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Abstract

In this paper we analyze the effect of financial development on
consumption using nonparametric regression methods for panel data.
In high-income countries, financial development has a positive impact
on consumption. However, the responsiveness of consumption to financial
development decreases as the level of financial development rises. In
low-income countries, intermediate levels of financial development appear
to be associated with lower consumption, while variations in the level
of financial development in the tails appear not to affect consumption.
The response of consumption to the remaining regressors has a magnitude
and sign along the lines of what previous literature on the subject has
found. However, the results suggest that these responses are nonlinear,
depending not only on the level of the regressor, but also on the level
of financial development.
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1 Introduction

The structure of the economies and the way they work has changed markedly
over the last decades. One of the major changes of the past decades has been
the unprecedented level of financial development achieved. This development
leads to the question of whether and how what happens in the financial
system affects the rest of the economy. In particular, given the importance
of consumption smoothing across time in standard models, consumption is a
natural focus for research on the wider effects of financial development. In
fact, as Deaton (1992) stresses, most of the models of consumption assumed
that it is possible to smooth consumption over several time periods. This
implies that there is some form of a financial system in operation. Changes to
that financial system that expand or restrict the ability to smooth consumption
may therefore affect consumption. This is the primary reason for posing the
hypothesis that financial development may impact consumption. The model
in Guerrieri and Lorenzoni (2017) shows that a recession originated in the
financial system can impact consumption, as well as the interest rate and
output, through a credit crunch. Other examples of authors that show how
consumption might possibly be linked with changes to the financial system
can be found in Bandiera et al. (2000), Carvalho et al. (2012), Martin and
Ventura (2011), Dewachter and Wouters (2014) and He and Krishnamurthy
(2014).

Related to the previous argument is the possibility that financial development
may have not just a direct impact on consumption, but also an indirect
effect. The indirect impact would consist of a change in the way consumption
responds to its other, traditional, determinants. This has been studied in,
e.g., Lee (2013), Fisher et al. (2012) and Estrada et al. (2014).

In this paper we use nonparametric methods to estimate a consumption
model and analyze whether and how consumption reacts to financial development.
The nonparametric approach has two advantages over a parametric model.
First, it allows us to form an idea of what the link between consumption
and financial development might look like without imposing strong a priori
assumptions about it. Second, it allows us to dodge most of the discussion
on what form should the consumption function take, i.e., how should the
traditional variables enter it. Despite these advantages, applications of nonparametric
methodologies to the analysis of aggregate consumption analysis are relatively
scarce. Notable exceptions are Swofford and Whitney (1987), Delgado and
Miles (1997), Easaw et al. (2005), Cherchye et al. (2007), Cherchye et al.
(2009) and Bruno (2014).

The results we obtain show some evidence of a nonlinear effect of financial
development on consumption, with the effect depending on the value of the



remaining regressors as well. The effect is negative for low values of the
remaining regressors and positive for high values of the remaining regressors.
The paper is organized as follows. Section 2 describes the models and
the nonparametric techniques that we used to estimate them. Section 3
provides a brief presentation of our data. Section 4 does the same for the
nonparametric regression models. Section 6 concludes the paper.

2 Model and Methodology

2.1 Model

In this section we present the consumption model that we will use throughout
the paper to study consumption behavior and its relation to financial development.

Our choice of variables is made in line with has been done in the literature,
which gives serious importance to income, wealth and the interest rate as
determinants of consumption. Several other regressors have been suggested in
the literature over the years, such as wealth and credit, but in accordance to
the methodology we use we have to be parsimonious regarding the number of
variables we include in the model in order to avoid the curse of dimensionality
problem that plagues nonparametric estimations. Still, in the robustness
checks we contemplate the possibility of including some of these variables in
the model. Finally, we add a measure of financial development to the model
in order to test our hypothesis.

Regarding notation, despite the fact that we use panel data, in this
section and in section 2 we present the formulas concerning the nonparametric
models and techniques as if we were using cross-sectional data, i.e., we omit
the time subscript, still the notation assumes that the panel dataset includes
n cross-section units, with 7' time observations each, corresponding to a
sample of nT" observations. This is related to the way in which we deal with
the fixed effects, which is by including a discrete variable Country in the
equations.

