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MPC Puzzle for Italy’s Elderly Poor∗

Jan W. Radermacher†

February 13, 2023

Abstract

I investigate consumption patterns in Italy and use a PCA-biplot to
discover a consumption puzzle for the elderly poor. Data from the third
wave (2017) of the Eurosystem’s Household Finance and Consumption
Survey (HFCS) indicate that Italian poor old-aged households boast
lower levels of the marginal propensity to consume (MPC) than sug-
gested by the dominant consumption models. A customized regression
analysis exhibits group differences with richer peers to be only half as
large as prescribed by a traditional linear regression model. This analy-
sis has benefited from a visualization technique for high-dimensional
matrices related to the unsupervised machine learning literature. I
demonstrate that PCA-biplots are a useful tool to reveal hidden rela-
tions and to help researchers to formulate simple research questions.
The method is presented in detail and suggestions on incorporating it
in the econometric modeling pipeline are given.
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1 Introduction

The demographic situation in many Western countries determines that re-
tirees make up a large and increasing fraction of the population. Understand-
ing the consumption behavior of retirees is therefore important to policy
makers; also because this group depends over-proportionally on governmen-
tal transfers and old-age poverty is likely to increase in Western economies
in the foreseeable future.1

Since retirement is (in most cases) predictable, Life Cycle/Permanent
Income Hypothesis models (Modigliani and Brumberg, 1954; Friedman,
1957; Hall, 1978; Deaton, 1991; Carroll, 1997; Kaplan et al., 2014), which
are based on the notion of rational agents, would suggest no change in
consumption at or during retirement. Reality, however, looks different:
consumption declines and savings increase during retirement (Hamermesh,
1982; Mariger, 1987; Robb and Burbidge, 1989; Banks et al., 1998; Bernheim
et al., 2001; Schwerdt, 2005; Haider and Stephens Jr, 2007; Olafsson and
Pagel, 2018b).2 Why is that so? Are the elderly/retired liquidity constrained?
What is their MPC? What motivates their behavior? These questions I seek
to address with my analysis.

Using data from the third wave (2017) of the Eurosystem’s Household
Finance and Consumption Survey (HFCS) (HFCN, 2020b), I document that
poor old-aged households3 in Italy boast lower MPC levels than suggested
by the concept of liquidity constraints. A customized regression analysis
exhibits group differences to richer peers to be only 8.7 percentage points
while a traditional linear regression model predicts that difference at 15.5 –
almost twice as large. The puzzle is: why are MPC differences among the
elderly so small although liquidity differences are so large?

1The relevance of the MPC for economic policy making is intensively discussed in the
economic literature. Parker (1999) highlights the relevance of consumption models for fiscal
policy and economic growth. Dolde and Tobin (1971) demonstrate how consumption, the
MPC, and liquidity constraints, in particular, are impacted through monetary policy, a link
which had also been made by Keynes (1936). This relation could also be seen in the first half
of 2022 when EUR interest rate swaps increased sharply because of (expectations about)
tighter monetary policy causing higher interest rates and hence tighter liquidity constraints
for households. More technically, Broda and Parker (2014) address the relevance of the
MPC within other economic models used for policy assessment such as dynamic stochastic
general equilibrium (DSGE) models.

2Some authors try to rationalize the observation that consumption decreases upon
retirement to be in line with the Life Cycle/Permanent Income Hypothesis framework, e.g.,
Aguiar and Hurst (2005); Hurst (2007); Aguiar and Hurst (2013).

3A large fraction of poor old-aged households in Italy are single and female - hence the
reference to the Italian (grand-)mother in the title: Mamma mia!
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The finding is at odds with the concept of liquidity constraints and recent
empirical evidence (Johnson et al., 2006; Parker et al., 2013). However, it
could be in line with buffer-stock models (Deaton, 1991; Carroll, 1997). Also
Keynes (1936) suggested several motives that could explain such behavior:
(i) wish to build up reserves for hard times, (ii) the desire to leave a bequest,
or simply (iii) stinginess. To these motives one could add: (iv) cultural or
generational reasons – after all, some of the Italian elderly today are the
generation that still experienced fascism, WWII, and the post-war period
– and (v) a lack of supply, i.e. things/opportunities to consume.4 Simply,
there are less activities for elderly due to their age or health. After all, also
the simple observation by Olafsson and Pagel (2018a) that only very few
households feel or truly are liquidity constrained could explain the finding.

Italian data is taken for several reasons. First, Italy is the third largest
country by population and economy in the Eurozone and as such very impor-
tant. Particularly in household consumption theory, much research has been
done by Italian economists or with Italian data (Modigliani and Brumberg,
1954; Guiso et al., 1992, 1996; Jappelli and Modigliani, 1998; Jappelli, 2005;
Andini et al., 2018; Jappelli and Pistaferri, 2020). Second, it is a rich set
of data in the third wave (2017) of the HFCS (HFCN, 2020b) with several
thousand observations. Removing observations with missing responses, the
remaining sample has more than 7,000 observations. Additionally, the data
comes in a convenient format close to its original form such that there is
no need to deal with statistical peculiarities such as multiple imputations
(HFCN, 2020c).

Methodologically, I use a visualization technique for high-dimensional
matrices based on principal component analysis (PCA) in the descriptive
part of my data analysis. PCA-biplots (Gabriel, 1971, 1981; Greenacre and
Hastie, 1987; Greenacre, 2010) are a method to depict an approximation of
all observations, variables, and interior relations of a high-dimensional data
matrix in a two-dimensional space allowing to gain important insights on the
(joint) data distribution. This helps me in formulating customized regression
specifications for my analysis. To my knowledge, this visualization technique
has not been used in economics or finance before. I therefore provide a
suggestion on how to generally include PCA-biplots in the econometric
modeling pipeline.

The remainder of this paper is structured as follows. Chapter 2 introduces

4A similar pattern of low consumption was seen during the Covid-19 lockdowns when
travel was impossible and restaurants were closed. Households had fewer opportunities to
spend their money and hence saved more.
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the literature and sets the theoretical background. Chapter 3 presents the
data and methodology. Chapter 4 features the analysis, which contains (i) a
simple linear model, (ii) a PCA-biplot analysis, and (iii) resulting customized
regression set-ups. Chapter 5 discusses limitations and suggestions for
further research. Chapter 6 concludes.

