slightly more prob-
able than the others, with f’(M]|D) ~ 0.05. Interestingly, this model is also associated
with the lowest BIC value among the top 10 selected.

Finally, it is important to clarify that the values for the estimated coefficients reported
in Tables 3] and [ refer to the treatment probability estimated by the PS. Therefore,
they cannot be compared to those estimated in most previous empirical literature on
the effects of tax rebates, where the dependent variable of the model is the change in
consumption rather than the treatment binary indicator: the effects of households socio-

economic characteristics on consumption are not identified in our empirical setting.

5.2. ATET estimation

In this section, we compare the ATET estimates for our proposed BMA-based pro-
cedure with those yielded by the set of 10 top-ranked models selected according to the
sampling frequency of the RIMCMC. By focusing on the differences in the ATET esti-
mates between the two approaches we show that model uncertainty, which arises from
the application of standard model selection procedures, is likely to produce final results
that are largely dissimilar, even if based on PS model specifications with a comparable fit.
As anticipated in Section [3.1] matching is performed using pairwise nearest neighbour

with replacement, using 0.01 as caliper.
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Table 4: PS model: full and 10 top-ranked probit models (std. errors in parenthesis)

Full M1 M2 M3 M4 M5 M6 M7 M8 M9 M10
Intercept -0.275 -0.963 -0.950 -0.981 -0.984 -0.883 -0.946 -0.895 -0.967 -0.751 -0.970
(0.254)  (0.116)  (0.116)  (0.116)  (0.115)  (0.118)  (0.116)  (0.118)  (0.116)  (0.120)  (0.115)
NEQU 0.291 0.345 0.341 0.347 0.301 0.307 0.336 0.306 0.343 0.326 0.298
(0.053)  (0.049)  (0.049)  (0.049)  (0.047)  (0.051)  (0.050)  (0.051)  (0.049)  (0.050)  (0.047)
CLY2 (Ref: Category 1)
Category 2 0.433 0.398 0.401 0.396 0.407 0.412 0.401 0.411 0.398 0.405 0.410
(0.099)  (0.096)  (0.096)  (0.096)  (0.095)  (0.096)  (0.096)  (0.096)  (0.096)  (0.095)  (0.095)
Category 3 0.606 0.507 0.512 0.499 0.531 0.549 0.513 0.544 0.505 0.540 0.535
(0.102) (0.094) (0.094) (0.094) (0.093) (0.095) (0.094) (0.095) (0.094) (0.094) (0.093)
Category 4 0.670 0.518 0.524 0.509 0.579 0.594 0.531 0.591 0.515 0.569 0.583
(0.108)  (0.094)  (0.094)  (0.094)  (0.091)  (0.097)  (0.094)  (0.096)  (0.094)  (0.095)  (0.091)
Category 5 0.790 0.532 0.547 0.503 0.613 0.675 0.568 0.659 0.520 0.617 0.627
(0.122)  (0.099)  (0.099)  (0.099)  (0.095)  (0.108)  (0.100)  (0.107)  (0.099)  (0.102)  (0.095)
AREA3 (Ref: North)
Centre -0.021 - - - - - - - - - -
(0.067) - - - - - - - - - -
South/Islands -0.183 -0.171 -0.166 -0.172 - -0.193 -0.176 -0.195 -0.167 -0.163 -
0.061)  (0.056)  (0.056)  (0.055) - (0.056)  (0.056)  (0.056)  (0.056)  (0.056) -
ETA (Ref: <30)
31 — 40 -0.232 - - - - - - - - - -
(0.144) - - - - - - - - - -
41 — 50 -0.498 -0.280 -0.285 -0.294 -0.278 -0.288 -0.282 -0.301 -0.300 -0.306 -0.284
0.139)  (0.075)  (0.075)  (0.075)  (0.075)  (0.075)  (0.075)  (0.075)  (0.075)  (0.076)  (0.075)
51 — 65 -0.742 -0.513 -0.522 -0.521 -0.524 -0.517 -0.514 -0.525 -0.531 -0.562 -0.533
(0.138)  (0.074)  (0.074)  (0.074)  (0.073)  (0.074)  (0.074)  (0.074)  (0.074)  (0.075)  (0.074)
> 65 -1.222 -0.954 -0.965 -0.956 -0.962 -0.959 -0.958 -0.961 -0.967 -1.059 -0.973