The model of interest is a nonparametric version of a consumption function,
given by:

log C; = g(x;) + w; (1)

T; = [logY;- r; logW; FDZ-} (2)

where C' is a measure of consumption, Y is a measure of current income, r is
the real interest rate, F'D is a measure of the level of financial development,

W is a measure of wealth, g(+) is an unknown smooth function which we wish
to estimate and w; is the error term. Our choice of regressors to include in the



consumption function follows some of the standard references like Mankiw
(1982) or Ando and Modigliani (1963). We also include a proxy for financial
development as a way to assess what role does it have in the consumption
function.

We control for fixed effects by including a discrete unordered variable
Country, which identifies the country to which the observation belongs.
This is very similar to the dummy approach in the parametric setting. In
the parametric case, allowing for fixed effects is tantamount to including
individual dummies in the model. In the nonparametric case, one variable
with a different value for each country (e.g., 1 for the first country, 2 for
the second country, and so forth) is enough to control for these fixed effects.
Thus, the nonparametric model allowing for fixed effects is:

log C; = g(=;, Country;) + u; (3)

In the following sections we will be describing the methodologies used and
to this effect we use the model in equation 1 to illustrate the procedures. Our
description of the methodologies used here draws heavily on the presentations
provided by Li and Racine (2007) and Henderson and Parmeter (2015).

2.2 Nonparametric Regression - Local Linear Least Squares

The logic behind the Local Linear Least Squares (LLLS) method is that we
are minimizing the weighted squared distance between the dependent variable
and a local linear approximation to the unknown function g(-) we wish to
estimate. Taking our equation 1 as an example, expanding the function g(x;)
around x would give:

log C; = g(x;) + u;
~ gl@) + (@i — 2)B(@) + v

(4)

where () is the gradient vector of length ¢ at point . From here we move
on to the minimization problem:

i Z:; [log C; — g(x) — (x; — z)B(x)] Ky (a;, ) (5)

where K, (x;, x) is a product-kernel weighting function. The product-kernel
function takes the form:

Kp(x;,x) = Uk(wi’dh—;xd> (6)
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with k& being the univariate kernel chosen to smooth each of the regressors,
and the index d identifying the regressor in the model.

The solution, & (), to this minimization problem can be written in matrix
notation as:

Q o Ez(m) o "K(x =1 -/ z) 1o
5(x) = {5@)} — [X'K(2)X] ' X'K(x)log C (7)

In the above equation, log C' is the nT' x 1 vector of observations of the
dependent variable, X is a nT X (¢ + 1) matrix with the ith row given by
X, =[1,(x; — )] and K(x) a nT x nT diagonal matrix with the kernel
functions Kj(x;, x).

This can also be easily extended to include a discrete variable, namely
the unordered variable C'ountry. In this case the minimization problem is:

min | log C - Xa(mC)} W (2°) [1og C — X5(z°) ®)

where ¢ = (x, Country) and the matrix X is the same as in the case without
discrete regressors. W (x¢) is an nT x nT diagonal matrix containing the
product kernels W (x§, ) given by:

W(xi, x°) = Ky(z;, ) L\(Country;, Country) (9)

This product kernel—suggested by Li and Racine (2003)—admits both
the case of the continuous regressors and of the unordered discrete variable

Country. To smooth the variable C'ountry we use the kernel suggested by
Aitchison and Aitken (1976), which is given by:

1 =X if Country; = Country

% if Country; # Country

Ly(Country;, Country) = { 10)

where ) is the bandwidth for the discrete unordered variable and P is the
number of different values the discrete unordered variable can take. From
this problem we obtain the solution:

d(a) = [X'W(z)X] ™ X'W () log C (11)

2.3 Bandwidth Selection - AIC Cross Validation

We select the bandwidth using the methodology of Hurvich et al. (1998).
This method is based on the Akaike Information Criterion (AIC, Akaike,



1998). It is a version of the AIC, modified so as to be more appropriate for
model selection in the nonparametric setting. The formula for it is:

1+ tr(H)
1 nT " (12)
~92 ~ 2
= — lo Cl — xTr;
o= Z:; [log C; — §(a)]
where the matrix H is given by:
K(x1,21) K(x1,22) . K(z1,@n) ]
Y K(@i@) i K(ena) Yy K ()
(w2,%1) x2,22) . K(z2,2n)
H — ) K(m2,m) 3 K(x2,@) S K(m2,@)) (13)
K(w;L,:m) K(:E;L,scz) . K(oc;L,:tn)
L ?:Tl K(xn,x;) ?:Tl K(xp,xp) Z?:Tl K(xn,x;) |