2 Literature Review and Theoretical Background

2.1 Consumption Theory

In 1936, Keynes (1936) introduced the concept of the marginal propensity to
consume and defined it as the change of consumption per change of income.
It was introduced as an aggregate figure alongside an investment rate in his
theory of employment, relating to an earlier contribution by Kahn (1931)
on public works. Although Pigou (1936) did not receive Keynes (1936)
particularly well - he himself had been criticized and ridiculed by it - the
novel thoughts on consumption were regarded by him as ”no doubt, in a
general way, correct” (p. 123).

Early consumption models in the tradition of Keynes (1936) were on
aggregate levels and based on a simple function where consumption was a
fraction of disposable income (Kahn, 1931; Keynes, 1936). Although Jappelli
and Pistaferri (2017) criticize that past saving and standard of living were
neglected, these models have fared relatively well empirically - at least it
was hard to come up with something better (Dolde and Tobin, 1971).

The first consumption models on an individual level were introduced in
the 1950s and of a Life Cycle/Permanent Income Hypothesis type (Modigliani
and Brumberg, 1954; Friedman, 1957; Hall, 1978). Related to the concept
of Ricardian equivalence from the early 19th century (Ricardo, 1951), these
models are based on rational-agent assumptions and they focus no longer on
a connection between consumption and disposable income, but exclusively
on a connection between consumption and permanent income.

Because these models struggle empirically, they have been frequently
updated and augmented (Shefrin and Thaler, 1988). Most famously by
Deaton (1991) to the buffer-stock model in which ”assets act like a buffer
stock, protecting consumption against bad draws of income” (p. 1221).5

This buffer-stock model helped to explain why people save or refrain from

5Although Deaton (1991) fails to refer to it, a very similar saving motive has been given
by Keynes (1936) in Chapter 9: ”to build up a reserve against unforeseen contingencies” (p.
94).
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borrowing - in combination with the concept of liquidity constraints (Keynes,
1936; Dolde and Tobin, 1971; Hubbard et al., 1986). Or, to put it in the words
of Carroll (1997): ”the [buffer-stock] model can explain three empirical
puzzles: the ’consumption/income parallel’ documented by Carroll and
Summers; the ’consumption/income divergence’ first documented in the
1930s; and the stability of the household age/wealth profile over time despite
the unpredictability of idiosyncratic wealth changes” (p. 1).

But also buffer-stock models did not do too well when tested empirically
as shown by Parker (1999); Souleles (1999); Johnson et al. (2006); Parker
et al. (2013); Kaplan et al. (2014); Kaplan and Violante (2014b). In response,
Kaplan et al. (2014) introduced the concept of the wealthy hand-to-mouth,
which were said to make up a considerable fraction in most populations.
Interestingly, hand-to-mouth households are solely driven by disposable in-
come. Although the reference is generally omitted, this brings consumption
theory back to the Keynesian roots it started from with Keynes (1936).6

2.2 Liquidity Constraints

Let us zoom in on the concept of liquidity constraints. Liquidity constraints
(Keynes, 1936; Dolde and Tobin, 1971; Hubbard et al., 1986) describe situ-
ations where individuals cannot seamlessly borrow money as assumed by
perfect intertemporal optimization of rational agents in Life Cycle/Perma-
nent Income Hypothesis models (Modigliani and Brumberg, 1954; Friedman,
1957; Hall, 1978). Recognizing the existence of liquidity contraints has lead
to the hand-to-mouth model for poor people (Johnson et al., 2006; Kaplan
et al., 2014; Kaplan and Violante, 2014a).

Yet, the poor hand-to-mouth concept did not suffice for the policy sim-
ulation models to match with real data. In response, Kaplan et al. (2014)
introduced the concept of the wealthy hand-to-mouth, which arises when
households are wealthy, but their wealth is illiquid, e.g., bound in a large
asset like a house or - in the famous case of Shakespeare’s Antonio, Merchant
of Venice - in a few vessels at sea.

An alternative explanation stems from an observation by Olafsson and
Pagel (2018a): only very few households feel or truly are liquidity con-
strained. These claims are based on a study on payday responses in Iceland
conducted with a novel type of panel data set: financial account aggregators.7

6The same is true for Campbell and Mankiw (1989) who simply suggest that half of
the population consume their current, i.e. disposable, income following a ”rule of thumb”
approach.

7Financial account aggregators track almost all financial transactions of an individual
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In their data only very few households are liquidity constrained. Interest-
ingly, they find significant payday responses also for liquid households such
that liquidity constraint theory can no longer be used as an explanation
for the behavior. They conclude that these households are likely driven by
heuristics8 and refer to them as ”liquid hand-to-mouth”.

With the same data from the Icelandic financial account aggregator,
Olafsson and Pagel (2018b) study how financial behavior changes around
retirement. They find that ”individuals delever upon retirement by reducing
their consumer debt and increasing their liquid savings” (p. 2). This is
the exact opposite of what is predicted by Life Cycle/Permanent Income
Hypothesis models (Modigliani and Brumberg, 1954; Friedman, 1957; Hall,
1978) as Olafsson and Pagel (2018b) state: ”any rational agent who expects
a fall in income at retirement will save before retirement and dissave after
retirement, rather than the other way round” (p. 2).

2.3 Retirement & Old-Age Poverty

It is worthwhile to focus on the topic of retirement and old-age financial
behavior - consumption in particular. The demographic situation in many
Western countries determines that retirees make up a large and increasing
fraction of the population. Many retirees already today struggle to make
ends meet and old-age poverty is a topic likely to increase in most Western
countries. Additionally, pension reforms of the past three decades have
shifted the funding source of retirements from governments and employ-
ers more towards voluntary contributions by the citizens themselves (e.g.,
401k in the US or Riester-Rente in Germany). Understaning individual
consumption and savings behavior is thus utterly important.

Because retirement is (in most cases) predictable, Life Cycle/Permanent
Income Hypothesis models (Modigliani and Brumberg, 1954; Friedman,
1957; Hall, 1978; Deaton, 1991; Carroll, 1997; Kaplan et al., 2014), which
are based on the notion of rational agents, would suggest no change in
consumption at or during the retirement. But - as stated before - the reality
looks different: consumption declines and savings increase (Hamermesh,
1982; Mariger, 1987; Robb and Burbidge, 1989; Banks et al., 1998; Bernheim
et al., 2001; Schwerdt, 2005; Haider and Stephens Jr, 2007; Olafsson and

and have been frequently used for research in recent years (Nemeczek and Radermacher,
2022).