(0.155)  (0.097)  (0.097)  (0.097)  (0.097)  (0.097)  (0.097)  (0.097)  (0.097)  (0.099)  (0.097)
STUDIO (Ref: None)
Elementary -0.268 - - - - - - - - - -
(0.195) - - - - - - - - - -
Middle school -0.194 0.174 0.168 0.191 0.187 0.171 0.173 0.186 0.185 - 0.181
(0.195) (0.052) (0.052) (0.052) (0.052) (0.052) (0.052) (0.052) (0.052) - (0.052)
High school -0.362 - - - - - - - - -0.180 -
(0.199) - - - - - - - - (0.059) -
Bachelor -0.491 - - - - - - - - -0.320 -
(0.211) - - - - - - - - (0.090) -
Post-graduate -0.954 - -0.579 - - - - - -0.611 -0.807 -0.603
(0.327) - (0.258) - - - - - (0.259)  (0.263)  (0.258)
QUALP10 (Ref: Blue collar)
Office worker -0.058 - - - - - - - - - -
(0.082) - - - - - - - - - -
Junior manager -0.413 -0.435 -0.422 - -0.439 -0.393 -0.418 - - -0.403 -0.424
(0.152)  (0.141)  (0.141) - (0.141)  (0.141)  (0.141) - - 0.141)  (0.141)
Manager -0.668 -0.748 -0.678 -0.697 -0.770 -0.733 -0.743 -0.686 -0.627 -0.619 -0.697
0.228)  (0.210)  (0.215)  (0.210)  (0.210)  (0.212)  (0.211)  (0.212)  (0.215)  (0.217)  (0.215)
Member arts/prof. -1.141 -1.218 -1.181 -1.174 -1.218 -1.181 -1.192 -1.139 -1.137 -1.127 -1.181
(0.211)  (0.201)  (0.201)  (0.200)  (0.201)  (0.202)  (0.201)  (0.201)  (0.200)  (0.202)  (0.201)
Sole proprietor -0.461 - - - - - - - - - -
(0.249) - - - - - - - - - -
Freelance -0.937 -0.898 -0.902 -0.869 -0.900 -0.891 -0.897 -0.865 -0.874 -0.907 -0.903
(0.134)  (0.127)  (0.127)  (0.127)  (0.127)  (0.127)  (0.127)  (0.127)  (0.127)  (0.128)  (0.127)
Family business -1.346 -1.250 -1.261 -1.210 -1.257 -1.261 -1.257 -1.226 -1.223 -1.301 -1.269
(0.321)  (0.313)  (0.314)  (0.313)  (0.314)  (0.317)  (0.315)  (0.317)  (0.313)  (0.315)  (0.315)
Act. shareholder -0.733 -0.672 -0.679 -0.633 -0.630 -0.680 -0.674 -0.645 -0.642 -0.679 -0.639
(0.216)  (0.210)  (0.210)  (0.210)  (0.210)  (0.211)  (0.211)  (0.210)  (0.210)  (0.211)  (0.210)
Not employed -0.822 -0.773 -0.775 -0.748 -0.781 -0.763 -0.766 -0.740 -0.751 -0.793 -0.782
0.073)  (0.063)  (0.063)  (0.063)  (0.063)  (0.063)  (0.063)  (0.063)  (0.063)  (0.064)  (0.063)
CONDGEN (Ref: Great difficulty)
Difficulty -0.013 - - - - - - - - - -
(0.087) - - - - - - - - - -
Some difficulty -0.023 - - - - - - - - - -
(0.082) - - - - - - - - - -
Fairly easy -0.188 - - - - -0.180 - -0.192 - - -
(0.094) - - - - (0.065) - (0.065) - - -
Easy -0.328 - - - - -0.330 -0.232 -0.355 - - -
(0.136) - - - - (0.115) (0.109) (0.115) - - -
Very easy -0.859 -0.741 -0.753 -0.758 -0.739 -0.886 -0.776 -0.910 -0.770 -0.706 -0.751
(0.240)  (0.221)  (0.222)  (0.222)  (0.221)  (0.225)  (0.222)  (0.226)  (0.223)  (0.224)  (0.222)
BIC 3633.0 3563.4 3566.2 3564.8 3564.5 3567.7 3567.1 3567.3 3567.0 3568.6 3566.8
P(M|D) - 0.0487  0.0231  0.0188  0.0170  0.0165  0.0143  0.0138  0.0118  0.0105  0.01039
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Table[5|reports the balancing properties resulting from the matching in the RIMCMC
PS models. In order to assess the quality of the matching procedure, we perform paired
and unpaired t-tests on the variables mean difference between treated and control units.
As a summary measure of the test rejection rate, we use here the average p-value of
the above tests, conditional on variable inclusion, over the 500000 RJIMCMC samples;
in other words, we average the p-values over all models that include that particular
variable.