2.4 Model Specification Test - Full Parametric against
Full Nonparametric

Naturally, when employing a nonparametric approach, one is interested in
knowing whether the additional effort is worth while. In other words, one
is interested in testing whether the nonparametric approach represents an
improvement over a parametric model. A specification test, of the null
hypothesis of a full parametric specification against a full nonparametric
specification, is described in Hsiao et al. (2007). This test has the form of a
conditional moment test— similar to that in Zheng (1996)—where the null
hypothesis is:

Ho: P [E(logCilz;) = m(z;, B)] =1 (14)

where m(+) is a known function, § is a vector of unknown parameters and ; is
a vector containing the values of the regressors corresponding to observation
7. We want the null of the test to be the full parametric linear specification,
so we set m(x;, ) = x5, i.e., the null we are interested in is:

Hy: P [E(logCilz;) =xp] =1 (15)

The test statistic is constructed through the sample analogue of:

I = Elu; B(u|@;) f ()] (16)



where u; = log C; — ;5. The sample analogue of this moment condition is:

nT nT

nT
P- LT Zq) Bi(wi|e) foi () = 2 ZZuluJ (i, x;)  (17)

i=1 j=1
J#

with the subscript —¢ indicating that it refers to the leave-one-out estimator
obtained when observation i is omitted. Additionally, W (z;, x;) is a generalized
product kernel which allows for the presence of both continuous and discrete
variables. The test statistic can then be normalized as follows:

I T RV, VO

nT nT

(18)

A2 2 2
W CCZ‘, .’.Bj)

2131
J#i

where |h| is the product of the bandwidths obtained via a cross-validation
procedure for the nonparametric regression of log C' on x. The distribution
for the test statistic can be obtained via two-point wild bootstrap.

2.5 Model Tests - Variable Significance Tests

Often, a paramount issue of interest after estimating a model is whether
the explanatory variables are statistically significant. In the case of standard
linear parametric models, the usual t-statistics will do the job. In nonparametric
models we need to use special procedures to obtain similar tests. We will
present the significance tests for nonparametric models in this section. The
null hypothesis for the tests in this section is that the variables under test do
not affect the dependent variable. We will continue to use the model given
by equation 1 to illustrate the procedures.

2.5.1 Racine (1997) test for continuous variables

The first test we use is the one proposed by Racine (1997). The starting
point for this test is the idea that if a variable is not relevant in explaining the
dependent variable, then its marginal effect should be zero over its domain.
Letting X be the vector of regressors and X ;) the set of j regressors whose
significance we are testing, the null hypothesis of this test can be expressed
- 9 E(log O] X)

H() . d=
0X (j)

=0, forall x (19)



Using an aggregate Lo norm measure, the null hypothesis can be expressed
as:
Hy: A=E(/A)=0 (20)

where ¢ is a vector of ones of length j and A is a vector whose elements are
the squares of the corresponding elements of d (the vector of derivatives with
respect to the variables under test). The test statistic is constructed using a
sample analogue of \:

55 e @

where B(x;) is the estimated gradient vector at point @;, and the second
summation sums the gradients corresponding to the j variables which significance
we are testing. This test statistic is then pivotized in two ways. The first is by
dividing the pointwise gradient estimates by the asymptotic approximations

to their standard errors (SE), thus obtaining:

(nT)~ ZZ[SE; )r (22)

The second way in which the test is pivotized is by taking the \ from
equation 22 and dividing this test statistic by an estimate of its standard
error obtained via nested resampling. The pivotal test statistic is then:

) A
SE(N)

The distribution of the test statistic is then obtained via bootstrap.

2.5.2 Racine et al. (2006) test for Discrete Variables

Now we describe the testing procedure proposed by Racine et al. (2006).
Now the starting point is that if a discrete variable has no influence on the
dependent variable, then the value it takes makes no difference to the value
of the dependent variable. In describing this test we will be using the model
given by equation 3 instead of of equation 1 as the former includes a discrete
variable, Country. The null for this test can be stated as:

Hy: E(log Clx, Country) = E(log C|x) almost everywhere (24)



where x is the vector of continuous regressors. Considering the way equation
3 is written, the null for this test can also be written as:

Hy:  g(x;, Country; = 1) = g(x;, Country; = 1) almost everywhere

(25)

forl=2...,n

This suggests that the test be based on:
I= ZE <[g(33, Country =) — g(x, Country = 1)]2> (26)
1=2

In fact, I is always non-negative and I = 0 if and only if Hj is true. One
can use the nonparametric estimate of g(-) to compute the test statistic:

nl n
I = (nT)™" Z Z[g(w,, Country; = 1) — §(x;, Country; = 1)) (27)

i=1 =2

The distribution of the test statistic is then obtained using bootstrap.