8Heuristics refer here to the behavioral finance and mental accounting literature around
Kahneman and Tversky (1979); Thaler (1985); Shefrin and Thaler (1988); Thaler (1994).
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Pagel, 2018b).9 My analysis addresses this puzzle.

3 Data, Summary Statistics, and PCA-Biplots

3.1 Data

I use data from the third wave (HFCN, 2020b) of the Eurosystem’s Household
Finance and Consumption Survey (HFCS). This survey provides microdata
on a sample of European households’ balance sheets, demographics, prefer-
ences, and beliefs. It is conducted by each country’s central bank and has
been made available by the European Central Bank (ECB). At the point of
writing (July 2022), there exist three waves of the survey which have been
released in 2013, 2016, and 2020. The third wave (released in 2020) was
conducted in 2017 and contains a hypothetical windfall question, which can
be used as a proxy for MPC preferences. This question is only available as of
the third wave of the survey.

I take Italian data for several reasons. First, it is a rich set of data in the
third wave (2017) of the HFCS (HFCN, 2020b) with several thousand obser-
vations. Removing observations with missing responses, I have a remaining
sample size of more than 7,000 observations. Second, the data comes in a
convenient format close to its original form such that there is no need to deal
with statistical peculiarities such as multiple imputations (HFCN, 2020c).
Third, Italy is the third largest country by population and economy in the
Eurozone and as such very important.

Particularly in household consumption theory, much research has been
done by Italian economists or with Italian data (Modigliani and Brumberg,
1954; Guiso et al., 1992, 1996; Jappelli and Modigliani, 1998; Jappelli, 2005;
Jappelli and Pistaferri, 2020). Exemplary, Jappelli (2005) notes that Franco
Modigliani ”believed that the generosity of the Italian pension system and
the large swings in growth and fiscal variables could be used to study the
relation between saving, fiscal policy and social security” (p. 176).

3.2 Summary Statistics

For the data description, I start with summary statistics of the individual
variables that I regard in my analysis. Figure A.1 on page 33 (in the appendix)

9Some authors try to rationalize the observation that consumption decreases upon
retirement to be in line with the Life Cycle/Permanent Income Hypothesis framework, e.g.,
Aguiar and Hurst (2005); Hurst (2007); Aguiar and Hurst (2013).
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shows histograms for the MPC and some socio-economic demographic vari-
ables.

The MPC is not uniformly distributed but with strong spikes at 0, 50, and
100. The reason is most likely survey-related: respondents provided rough
rule-of-thumb estimates such as: save all (MPC=0), half-half (MPC=50), and
spend all (MPC=100). As the MPC question is phrased in a hypothetical
manner and I am dealing here with survey data, the estimation set-up is
certainly not perfect.10 Hence, I will not spend too much attention to the
exact MPC values, but rather take the values with some slack and group
them in three clusters around their respective spikes. Apart from these
details, the distribution is fairly symmetric and the average close to 50.

Household size is right-skewed and most households have one or two
members. Households with three or more members are significantly less
frequent. Wealth is reported by the HFCS in quintiles and therefore, by
definition, (almost) following a uniform distribution. Net liquid assets are
heavily right-skewed with a long right-tail. A transformation will become
necessary for a regression analysis to remove outliers. Since there are some
negative values, a log-transformation is not possible. Remaining options are
transformation to percentiles or some ad-hoc winsorization, i.e. removing
outer percentiles.

Education is a categorical variable, where the first three categories corre-
spond to primary, lower secondary, and upper secondary education, respec-
tively. The last column refers to university education. Only about a tenth of
the respondents have university education while the other respondents are
fairly evenly distributed among the first three education classes.

The gender of the responding person, i.e. the self-reported household
head who answered the survey, is 60-40 split between male and female, re-
spectively. This suggests that for heterosexual households (which form likely
the large majority), the response person was more often male than female,
which is generally in line with expected traditional gender norms where
the household head and treasurer is male. The age of the respondents is
somewhat representational for the Italian population yet with relatively few
young individuals and many individuals above 50. Note that age information
is provided in 5-year brackets.

10The question in HFCN (2020a) reads: ”Imagine you unexpectedly receive money from
a lottery, equal to the amount of income your household receives in a month. What percent
would you spend over the next 12 months on goods and services, as opposed to any amount
you would save for later or use to repay loans?” (p. 74). The surveyors were instructed to
use a show-card (ruler from 0 to 100) to receive the responses. Yet, it is hard to track how
thoroughly these instructions were obeyed.

8

Electronic copy available at: https://ssrn.com/abstract=4359979



After the distributions of the individual variables, I look at their rela-
tionships to each other. Figure A.2 on page 33 (in the appendix) shows a
correlation table/plot for these variables.

The MPC correlates negatively with wealth, net liquid assets, and age;
modestly positively with household size; and slightly negatively with ed-
ucation and gender. Strong positive correlations among the explanatory
variables exist between wealth, net liquid assets, and education. Strong neg-
ative correlations are between household size, gender and age, and between
age and education.

The negative correlation between the MPC and net liquid assets is in line
with the concept of liquidity constraints (Dolde and Tobin, 1971; Hubbard
et al., 1986; Jappelli and Pistaferri, 2010, 2014): households with low liquid-
ity have high MPCs because they have unsatisfied consumption needs. A
sudden increase in cash at hand (liquidity) would allow these households
to satisfy their suppressed needs, e.g., to fix the broken washing machine
or finally buy that new television. Accordingly, they would spend a larger
fraction of a cash windfall on consumption and have therefore a higher MPC
than households with more liquid means.

The negative correlation between the MPC and age is, principally, at
odds with models in the Life Cycle/Permanent Income Hypothesis tradi-
tion (Modigliani and Brumberg, 1954; Friedman, 1957; Hall, 1978; Deaton,
1991; Carroll, 1997; Kaplan et al., 2014): MPC should simply not vary
with age - that’s the whole idea of consumption smoothing over the life
cycle. The Permanent Income Hypothesis postulates that households want
to smooth consumption as much as possible and consume a fraction of their
life-long wealth proportionate to the duration of the respective time period.
Transitory cash inflows would hence be equally distributed over the entire
remaining life cycle such that only a small extra fraction would be spent
each period. Hence, the MPC out of a cash windfall should be below low (no
pun intended).