The PIP associated with each variable is reported in Table |3} As Table [5|shows, the
null hypotheses of no mean differences in the covariates between the treated and control
group, in both the paired and unpaired case, cannot be rejected.

The ATET estimator is computed in the same way as |Neri et al.| (2017): we take
the difference between the 2014 and 2012 consumption ATET values, using the same
matching group for both. This strategy produces an outcome equivalent to a difference-
in-difference, where the comparison groups are adjusted for PS (sometimes known as
propensity score diff-in-diff). Similar results could be obtained by taking as outcome
variable the consumption difference between 2014 and 2012: even if the final ATET
estimate will be the same, a different standard error will be produced. These results are
not presented, but available upon requests.

Figure [1] shows the distributions of the ATET estimates across the model space for
the five outcomes we consider. Each panel contains a kernel estimate of ATET density
across the whole set of sampled models. All plots span a large range in ATET values.
Null or negative impacts of the tax rebate can be found on the left tail of the densities
for total, nondurables, food and other durables consumption; the probability of such
effects is even larger for car-related expenditure.

The final BMA estimates of the ATET are reported at the top of Table [6] where the
averages across samples are computed as in Equation and the associated standard
error is evaluated as the square root of the variance in Equation @ Note that none
of the ATET estimates are statistically significant. For comparison, the rest of the

Table reports the ATET estimates based on the selected specification choices for the PS
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Table 5: Balancing conditions in BMA-RJMCMC: Paired and Unpaired t-tests p-values

Unpaired p-value Paired p-value

NEQU 0.62100 0.42821

CLY2 (Ref: Category 1)

Category 2 0.53506 0.32832
Category 3 0.57794 0.38833
Category 4 0.53781 0.3228
Category 5 0.62168 0.41719

AREA3 (Ref: North)
Centre 0.37074 0.24227
South/Islands 0.51887 0.32847

ETA5 (Ref: <30)

31 —-40 0.48597 0.32464
41 — 50 0.62956 0.43011
51 — 65 0.61098 0.36042
> 65 0.69072 0.35273

STUDIO (Ref: None)

Elementary school 0.66068 0.48884
Middle school 0.40851 0.21517
High school 0.45373 0.26462
Bachelor’s degree 0.51339 0.37247
Post-graduate 0.43066 0.41001

QUALP10 (Ref: Blue collar)

Office worker 0.61926 0.42765
Junior manager 0.60105 0.48635
Manager 0.49527 0.42713
Member arts/professions 0.60515 0.48871
Sole proprietor 0.39222 0.38406
Freelance 0.59269 0.45853
Family business 0.58023 0.49427
Active shareholder 0.40669 0.37210
Not employed 0.75256 0.50859

CONDGEN (Ref: Great difficulty)

Difficulty 0.22100 0.13715
Some difficulty 0.57952 0.41325
Fairly easy 0.62906 0.45421
Easy 0.55725 0.43848
Very easy 0.61658 0.50111
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Figure 1: ATET distributions across the model space
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model, that are Full and M1 to M10. Test results for the related balancing conditions
are available upon request.

Note that the results produced by models M1-M10 are quite heterogeneous. To
be more specific, models M1, M2 and M6 produce a significant effect for total, non-
durables and food consumption, model M4 and M10 show significant ATET for food
consumption while models M8 and M9 exhibit significant effects for nondurables/food
and total/nondurables consumption, respectively.

The implication of Figure [I] and Table [6] is clear: blindly committing to model se-
lection methods may lead to ignoring the fact that very similar specification, nearly
equivalent in terms of fit and Information Criteria, may lead to dramatically different

estimates of the ATET.
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Table 6: ATET estimates: BMA, Full and 10 top-ranked models

BIC ATET
c_tot c_food c_notd c_car c_otherd
BMA 77.042 25.192 65.008 4.837 7.196

(77.394)  (20.630)  (66.969)  (32.857) (11.159)

Full  3633.0  59.398 23.519 51.373  13.207  -5.272
(72.915)  (20.004)  (64.384)  (22.978) (10.049)

M1 35634 102.826 * 33.083 **  90.360 *  2.320  10.137
(61.661)  (15.803)  (54.292)  (20.734) (8.594)