3 Data

Our dataset is a panel of yearly observations for 46 countries from 2000 to
2014. For consumption we use total household consumption expenditures,
for disposable income we use net disposable income and for the interest rate
the real interest rate. Tables 1 to 3 report information about the coverage of
the dataset, descriptive statistics and correlations.

The data for household consumption expenditures in constant 2010 prices
in local currency was obtained from the National Accounts Main Aggregates
Database (United Nations Statistics Division).

We retrieved the data for net disposable income in current local currency
from AMECO for Belgium, Denmark, Germany, Ireland, Greece, Spain,
France, Italy, Luxembourg, Netherlands, Austria, Portugal, Finland, Sweden,
United Kingdom, Norway, Switzerland, United States, Japan, Canada, Mexico,
South Korea, Australia, Bulgaria, Latvia, Lithuania, Poland, Czech Republic,
Estonia, Hungary, Romania and Slovakia; from OECD for South Africa, New
Zealand, Chile and Russia; and for all the other countries we obtained the
data from UNdata (http://data.un.org/).

The data for each country’s total wealth in current USD comes from
Credit Suisse’s Global Wealth Databooks.

Data on the interbank interest rates was collected from FRED for South
Africa, Russia, New Zealand, Norway, Mexico, Israel and Iceland; from the



Table 1: List of countries

Armenia Australia Austria
Belgium Bulgaria Canada
Chile Cyprus Czech Republic
Denmark Estonia Finland
France Germany Greece
Hungary Iceland [reland
Israel Italy Jamaica
Japan Kuwait Latvia
Lithuania Luxembourg Mexico
Netherlands New Zealand Norway
Poland Portugal Republic of Korea
Romania Russian Federation Slovakia
Slovenia South Africa Spain
Sweden Switzerland Thailand
Ukraine United Kingdom United States
Venezuela
Table 2: Descriptive Statistics
Variables N  mean sd min max
r 690 0.0404 0.0381 -0.02 0.345
log C 690 14.01 0.833 11.29 15.22
logYd 690 14.40 0.893 11.61 15.91
log W 690 10.796 1.345 7.012 13.033
FD 690 0.583  0.23  0.098 1
Table 3: Cross-correlation table
r logC logYd logW FD
r 1
logC  -0.487 1
logYd -0.487 0.982 1
logW -0.430 0.956 0.946 1
FD -0.431 0.820 0.799 0.831 1
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IMF’s International Financial Statistics for Kuwait, South Korea, Thailand,
Venezuela, Chile, Jamaica, Armenia, Australia, Canada and Switzerland;
and from AMECO for all the other countries.

To obtain the real interest rate we employ the usual formula:

1 + nominal rate

real rate = (28)

1 + inflation rate

We use data on the consumer price index obtained from the World Bank
for all countries except Chile and Venezuela (for which we resorted to FRED),
to compute the inflation rate.

To obtain the net disposable income and total wealth in real terms, we
calculated a consumption deflator using data on consumption expenditure
in current prices and consumption expenditure at constant 2010 prices. To
convert in USD we use the exchange rates from the National Accounts Main
Aggregates Database.

We then compute per capita variables for consumption, disposable income
and total wealth by dividing the real, USD measured, versions of each of these
variables by each country’s population. The data on population is retrieved
from the National Accounts Main Aggregates Database for all countries.

The broad index of financial development which we use is the final aggregation
level of a series of subindices computed in Svirydzenka (2016). The procedure
starts by applying principal component analysis to a set of financial system
data in order to obtain a measure of efficiency, a measure of access and a
measure of depth for both the financial markets and the financial institutions
of a given country. In the intermediate step, the measures of efficiency, access
and depth are aggregated for financial markets and for financial institutions.
This produces two indicators, one of the development level of the financial
markets and the other of the development level of financial institutions. The
last step aggregates these two indices in order to obtain the broad-based
index of financial development, which reflects the development of the financial
system of a country.