The descriptive statistic analysis performed until now is standard and a
good starting point. The derived econometric models might, however, still
miss important points or be misleading, e.g., due to variable interactions,
leverage points, missing factors, etc. A well known problem with regression
analysis is Simpson’s Paradox (Simpson, 1951; Blyth, 1972; Wagner, 1982).
But also a thorough analysis of descriptive statistics can come with its flaws
as the famous Anscome’s Quartet (Anscombe, 1973) and the (somewhat
polemic) ”Datasaurus Dozen” from a tweet by Alberto Cairo in Figure 1 on
page 10 and Figure A.3 on page 34 (in the appendix) illustrate (Matejka and
Fitzmaurice, 2017). All data sets in these two illustrations have the same
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summary statistics, but their data generating processes are, obviously, very
different.

Figure 1: ”Anscombe’s Quartet” by Anscombe (1973). All data sets have the
same summary statistics.

I would therefore like to join statisticians such as Anscombe (1973);
Chambers et al. (2018); Matejka and Fitzmaurice (2017) in their case for
more and better visual data analysis. In the words of Anscombe (1973):
”graphs are essential to good statistical analysis” (p. 17). In particular, he
discusses the role of scatterplots in combination with regression analysis.
To him, the advantages of graphs are: ”(i) to help perceive and appreciate
some broad features of the data, [and] (ii) to let us look behind those broad
features and see what else is there. Most kind of statistical calculation rest
on assumptions about the behavior of the data. Those assumptions may be
false, and then the calculations may be misleading” (p. 17).

Fortunately, visualization tools are nowadays way more accessible than
in the 1970s. Today, it is possible to visualize almost any type of data with a
few lines of (Python) code on a personal computer.

Starting with the suggested analysis by Anscombe (1973), a two-dimen-
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sional scatterplot of two variables is a great way to depict both the distri-
bution of each respective variable as well as their relation to each other, i.e.
their joint distribution. This is also naturally possible for three variables in
three dimensions. Yet, there is no need to stop here with today’s visualization
and computing power: PCA-biplots allow us to plot (approximations of)
high-dimensional scatterplots in two or three dimensions as the next section
will show.

3.3 PCA-Biplots

Principal component analysis (PCA) is a dimension reduction technique
making use of linear algebra.11 Based on work by Pearson (1901), Hotelling
(1933) developed the technique originally in the field of psychometrics.
Since then it has been used in other social sciences and has also found its
way into economics and finance. Here, it is mostly used for combining
several underlying variables into one, e.g., factor analysis or dimensionality
reduction, and then using the results in further statistical analysis such
as, e.g., regression or correlation analysis (Fifield et al., 2002; Olsson and
Hibbs Jr, 2005; Hosseini and Kaneko, 2011; Spolaore and Wacziarg, 2013;
Dean and Ortoleva, 2015; Chapman et al., 2018; Falk et al., 2018; Gewers
et al., 2018, 2021).12 Its usage has, in particular, picked up during the last

11For a general introduction to PCA, see, e.g., Hastie et al. (2009); James et al. (2013);
StataCorp (2021).

12Specifically, Fifield et al. (2002) study returns in emerging stock markets and use PCA
to build economic factors. The PCA factors are used as variables in a regression analysis.
Olsson and Hibbs Jr (2005) study the effect of biological and geographical conditions on long-
run economic development. They use principal component analysis to build categorical
variables for biological and geographical conditions from several underlying variables. Their
approach is also followed in a similar study by Spolaore and Wacziarg (2013). Hosseini and
Kaneko (2011) use PCA on macro country data to develop country sustainability indices.
Dean and Ortoleva (2015) use PCA when testing behavioral theories with data from lab
experiments. Chapman et al. (2018) identify 21 behaviors which they reduce by PCA to six
dimensions to build new parsimonious models for decision making. They point out that
dealing with 21 variables independently leads to 378 correlations, which are hard to deal
with. However, these can be clustered into six groups by means of PCA. With these groups
there are high intra-group correlations and low inter-group correlations. Falk et al. (2018)
consider country-variance for economic preferences. They use PCA to combine several
underlying variables into broader factors, which they use for subsequent statistical analysis.
Gewers et al. (2021) argue for PCA as a natural way to do data exploration. In an older
version (Gewers et al., 2018) they also survey also the literature for PCA applications in all
fields.
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two decades.13

In a household finance context, PCA is similarly used to condense several
variables into underlying factors or to create an index or other input for a
regression analysis (Filmer and Pritchett, 2001; McKenzie, 2005; Vyas and
Kumaranayake, 2006; Antonides et al., 2011; Choi and Robertson, 2020).14

Biplots were introduced by Gabriel (1971) in the journal Biometrika. A
biplot is a visualization of a matrix of rank two or three. It combines two
(lat. bi, hence the name biplot) components in the same graph: (i) all rows of
the matrix are represented as points and (ii) all columns of the matrix are
represented as vectors. Hence, a biplot allows visualization of all data points
(rows) while showing correlations between the variables (columns) as angles
between vectors. Biplots are useful for depicting high-dimensional matrices,
since these matrices can be approximated in two- or three dimensions by
PCA using an algorithm called singular value decomposition (SVD).15 16

13The application rate of PCA in economics could be similar to how Regression Discon-
tinuity Design (RDD) took off since its introduction by Goldberger (1972) as discussed in
Cunningham (2020). Or similar to how more recently Causal Random Forests (Wager and
Athey, 2018) have become a popular tool among applied economists.

14Specifically, Filmer and Pritchett (2001) use PCA on household asset ownership data
from India to construct an index, which they use in latter econometric analysis. McKenzie
(2005) follows this approach and uses PCA to construct an inequality index for households
in Mexico. Vyas and Kumaranayake (2006) generally discuss the use of PCA to create
socio-economic status indices from asset data. They argue that PCA on hard data could
be a better tool for developing socio-economic-status indices than eliciting soft data from
respondents via surveys (because of cost and biases in their answers). Antonides et al.
(2011) use PCA in combination with a questionnaire on mental budgeting. PCA allows
them to combine many questions of a survey into fewer underlying factors, which is then
used for regression analysis. This is nothing else than breaking up higher dimensional
data (all original questions) into lower dimensions (only the remaining factors). Choi
and Robertson (2020) study attitudes of private investors by means of a survey. They use
principal component analysis to break down survey responses for 34 variables into six
principal components, which explain 54% of the original variation.