M2  3566.2 120.210 * 36.187 ** 114.348 **  1.013  4.850
(64.365)  (16.083)  (56.676)  (20.642)  (8.745)

M3 3564.8  70.292 25.430 64.482 5898  -0.089
(62.055)  (15.949)  (53.891)  (21.300)  (9.961)

M4 35645  80.933  29.035*  87.173  -13.498  7.258
(61.708)  (16.024)  (53.681)  (22.854) (8.835)

M5 3567.7  91.222 27.845 60.156  29.010  2.056
(63.273)  (17.215)  (54.031)  (23.628)  (8.955)

M6  3567.1 116.920 *  32.164 *  98.521 *  6.220  12.188
(62.398)  (16.429)  (53.931)  (21.578)  (9.461)

M7 3567.3  69.808 17.924 43.890  14.364  11.554
(64.815)  (17.383)  (57.261)  (21.579)  (9.147)

M8  3567.0  88.561 38410 **  98.652*  -11.562  1.472
(63.614)  (16.510)  (55.961)  (21.027)  (8.502)

M9  3568.6 118.153 ¥*  9.884 98.390 *  19.230  0.534
(57.801)  (17.447)  (51.281)  (20.694)  (8.724)

MI10  3566.8  44.476  34.488 ** 72549  -30.044  1.970
(61.937)  (15.785)  (53.624)  (23.337)  (8.976)

*

: p-value < 0.10, **: p-value < 0.05, ***: p-value < 0.01. Standard errors in
26
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In order to further investigate the potential role of liquidity constraints, we estimate
the effect of the tax rebate on a subset of households that are subject to financial
strain and/or economic deprivation. Following Neri et al| (2017)), two subsamples are
selected. The first one is based on financial wealth, where a household is classified as
liquidity constrained if its net financial wealth (difference between financial activities
and liabilities) is smaller than half of its labour income (Broda and Parker, [2014). The
second one embeds those families who perceive great difficulties to make ends meet, i.e.
those belonging to the first category of the CONDGEN variable.

Table [7] reports the ATET estimates for the BMA-based PSM: the effect of the tax
rebate on food consumption is statistically significant if only households facing economic
deprivation are considered, which validates the liquidity constraint hypothesis. It is
worth emphasising that a model selection procedure would have led us to conclude that
the rebate was effective (see the ATET for food and nondurables consumption using M1
in Table @ for the whole sample of households, which would have been somewhat at
odds with extant evidence in the related literature. Instead, model averaging coherently
points toward a role for liquidity constraints, as the tax rebate has a significant effect on
food expenditure only for those households struggling to make ends meet. This example
effectively shows that model selection matters and how BMA makes it possible to handle
model uncertainty, leading to a more complete portrait of the phenomenon and a more

genuine evaluation of the ATET.

5.8. Robustness analysis

In order to assess the robustness of our results with respect to the modelling choices
we made in terms of priors, we ran two variations on the procedure used in the previous
subsection. First, we adopt different choices for the model prior P(M;); next, we consider
an alternative possibility for the priors on the coefficients P(5|M;).

As for the former check, we consider different values for the parameter ¢ in Equation
, that is ¢ = {0.25,0.40,0.60,0.75}. It should be noted that the cases when ¢ < 0.5

tend to favour parsimonious specifications, while ¢ > 0.5 produce models with a larger
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Table 7: BMA ATET estimates: liquidity constraints

c_tot c_food c_notd c_car c_otherd

Financial wealth 9.422 23.397 3.217 6.193 0.012
(76.538)  (23.129) (62.675) (34.451) (12.627)

Economic deprivation 9.649 79.327**  10.137 -5.340 4.912
(134.659) (37.961) (128.707) (24.708) (11.536)

*

theses. Financial wealth: 2,781 households, 628 treated (23%) - RIMCMC with 100000
iterations after 10000 of burn-in. Economic deprivation: 841 households, 152 treated
(18%). For the second subsample, the QUALP10 variable is expressed in three cat-
egories (employee, self-employed, not employed) for identification purposes as well as

the post-graduate educational level class is embodied in the Bachelor’s degree category.