A last remark should be done regarding the dataset used in this paper.
This paper is the result of a chapter from a PhD thesis for which the public
funding is disclosed in the acknowledgments and from which a few other
papers have also resulted some of which share the same dataset as the present
paper, and as such a very similar data description section.

4 Results

In this section we report the results from the nonparametric regressions.
We also report in appendix the results from a fully parametric model with
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the same regressors. We used a local linear regression technique, with a
second-order Gaussian kernel for the continuous variables and the Aitchison
and Aitken (1976) kernel for the unordered discrete variable. The bandwidths
are chosen according to the Kullback-Leibler cross-validation criterion proposed
by Hurvich et al. (1998). The results in this section were obtained using the
resources available from the np package for R (Hayfield and Racine, 2008)
and from the companion website for Henderson and Parmeter (2015).

4.1 Model Specification Tests

We start with the specification tests of the full parametric formulation against
the full nonparametric alternative described in section 2.4. We performed the
test on the following parametric models:

log Ci; = Bo + w;tﬁ +uiy ()
lOg Ci,t = ﬁ() + :c;tﬁ -+ Z ’)/ZDZ + Uyt (b)
=2

where D; is a dummy variable for country ¢, taking the value 1 if the
observation belongs to that country and zero otherwise. The vector x;;
includes all the regressors in equations 1 and 2. We also performed the
specification test on the two models but without including financial development:

logCit = ap+arlogCir1 + aglogYis + asris +uir (c)

logCit = ap + a1log Ci 1 + aglog Y,y + asry s + Z viDi +up  (d)
i=2

The results reported below use the kernels and cross-validation procedures
that we described previously. The results of the tests presented in table 4
show a strong rejection of all these parametric specifications in favor of a
nonparametric approach.

Table 4: Specification Test: Parametric Vs Nonparametric

Jn p-value jn I, p-value I,
(a) 24.182 <0.01 0.015 <0.01
(b) 3.548  <0.01 0.000 <0.01
(¢) 9.592  <0.01 0.002 <0.01
(d) 4.069 <0.01 0.000 <0.01
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4.2 Bandwidths

Next we report on the bandwidths we used in estimating our model. Additionally
we report a rule-of-thumb upper bound for the bandwidths. For continuous
variables, this upper bounds is equal to two times the standard deviation of
the variable. This follows the suggestion from Hall et al. (2007). Hall et al.
(2007) argue that a cross-validation method will select very large smoothing
values (larger than a few standard deviations) for variables for that enter
linearly in a model estimated by LLLS. For the discrete variable the upper
bound is given by (P — 1)/P. In this case, if the variable hits the upper
bound this means that the variable is irrelevant in the model estimated by
LLLS.

The bandwidths we obtained for the models based on equation 3, to be
estimated, are reported in table 5, along with the upper bounds. We see that
for wealth, country and financial development, the estimated bandwidths are
below the upper bounds, providing evidence in favor of the hypothesis that
these variables influence consumption in a nonlinear way. As for income and
the interest rate the estimated bandwidth is above the upper bound in the
local linear model which suggests that this variable enters the model in a way
very close to linear.

Table 5: Estimated Bandwidths

Bandwidth | Upper Bound
logYd 23840.92 1.786
r 7480.951 0.076
log W 0.729 2.689
FD 0.096 0.460
Country | 0.064 0.978

4.3 Variable Significance

Next we present the results of the nonparametric variable significance tests.
Table 6 shows the p-values of these tests for each of the variables.

The null of this test is interpreted in the same way as the null of the
traditional parametric significance test, meaning that a rejection of the null
indicates that the variable has a statistically significant impact on the dependent
variable. The results of the tests indicate that the variables included in the
regression are all relevant in explaining consumption behavior despite wealth
only having statistical significance at the 5% level.
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Table 6: Significance Test

Pivotal Non-Pivotal
r <0.01%** | <0.01%**
logYd <0.01%%* | <0.01%**
log W <0.01%%* | 0.048**

FD <0.01%** | <0.01%**
Country | <0.01%** | <0.01%*+*

4.4 Model Interpretation

We now take the results from the previous sections together with the plots
in appendices B and C and attempt to interpret the overall results provided
by our nonparametric model of consumption. We added vertical dotted lines
to the plots that indicate the quartiles of the variable in the x-axis. We also
added rugs to the plots showing the sample distribution of the variable in
the axis near which they are represented. In the rug plot each tick indicates
one observation meaning that the heavier the shade on the rug, the denser
the distribution is around that area.