15SVD (Eckart and Young, 1939; Golub and Reinsch, 1971) is a linear algebra routine
allowing to decompose a matrix into ordered factors, where the first factor columns can be
used for a low-rank least-squares approximation. See Greenacre (2010) for an introduction.

16The method is very flexible and can also deal with categorical data. This is called
correspondence analysis which Greenacre and Hastie (1987) define as ”the principal compo-
nent analysis of categorical data” (p. 446) and ”an explanatory multivariate technique that
converts a matrix of nonegative data into a particular type of graphical display in which the
rows and columns of the matrix are depicted as points” (p. 437).
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4 Analysis

4.1 Standard Linear Model

I start the econometric analysis by conducting a simple OLS regression
broadly inspired by Christelis et al. (2019a) and Christelis et al. (2019b):

MPCi = β0 + β1HhSizei + β2WealthQuinti + β3NetLiqAssetsi
+ β4Educationi + β5Genderi + β6Agei + ϵi

(1)

The results of this simple OLS regression are shown in the first column of
Table 3 on page 22. The regression has an adjusted R-squared of 4.2%, which
is comparable to Christelis et al. (2019a), even a bit larger. The variables
household size (HhSize), wealth quintile (WealthQuint), percentile rank of
net liquid assets (NetLiqAssets), and age are significant. Education and
gender are not.

The interpretation of the negative coefficients for wealth and net liquid
assets is in line with the theory of liquidity constraints (Keynes, 1936; Dolde
and Tobin, 1971; Hubbard et al., 1986; Johnson et al., 2006; Parker et al.,
2013). But it is at odds with traditional view of the Life Cycle/Permanent
Income Hypothesis (Modigliani and Brumberg, 1954; Friedman, 1957; Hall,
1978). The same holds true for the significant coefficient for age. It is at odds
with models in the spirit of the Life Cycle/Permanent Income Hypothesis
and, additionally, at odds with buffer-stock models (Deaton, 1991; Carroll,
1997; Kaplan et al., 2014).

So far, this classical econometric analysis has enabled us to perform a
test around theories such as the Life Cycle/Permanent Income Hypothesis
or the concept of liquidity constraints. It has done so by means of a (linear)
OLS model. Yet, other hypotheses, take, e.g., the concept of the wealthy
hand-to-mouth, we could not simply test with this setup.

Additionally, with our choice of an OLS regression, we have made a
number of implicit assumptions that we have not discussed before. One
assumption is linearity, i.e. that an increment by one unit at a certain level
of an independent variable has the same impact on the dependent variable
than the same increment by one unit at any other level of that specific
independent variable. To provide a specific example, the age coefficient
in the first regression, shown in the first column of Table 3 on page 22, is
roughly at -0.2 (per year). The linearity assumption prescribes that the MPC
on average and all else being equal (ceteris paribus) should be 2 percentage
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points lower for every 10 year age difference between households. No matter
if the change is from age 20 to 30 or from age 60 to 70.

Another assumption, we are implicitly making is that of independence
of effects of the independent variables - also known as the ceteris paribus
assumption. By this simple OLS setup we rule out that variables could inter-
act with each other and therefore yield different effects. Specifically, poverty
could have very different effects for young than for old households and
old-age could have very different effects depending on whether a household
is rich or poor.

Of course, we need to make simplifying assumptions. But it does not
mean that we should not try to somehow test them. For a general suggestion
on how to deal with it, I would like to refer to Anscombe (1973): ”Most
kinds of statistical calculation rest on assumptions about the behavior of
the data. Those assumptions may be false, and then the calculations may
be misleading. We ought always try to check whether the assumptions are
reasonably correct; and if they are wrong we ought to be able to perceive in
what ways they are wrong. Graphs are very valuable for these purposes” (p.
17).

Anscombe (1973) also highlights the importance of scatterplots in combi-
nation with regression analysis. As discussed earlier, I take this as a starting
point and use PCA-biplots as an approximation of multi-dimensional scatter
plots. This allows me to work more data-driven and to visually inspect
the assumptions I have implicitly made; in particular, with regard to the
interaction of variables.

4.2 PCA-Biplot Analysis

Figure 2 on page 16 depicts a PCA-biplot.17 A PCA-biplot is a graph that
contains two (lat. bi means two) types of information of a matrix. It depicts
the rows of the matrix as points and the columns of the matrix as vectors.
The vectors come from the origin and are normalized. The angles of the
vectors to each other show the correlations of the variables with each other.
The lengths of the vectors indicate how well these variables are mapped in
the underlying lower dimensional space, which is spanned by the first two
principal components of the matrix.18

17PCA-biplot is not the standard name used in the literature. Most authors refer to them
simply as biplots (Greenacre, 2010). I introduce the name PCA-biplot since they are a
visualization of PCA, a concept which many economists are familiar with.

18Figure A.4 on page 35 shows the same plot as previously Figure 3. The dots there are a
bit smaller and it is zoomed in such that it is easier to see the individual households.
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The first principal component (on the X-axis) explains 30.3% of the
overall variation in the data. The second principal component (on the y-axis)
explains 23.6% of the overall variation in the data. Taken together, the first
two principal components explain 53.9% of the overall variation in the data.

Additional to depicting the rows (household information) as dots and
the columns (independent variables) as vectors, I use colors for the dots
to indicate the value of the dependent variable. Specifically, green dots
are households with low MPC scores (below 35); yellow dots have medium
scores (from 35 to 65); and red dots have high scores (above 65). The
dots (households) can also be counted: Table 1 on 16 lists how many dots
(households) are in each quadrant.

Looking at the first quadrant (top right), there are many dots dispersed
to the northeastern (top-right) corner. In that direction also point the vectors
net liquid assets and wealth quintiles. Households (dots) in that direc-
tion/area are very wealthy. If we look at the opposite third quadrant (bottom
left): there are poor households and we see a natural sharp frontier. This can
be easily explained: there is some lower bound to liquid assets. A household
cannot have much less than 0 in liquid assets, due to overdraft limits.