RJMCMC with 500000 iterations after 50000 of burn-in.
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number of covariates. As a consequence, the extreme values ¢ = 0.25 and ¢ = 0.75 should
be considered as rather unrealistic, since they produce PS models that are extremely
tight in the former case and very large in the latter one. Given the need for balancing
bias and variance in this type of application (see Section , the results for the extreme

choices of ¢ should just be taken as a robustness check, and not as a serious modelling

possibility.
Table 8: ATET with different choices for the model prior
Total consumption Food Nondurables Car Other durables
¢ =025 11.88 (98.19) 56.07 (39.13)  47.58 (73.74)  -49.60 (59.25)  13.89 (15.47)
¢ =0.40 69.36 (81.17) 28.30 (22.86) 64.44 (67.50)  -3.20 (37.72) 8.12 (11.45)
¢ =0.50 77.04 (77.39) 25.19 (20.64)  65.01 (66.97)  4.84 (32.86) 7.20 (11.16)
¢ = 0.60 80.20 (76.66) 23.10 (20.64) 63.23 (67.29)  10.37 (30.65) 6.60 ( 11.10)
¢ =0.75 80.03 (76.24) 20.05 (21.16)  56.99 (67.26)  17.32 (29.01) 5.72 (11.04)

The results for the ATET are shown in Table [§, where the middle line ¢ = 0.5
reproduces our earlier estimates for ease of comparison. As can be seen, the results for
the ATET are qualitatively homogeneous in all cases; the largest discrepancies arise in
the ¢ = 0.25 case and the category which appears top be most affected by different
choices of ¢ is “car”. In all cases, the balancing conditions were met.

The robustness check we carried out on the the coefficient priors is based on replacing
the Zellner-type prior in with an identity matrix (i.e., Vo ; = I;). This choice gives
rise to a ridge prior, which is the most commonly employed alternative in the BMA
literature. The difference between these two possibilities lies in the different assumptions
on the correlations between coeflicients, which are data-driven for the Zellner prior and
fixed at 0 a priort for the ridge prior. With the ridge prior, the prior probability for each
coefficient ; is independent of all other coefficients in the model, thereby implementing
a position of complete agnosticism. Table [J] contains the results. Like in the previous
case, results appear to be remarkably robust, with the only possible exception of the

“car” category.
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Table 9: ATET with different choices for the parameter prior

Total consumption Food Nondurables Car Other durables
Zellner prior 77.04 (77.39) 25.19 (20.64)  65.01 (66.97)  4.84 (32.86) 7.20 (11.16)
Ridge prior 84.13 (76.70) 20.62 (21.34)  60.64 (67.47) 17.98 (29.00) 5.51 (11.03)

6. Discussion and conclusions

Model uncertainty is an impelling problem in any model building procedure, but
little attention has been devoted in the PSM literature to this topic. In this article,
we propose a BMA solution for the PSM estimation of treatment effects. Making use
of RIMCMC allows us to avoid BIC approximations of model posteriors and two-step
procedures, that reduce estimation accuracy, while framing our approach within the
standard sequential framework for PSM eliminates the risk of feedback effects affecting
ATET estimates.

Using the SHIW dataset, we estimate the consumption effects of the Italian 2014 tax
rebate. Results show that the impact of the tax rebate on consumption is quite different
across the expenditure categories considered. In fact, the additional consumption is
mainly driven by an increase in the expenditure for non durable goods. This result is
in line with that by Neri et al.| (2017)), who report similar findings for the self-reported
spending of the tax rebate in the SHIW survey. However, such increase in expenditure
is statistically insignificant for all of the consumption categories considered here.

Perhaps more interestingly, the problem of model uncertainty is evident in our ap-
plication. By using a model selection procedure, we show that slightly different choices
for the PS specification can lead to markedly different estimates of the ATET. Consider,
for instance, the estimated ATET resulting for the effects on total, nondurables and
food consumption. If one considered only the PS models with the smallest BIC (see
Section , the estimated effect would be deemed to be statistically significant. Such
results may enable the conclusion that tax credit is indeed an overall effective policy
instrument, in contrast to most theoretical literature which predicts negligible effect
due to consumption smoothing, except in the case of liquidity constraints (Jappelli and

Pistaferri, 2010; Kaplan and Violante, 2014). However, after taking model uncertainty
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into account, this positive effect is called into question, as BMA-based PSM estimates
paint a much blurrier picture, where treatment effects for all consumption categories are
hardly significant at all, except perhaps for for liquidity constrained households, in line
with previous findings (Souleles, 2002} Johnson et al., 2006; Agarwal et al., [2007)).

In our opinion, the evidence we present should make it imperative to at least consider
the issue of model uncertainty in all applied research using PS matching to evaluate
policy intervention, and a larger number of empirical applications would be most welcome

to generalise the findings reported here.
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