We produced two kinds of plots from our estimates: partial regression
plots and gradient plots. The partial regression plot shows the estimated
consumption function for a set of values of a given regressor, keeping all
the other regressors at a specific value. This allows us to observe how
consumption behaves in response to each of its regressors individually. Gradient
plots show how the derivative of the estimated function with respect to a
specific variable varies with that variable, while holding the other regressors
constant. This means that the gradient plots show how the marginal effects
of each regressor on consumption vary with that regressor. Note that across
most of the plots we keep the interest rate fixed at the median value. The
reason for this is to avoid the ambiguity from discussion on whether high
values of the interest rate are associated with high values or low values of
income and wealth as this would be outside the scope of our study.

From the plots we can easily observe that within our sample income has
a linear and positive effect on consumption. This effect changes slightly with
the value of the remaining regressors as evidenced by the slight change in the
slope of the partial regression plot and the different values of the gradient.

The effect of the interest rate as shown in the plots is linear on the value
of the interest rate itself while changing slightly with the value of other
regressors. The confidence intervals in the gradient plots do include zero
for the combinations of values we chose for the remaining regressors. While
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this may seem to contradict the significance test, we must note that the
significance test takes into account the full spectrum of values the regressors
might take.

The effect of wealth on the other hand shows a nonlinear behavior on
both the value of wealth itself and the other variables. As we can see in the
gradient plots the sign of this effect starts of negative for a combination of
low values of wealth and the remaining regressors and becomes positive with
higher values of the other variables.

Finally, the effect of financial development on consumption is also of the
nonlinear kind. In this case, the sign of the effect seems to be determined
essentially by the remaining regressors with it being negative for combinations
of low income and low wealth and being positive otherwise. The effect
however is decreasing with the value of financial development up to a relatively
high threshold value after which the effect becomes stronger with increasing
financial development.

As an additional exercise to study the effects of financial development
over consumption we redo the partial regression plots and the gradient plots
for the remaining regressors as functions of each variable, with the other
regressors set at their means, except for financial development which we set
at its first (Q1), second (Q2), third (Q3) and fourth (Q4) quartiles (Q4 is
the maximum of the index of financial development), corresponding to each
of the four panels in the before mentioned plots.

This analysis shows us that most of the effect of financial development is
contained within its own gradient. The case where we see the most difference
across all plots is when financial development goes from its Q1 to Q2 which
appears to to trigger either a change in sign and behavior of the effect (as we
can see in the gradient of wealth) or a change in the magnitude of the effect
(as seen in the other regressors).

In sum, while we find evidence against the fully parametric specification
in the statistical tests, our results do show that for some of the traditional
explanatory variables of the consumption function, the link is very close to
linear in the value of the variables themselves while leaving some space for
potential interaction effects between these variables as seen when the effect
changes for different combinations of regressor values. Financial innovation
within our samples comes to play but mostly with a direct effect self-contained
within its own gradient.
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5 Robustness Checks

We also perform a series of brief robustness checks on our results to observe
how sensitive they are to some of the methodological and data decisions that
we took. The aspects we control for are:

1. Kernel - One of the methodological decisions that might have an impact
over the results is the choice of kernel. The one we used, the GGaussian
kernel, typically fares well in applied studies. Nonetheless, in this
section we experiment with a different kernel for our estimations, the
Epanechnikov kernel which is known to have better performance in
terms of terms of efficiency. There are no noticeable differences in the
pivotal version of the significance tests but for the non-pivotal version,
financial development and wealth now fail to reject the null. The
estimated bandwidths only show differences in the case of the interest
rate which now is below the upper bound. As for the gradients and
the partial regression plots while giving the same information they are
now noisier.

2. Cross-Validation Method - The bandwidth selection procedure can have
a deep impact on the results of a nonparametric estimation. In doing
this we use a data-driven method, cross validation, specifically the one
described in section 2.3. We experimented redoing the analysis but this
time selecting the bandwidths by least squares cross validation. In the
significance tests, financial development now fails to reject the null of
both kinds of tests. The estimated bandwidths also have only minor
differences, the exception being the one for the interest rate which is
now below the upper bound. Regarding the plot analysis, there are
some differences in the partials for financial development and wealth
while keeping basically the same conclusions. As for the gradients
for wealth and interest rate behave differently while having the same
qualitative results.