Looking at the second quadrant (top left), I see a similar sharp frontier.
This time, it is opposite of the vector household size. This implies that here
we have households that have a very low household size. Which easily ex-
plains the sharp frontier: there are no households with less than one member.
Also, the age vector points in this direction. So, these households are likely
quite old: the elderly. Looking at the remaining fourth quadrant (bottom
right), I see a slightly similar pattern than before in the first quadrant: some
dispersion towards the southeastern corner. This means that there are a few
households which are very large: families. Also, they are positioned opposite
of the age vector, so they are not very old: young families.

Lastly, education is pointing to the east and is closely linked to the first
principal component. This implies that households in the first and fourth
quadrant have higher education levels than in the second or third. Moreover,
gender features only a relatively short vector, which means that this variable
is not mapped well in the two dimensional space spanned by the first two
principal components. Nonetheless, a small trend can be seen: a majority
of the poor old-aged single households are female. This is plausible if one
considers average age differences in marriages (men tend to be older) and
average life expectations (women tend to live longer than men).
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Quadrant I Quadrant II Quadrant III Quadrant IV
MPC

low (0-34) 650 (40%) 835 (42%) 508 (32%) 599 (28%)
medium (35-65) 653 (40%) 684 (34%) 496 (31%) 839 (40%)
high (66-100) 337 (21%) 493 (25%) 593 (37%) 684 (32%)

Table 1: Counts of MPC types for the four quadrants. All data is taken from
the third wave (2017) of the HFCS (HFCN, 2020b).
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Figure 2: Biplot Italy: colour-coded MPC on small set of demographics. All
data is taken from the third wave (2017) of the HFCS (HFCN, 2020b).
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A visual inspection of this PCA-biplot gives me a puzzling result: for
low-liquidity households (bottom left frontier) there seems to be a structural
difference between the sub-groups. Poor young families (bottom right) have
majorly high MPCs as most dots are red or yellow and there are only few
green dots. But poor elderly (left tip) have majorly low MPCs as there
are many green dots and only few yellow or red dots. The concept of
liquidity constraints would actually prescribe that all poor households have
high levels of MPC, i.e. most dots should be red or yellow. Yet, finding
mostly green dots, i.e. low MPC levels, for poor old-aged households is truly
puzzling.

As mentioned before, it is possible to exactly count the dots of each color
in a specific section. This is what I do next. Figure 3 on page 18 depicts the
same plot as Figure 2 on page 16 but the focus is put here on the two different
groups which are circled in black: poor elderly and poor families. As discussed,
both groups are on the poor and illiquid frontier of the data set. According
to liquidity constraint theory, both groups should therefore have the same
high level of MPC because they are constrained in their consumption.

Counting the colors of the dots in the two groups, I can numerically
confirm the visual impression from above. As presented in Table 2 on page
18, 43% of the dots in the poor family area have a high MPC (above 65
on a scale of 100) and only 20% have a low MPC (below 35). This is in
line with liquidity constraint theory. As these households are poor, they
are constrained in their consumption so they cannot afford all the things
they would like to buy. For example, if their car breaks down they cannot
fix it right away because they lack the financial means. If they now get a
monetary windfall they will use a large fraction of that money to purchase
the things that they could not afford before. Hence, their marginal propensity
to consume is high.

The same one would expect for poor elderly. But the data looks very
different. Here, we observe many green dots, i.e. many households with low
MPC levels. Particularly, we find that 44% of all the dots in that area have a
low MPC score (below 35) and only 29% have a high MPC level (above 65).
This is puzzling if one looks at it from a perspective of liquidity constraint
theory as discussed previously.

With these insights it is now time to turn back to econometrics. In the
next section, I design customized regression specifications to see whether
the visual impressions are also numerically significant. Due to the intuition
I formed by visually assessing the data, I will include non-linearities and
variable-interactions into my linear regression models.
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Poor Elderly Poor Families
MPC (pc1 ≤ −0.15,pc2 ≤ 0.10) (pc1 ≥ 0.00,pc2 ≤ −0.10)

low (0-34) 201 (44%) 109 (20%)
medium (35-65) 120 (26%) 199 (37%)
high (66-100) 134 (29%) 235 (43%)

Table 2: Counts of MPC types for poor elderly and poor families. All data is
taken from the third wave (2017) of the HFCS (HFCN, 2020b).
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Figure 3: PCA-Biplot Italy: colour-coded MPC on small set of demographics.
All data is taken from the third wave (2017) of the HFCS (HFCN, 2020b).
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4.3 Customized Regressions

I use the intuition built in the previous section with the PCA-biplot analysis.
I discovered a puzzling result regarding liquidity for illiquid/poor elderly
as compared to illiquid/poor families. Therefore, I base, in addition to the
dependent variable of interest, MPC, the remainder of my analysis on these
three explanatory variables: net liquid assets, household size, and age.

I start again with a simple traditional regression for these variables,
which I shall use as a benchmark:

MPCi = β0 + β1NetLiqAssetsi + β2HhSizei + β3Agei + ϵi (2)

The results of this simple OLS regression are shown in the second column
of Table 3 on page 22. The regression has an adjusted R-squared of 4.0%. This
is very similar to the first regression conducted, which had an adjusted R-
squared of 4.2%. I am therefore confident that the three remaining variables
are a good choices to describe the variation in the data.

Next, I want to see what happens if I take non-linearities into account.
Out of each continuous variable I make a categorical variable for extreme
cases. Since I am primarily interested in the effect of net liquid assets to
test theories around the concept of liquidity constraints, I create a dummy
for the most liquid (top 20%) and most illiquid (bottom 20%) households
in my dataset. Additionally, I translate the visual observation from the
PCA-biplot in Figure 3 on page 18 as discussed above into econometrics:
I create dummies for large households, i.e. five or more members, and
old households, i.e. respondents being 70 years or older. This yields the
following regression:

MPCi = β0 + β1NetLiqAssetsQuint 1i

+ β2NetLiqAssetsQuint 5i

+ β3HhSizei
+ β4Agei + ϵi

(3)

The results of this customized OLS regression are shown in the third
column of Table 3 on page 22. The regression has an adjusted R-squared of
3.3%. This is similar to but a bit smaller than for the first two regressions
conducted. As I dropped all continuous variables and I am essentially
working with four dummies only, it is absolutely plausible. To me, this is
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still satisfactory as the adjusted R-squared is also well above the R-squared
for the regressions in Christelis et al. (2019a), which use a similar setup.