3. Regression Technique - Our choice of methodology in terms of regression
was the local linear least squares. Among the nonparametric local
polynomial regressors, the two most widely used are the local linear
and the local constant estimatos. Our preference for the local linear is
associated with it having been found to have several advantages over
the local constant methodology in applications such as ours. Still,
we assess how different our results would be had we used the local
constant estimation technique. First, the significance test for financial
development now rejects the null in both the pivotal pivotal version
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of the test. The bandwiths now are all below the upper bounds. The
partial regression plots become less smooth while still giving similar
results. The gradients on the other hand are significantly noisier.

What we observe from our robustness check analysis is that our results
from the previous sections are fairly resilient to some of the pertinent changes
one can introduce into the model. Specifically, our positive effect of financial
development over consumption in situations where the other regressors are
at high values is present in all the estimations.

6 Conclusion

The essential role consumption plays in macroeconomics makes it important
that one understands what are the variables at play in the determination
of its behavior. More so when economies have been deeply shaken by the
last financial crisis. Most of the theories of consumption depend to some
degree upon the possibility of smoothing consumption expenditures across
the consumer’s lifetime. This smoothing is mostly done through the financial
system. Given the financial system’s evolution in the past few decades,
and the importance it appears to have gained in the economic structure,
it is relevant to ask what impact may these changes have on consumption
behavior.

In order to find evidence of links between financial development and
consumption we used nonparametric regression techniques on consumption,
a set of its typical regressors and a measure of financial development. The
nonparametric approach allows us to search for nonobvious and nonlinear
links that may exist between financial development and consumption, without
having to specify a functional form for that link. Our results point to the
existence of a nonlinear effect of financial development on consumption, an
effect that varies with the value of the other determinants of consumption.
In addition, our results provide evidence that while wealth has a nonlinear
effect as well, the income and the interest rate’s impact on consumption
which are linear but with a possible interaction with the other variables in
the consumption function.

Our findings help emphasize something that has become clearer since the
most recent financial crisis. What happens within the financial sector does
make its way through the rest of the economy which is noticeable from the
effect we estimated and that the effect of changes to the financial system is
dependent upon specific aspects of each given country.
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A Parametric Model Results

This appendix presents the result from the full parametric version of our
baseline model. The specification is as follows:

log Cs = s + anriy + aglog Yd; y + aslog Wiy + cu F'D; y + w4 (29)

Table 7: Parametric Model Estimations

r logYd logW FD
Coefficients | -0.155 0.807*** -0.025 0.445%*F*
(0.143)  (0.077)  (0.024)  (0.156)
R? 0.888

robust standard errors in parentheses
*p<0.1, " p<0.05 *** p<0.01
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B Partial Regression Plots - LLLS

Figure 1: Partial Regression Plot, Financial Development on Consumption,

country fixed effects LLLS
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Figure 2: Partial Regression Plot, Wealth on Consumption, country fixed
effects LLLS
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Figure 3: Partial Regression Plot, Income on Consumption, country fixed

effects LLLS
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Figure 4: Partial Regression Plot, Interest rate on Consumption, country
fixed effects LLLS
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C Gradient Plots - LLLS

Figure 5: Gradient Plot, Financial Development on Consumption, country
fixed effects LLLS
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Figure 6:

Gradient Plot, Wealth on Consumption, country fixed effects LLLS
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Figure 7: Gradient Plot, Income on Consumption, country fixed effects LLLS
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Figure 8: Gradient Plot, Interest rate on Consumption, country fixed effects

LLLS
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D Partial Regression Plots, by Financial Development
Levels

Figure 9: Partial Regression Plot for different values of FD, Wealth, country
fixed effects LLLS
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Figure 10: Partial Regression Plot for different values of FD, Income, country
fixed effects LLLS
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Figure 11: Partial Regression Plot for different values of FD, Interest rate,
country fixed effects LLLS
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E Gradient Plots, by Financial Development
Levels

Figure 12: Gradient Plot for different values of FD, Wealth, country fixed
effects LLLS
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Figure 13: Gradient Plot for different values of FD, Income, country fixed
effects LLLS
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Figure 14: Gradient Plot for different values of FD, Interest rate, country
fixed effects LLLS
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