Looking now at the suggested results, I observe that the average MPC-
difference between low-liquidity old-age household (51.0) and high-liquidity
old-age household (35.6) is at 15.4.19

In the PCA-biplot in Figure 3 on page 18, I noticed that on the illiq-
uid/poor frontier MPC behavior is very different between (illiquid/poor)
families and the (illiquid/poor) elderly. I try to add this information in
the econometric specification in form of interaction terms. This yields the
following regression:

MPCi = β0 + β1NetLiqAssetsQuint 1i

+ β2NetLiqAssetsQuint 5i

+ β3HhSize5plusi
+ β4Age70plusi
+ β5NetLiqAssetsQuint 1i ×HhSize5plusi
+ β6NetLiqAssetsQuint 1i ×Age70plusi
+ β7NetLiqAssetsQuint 5i ×HhSize5plusi
+ β8NetLiqAssetsQuint 5i ×Age70plusi + ϵi

(4)

The results of this customized OLS regression are shown in the fourth
column of Table 3 on page 22. The regression has an adjusted R-squared of
3.5% which is similar to the previous regression. The regression now has
more terms and not all corresponding coefficients are significant. Impor-
tantly, the interaction term for low-liquidity and old-age is significant. But
a numeric comparison to richer households as done before is not possible
since the required coefficients are not significant. Hence, another regression
is performed with fewer regressors:

MPCi = β0 + β1NetLiqAssetsQuint 1i

+ β2NetLiqAssetsQuint 5i

+ β3NetLiqAssetsQuint 1i ×HhSize5plusi
+ β4NetLiqAssetsQuint 1i ×Age70plusi
+ β5NetLiqAssetsQuint 5i ×HhSize5plusi
+ β6NetLiqAssetsQuint 5i ×Age70plusi + ϵi

(5)

19The calculations were made by adding the relevant coefficients for the respective groups.
Illiquid elderly: 47.9 + 9.2− 6.1 = 51.0. Liquid elderly: 47.9− 6.2− 6.1 = 35.6
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The results of this customized OLS regression are shown in the fifth
column of Table 3 on page 22. The regression has an adjusted R-squared
of 3.1% which is similar to the previous regressions. Now, all coefficients
relevant for old-age and illiquidity are significant.

The average MPC-difference between illiquid/poor old-aged households
(46.2) and liquid/wealthy old-aged households (37.4) is at 8.7 (due to round-
ing).20 This difference is 6.7 percentage points less than the difference of
15.4 resulting from the regression described by equation 3 and depicted
in the third column of Table 3 on page 22. Hence, This regression result
suggests that the average MPC difference between rich and poor elderly
is only about half as large as initially anticipated, assumed by theories of
liquidity constraints, and suggested by the regression results to equation 1,
2, and 3, respectively.

On the other hand, the average MPC-difference between illiquid/poor
(young) families (68.3) and illiquid/poor elderly (46.2) is at 22.1 percentage
points. This difference is substantially larger than 13.5 percentage points
which is suggested by equation 3. The illiquid/poor elderly therefore have
on average MPCs that are more similar to the liquid/wealthy elderly and
less similar to illiquid/poor families. The opposite was suggested by specifi-
cations that did not account for these variable interactions.

In summary, the usage of PCA-biplots has given me intuition about the
presence of non-linearities and relevant interactions of variables. It has
allowed me to formulate customized regression specifications in which I
could numerically show the presence of these issues. The results to these
regressions have shown that MPC levels for illiquid/poor families are higher
than suggested by a traditional simple OLS model. Finally, it has shown
that the MPC levels for illiquid/poor elderly is lower than suggested by a
traditional simple OLS model. This finding is also hard to square with the
concept of liquidity constraints and prior empirical evidence (Johnson et al.,
2006; Parker et al., 2013). This forms yet another liquidity puzzle. The
implications and potential explanations I discuss in the next section.

20The calculations were made by adding the relevant coefficients for the respective groups.
Illiquid elderly: 46.0 + 12.8− 12.6 = 46.2. Liquid elderly: 46.0− 5.5− 3.1 = 35.6
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(1) (2) (3) (4) (5)
MPC MPC MPC MPC MPC

NetLiqAssets -15.357*** -19.24***
(1.655) (1.393)

HhSize 1.170*** 0.938***
(0.368) (0.346)

Age -0.199*** -3.144***
(0.031) (0.293)

WealthQuint -1.330***
(0.354)

Education -0.490
(0.866)

Gender -0.473
(0.866)

NetLiqAssets Quint1 9.227*** 11.064*** 12.756***
(1.012) (1.242) (1.168)

NetLiqAssets Quint5 -6.243*** -7.168*** -5.476***
(1.030) (1.339) (1.271)

HhSize 5plus 7.445*** 5.874**
(1.975) (2.655)

Age 70plus -6.064*** -5.191***
(0.843) (1.081)

NetLiqAssets Quint1 3.653 9.527***
x HhSize 5plus (4.391) (3.505)

NetLiqAssets Quint1 -7.419*** -12.610***
x Age 70plus (2.251) (1.978)

NetLiqAssets Quint5 2.218 8.092
x HhSize 5plus (6.105) (5.508)

NetLiqAssets Quint5 2.141 -3.050*
x Age 70plus (2.129) (1.838)

Intercept 69.812*** 65.940*** 47.941*** 47.679*** 45.988***
(2.890) (2.096) (0.616) (0.616) (0.519)

Obs. 7371 7371 7371 7371 7371
Adj. R-squared 0.042 0.040 0.033 0.035 0.031

Table 3: Results for traditional (1-2) and customized (3-5) regressions. All
data is taken from the third wave (2017) of the HFCS (HFCN, 2020b).

5 Limitations and Discussion

5.1 Survey Data

My analysis is based entirely on survey data. But I am in good company. Also
very famous contributions relied exclusively on surveys for their ”empricial
evidence”, e.g., Carroll (1997); Parker (1999); Shapiro and Slemrod (2003);
Johnson et al. (2006); Parker et al. (2013); Kaplan et al. (2014); Christelis
et al. (2019a); Jappelli and Pistaferri (2020). Surveys, however, are prone to
measurement errors as pointed out by Olafsson and Pagel (2018a). Some of
these errors can be regarded as random noise, e.g., (i) no incentive to answer
correctly, (ii) trouble understanding phrasing of question, and (iii) reported
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behavior differing from real behavior. Other problems, however, can lead
to non-random biases, e.g., (iv) social stigma or (v) mistrust regarding data
privacy (Karlan and Zinman, 2008). All problems might apply with the data
I use for my analysis. It is therefore important to regard them and the results
with the usual caution.

5.2 Yet Another Consumption Puzzle

I document that illiquid/poor old-aged households in Italy boast lower MPC
levels than suggested by the concept of liquidity constraints. These poor
elderly (possibly affected by old-age poverty) have significantly lower MPCs
than younger poor households and rather similar MPCs with richer elderly.

This is at odds with the concept of liquidity constraints and empirical
evidence by Johnson et al. (2006); Parker et al. (2013). It could, however,
be in line with buffer-stock models (Deaton, 1991; Carroll, 1997). Also
Keynes (1936) suggested several motives that could explain such behavior:
(i) ”[t]o build up a reserve against unforeseen contingencies” (p. 94), (ii)
”[t]o bequeath a fortune” (p. 95), and (iii) ”[t]o satisfy pure miserliness, i.e.
unreasonable but insistent inhibitions against acts of expenditure as such”
(p. 95).

To these motives one could add: (iv) cultural or generational reasons -
after all the Italian elderly today are the generation that still experienced
fascism and WWII - and (v) a lack of supply, i.e. things/opportunities to
consume.21 Simply, there are less activities for elderly because of their age
and health. After all, also the simple observation by Olafsson and Pagel
(2018a) that only very few households feel or truly are liquidity constrained
could explain the finding.

Additionally, we can look to Thaler (1994) who summarizes three general
problems of Life Cycle/Permanent Income Hypothesis models: (i) unrealistic
optimization assumption, (ii) self control problems among humans, and (iii)
unrealistic fungibility of wealth assumption. He suggests to augment the
theory around Life Cycle/Permanent Income Hypothesis models by ”a set of
’mental accounts’ with varying marginal propensities to consume” (p. 188)
and refers to earlier work by Shefrin and Thaler (1988); Thaler (1985, 1990)

After all, the puzzle remains interesting. Several potential explanations
have been discussed, but a conclusive answer cannot be given. Further

21A similar pattern of low consumption was seen during the Covid-19 lockdowns when
travel was impossible and restaurants were closed. Household had fewer opportunities to
spend their money and hence saved more.
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research remains necessary and might benefit also from other methods.
More qualitative or mixed-method approaches might be deemed appropriate.
Interviewers could look with interviewees through their spending data and
ask detailed questions about their behavior.

5.3 Integrating PCA-Biplots into Econometric Analysis

I suggest a tool that extends descriptive statistic analysis to provide bet-
ter visualizations of original data in its entire complexity. This is in line
with the suggestions by Anscombe (1973) who argues for a combination
of numerical calculations and graphs. It is also in line with how other au-
thors have introduced novel statistical tools into the field of economics such
as regression discontinuity design (Goldberger, 1972), machine learning
techniques (Athey and Imbens, 2017), or causal random forests (Wager and
Athey, 2018).

Research 
Question

Descriptive 
Statistics

Standard 
Econometrics PCA-Biplot Augmented 

Econometrics

Results might 
be incomplete
or misleading 

(e.g., 
Simpson’s 
Paradox)

Results are 
improved, 

e.g., regarding 
interactions 

and non-
linearities

Figure 4: Flow-chart of econometric analyses with PCA-Biplots as visual aid
to regression specification.

A general problem with regression analysis is that it is additive and
interactions and non-linearities are not naturally dealt with. PCA-biplots
are particularly useful to address the problem of interactions as has been
emphasized in this paper. Non-linearities could also be addressed, but this
can also be done well by decision trees and random forests as other authors
have shown.
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PCA-biplots help practitioners to quickly come up with more customized
regression specifications. They enable researchers to consider distributions
and correlations of several variables at the same time. Additionally, resulting
plots can be (with some explanation) easily understood by non-technical
individuals. They are consequently also a great communication tool.

PCA-biplots can be successfully integrated into the econometric modeling
pipeline as shown in this analysis. Figure 4 on page 24 shows schematically
how this could be done in general.

In summary, I suggest a tool that helps researchers draw causal inference
based on visual inspection. This allows to make better regression specifica-
tions by finding the optimal combination of variables. Policy makers will
get better findings and can therefore target actions better to sub-groups to
have more customized policies and better results.

6 Conclusion

I analyze consumption patterns in Italy using survey data from the third
(2017) wave of the HFCS and apply a PCA-biplot, a method from unsuper-
vised machine learning, to reveal hidden heterogeneity. I discover that poor
elderly households have lower MPC scores than other poor households – a
finding at odds with the concept of liquidity constraints and the dominating
views in the consumption literature – and confirm the observation by means
of customized regression specifications which include interaction terms.

I interpret the findings as a suggestion that age-related, generational,
and country-specific factors impact the MPC and are a source of heterogene-
ity that is not captured by standard consumption models. This finding is
particularly relevant to policy makers who are interested in the purchasing
power and aggregate demand effects of income changes. In light of growing
concerns about old-age poverty as well as an increasing share of retirees in
the overall Italian population, this topic becomes very relevant.

Apart from consumption theory, this study introduces an intuitive visu-
alization from unsupervised machine learning, the PCA-biplot. This plot
enables the visualizations of (approximations of) multiple correlation and
scatter plots at the same time. It enables thus a holistic view of the data. As
it enabled me in this application to detect the old-age consumption puzzle, I
also provide a more general suggestion on how to combine PCA-biplots with
standard econometric modeling.
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Appendices

A Descriptive Statistics
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Figure A.1: Histograms of key variables. All data is taken from the third
wave (2017) of the HFCS (HFCN, 2020b).
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Figure A.2: Correlations of key variables. All data is taken from the third
wave (2017) of the HFCS (HFCN, 2020b).
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B Datasaurus Dozen

Figure A.3: ”Datasaurus Dozen” by Alberto Cairo. All datasets have the
same summary statistics (Matejka and Fitzmaurice, 2017).
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C Additional PCA-Biplot
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Figure A.4: PCA-Biplot Italy: colour-coded MPC on small set of demograph-
ics. All data is taken from the third wave (2017) of the HFCS (HFCN, 2020b).
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