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Does consumer debt cause
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This study investigates the relationship between consumer debt and

aggregate economic activity based on time series methods and directed

acyclic graphs (DAG). Quarterly US data, measured over the period 1980

to 2003, on consumer debt, gross domestic product (GDP), interest rates,

housing starts, and domestic auto sales, are analysed in an Error

Correction Model (ECM). Contemporaneous innovations from this

ECM are given a structural representation, using recent developments in

DAG modelling. The ECM and DAG components are summarized using

innovation accounting techniques (impulse response functions and forecast

error variance decomposition). The DAG causal pattern reveals a causal

flow from GDP to consumer debt; the subsequent innovation accounting

results also show that consumer debt is not exogenous in contrast to GDP

and other indicators. This result concurs with a previous study based on

Granger causality, but contradicts other works that claim consumer debt

is a root cause of aggregate economic performance.

I. Introduction

Dating back at least to the 1920s in the US, the
relationship between consumer debt and aggregate
macroeconomic performance has long been a cause of
concern among policymakers, legislators, and econ-
omists. This concern has been revisited from time to
time when consumer debt grew with economic booms
and reached significant proportions. A partial list of
papers addressing earlier episodes of concern includes
Danielian (1929), Fisher (1933), Smith (1957),
Enthoven (1957), Kowalewshi (1986) and Van Dyke
(1987). The early 1990s recession in major industri-
alized countries and the record high consumer credit
in the US in the mid-1990s have generated more

recent studies on this topic. Among others, King
(1994) analysed the economic recession in ten major
industrialized countries and identified household debt
as a source of the recession, lending support
to Fisher’s debt-deflation theory. Garner (1996)
discussed the predictability of economic slowdown
by consumer debt measures, with an emphasis on the
effectiveness of debt measures. Schmitt (2000)
addressed the debt-economy relationship using
Granger causality and impulse response functions.
Her results indicate rising consumer debt is a normal
occurrence in economic expansions. It does not
appear to be a factor that signals future slowdowns.

Existing literatures on this topic are extensive and
insightful. However, further research is needed for
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two reasons. First, while many theoretical and

empirical studies have argued a causal flow from

debt to GDP, empirical evidence as cited above

suggest otherwise. Second, the empirical studies

based on strict causality analysis should be

indispensable to establishing causation beyond

correlation; however, literature in this regard is

surprisingly limited, the exception being the one by

Schmitt (2000).
Rooted in artificial intelligence and computer

science, directed acyclic graphs (DAG) is a recent

method developed for causal inference. In economics

and finance, particularly where vector autoregression

(VAR) or the error correction model (ECM) is

used, the DAG has been suggested as a desirable

‘data-driven’ alternative to the usual Choleski decom-

position and structural VAR when causality is not

well established in theory (Swanson and Granger,

1997; Awokuse and Bessler, 2003). This study applies

DAG and time series methods to quarterly data in the

US from 1980 to 2003 to reveal a causal relationship

between consumer debt and other economic

activities.
The structure of this paper is as follows: Section II

introduces directed graphs for representing causal

structures; a description of data follows; Section IV

presents empirical findings; a conclusion and discus-

sion of further research complete the paper.

II. Directed Acyclic Graphs

Examples of recent applications of DAG to econom-

ics and finance may be found in Roh and Bessler

(1999), Bessler and Lee (2002), and Bessler and Yang

(2003). A brief introduction is given below.
Put simply, directed graphs are pictures represent-

ing the causal flows among a set of variables.

Formally, a directed graph can be described by

an ordered triple hV,M,Ei, where V is a nonempty

set of vertices standing for variables studied, M is

a nonempty set of symbols attached to the end

of undirected edges, and E is a set of ordered pairs.

Variables connected by an edge are said to be

adjacent. Consider two variables A and B among

a set of variables V. A and B may be associated by

different types of graphs, depending on how the edge

between both is directed (or not directed). A directed

acyclic graph is a graph that contains no directed

cyclic paths. Only directed acyclic graphs are

considered in this paper.
Directed acyclic graphs are designs for representing

conditional independence as implied by the recursive

product decomposition:

Prðv1, v2, v3, . . . , vnÞ ¼ �
n

i¼1
Prðvi j paiÞ

where Pr is the probability of variables v1, v2, v3, . . . ,
vn, and pai is the realization of some subset of the
variables that precede (cause) vi in order (v1, v2,
v3, . . . , vn). Pearl (1986) proposed d-separation as
a graphical characterization of conditional indepen-
dence. A proof of this proposition was given by
Verma and Pearl (1988). Spirtes et al. (2000)
incorporated the notion of d-separation to develop
the algorithms for building directed graphs.

There are several alternative search algorithms
in the literature. First, there is the PC algorithm
presented in Spirtes et al. (2000). Put very simply, the
PC algorithm begins with a complete undirected
graph G, where an undirected edge exists between
every variable in the variable set V. Edges between
variables are removed sequentially based on zero
correlation or partial correlation (conditional corre-
lation) and the remaining edges are ‘directed’ using
the concept of sepset. Details of the algorithm are
given in Spirtes et al. (2000).

The PC algorithm has been studied in Monte
Carlo simulations in Spirtes et al. (2000) and
Demiralp and Hoover (2003). In sample sizes of
100, the PC algorithm may make mistakes of two
types: edge exclusion or inclusion and edge direc-
tion (direction of arrows); the latter appears to be
more likely than the former. Spirtes et al. suggest
that the significance level used in making decisions
should decrease as the sample size increases and the
use of higher significance levels may improve
performance at small sample sizes (Spirtes et al.,
p. 116). Results presented below should be viewed
with caution and/or interpreted with other relevant
information.

GES algorithm is a stepwise search over alternative
DAGs using Bayesian posterior scores. Unlike PC
algorithm, it is a two-stage algorithm that begins with
a DAG representation with no edges (independence
among all variables). Details on the algorithm,
justification for selection of the sequencing of edge
additions or deletions and proofs of the mathematics
supporting such search are given in Chickering
(2002). Beside the PC algorithm, GES provides an
interesting alternative for searching across empirical
data. Edges or directions that are robust across
these two algorithms are (in the authors’ subjective
judgement) probably worthy of a higher level of
confidence relative to edges or directions that change
under alternative search algorithms.
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III. Data

Five quarterly data series with 96 observations, from
1980 to 2003, accessed from www.economy.com
on 15 September 2004, are used in this study.
US household debt service ratio and GDP measure
consumer debt and economy-wide performance,
respectively. Three other variables, the prime interest
rate, domestic automobile sales, and housing start
numbers are included as important indicators,
relevant to the debt and aggregate economic activity
relationship. Domestic automobile sales and housing
starts are chosen because both represent durable
goods that account for a considerable portion of
GDP and can potentially impact consumer debt.
Except the inclusion of auto sales, these five variables
echo the four used in Rahman and Mustafa (1997)
wherein the long-term association among those four
variables is found.

All five data series are tested with augmented
Dickey-Fuller test and all are found to be nonsta-
tionary (see Table 1). The usual procedure for
modelling cointegrated data with an error correction
model applies the trace test, after first selecting lag
length in a level autoregression (see Williams and
Bessler (1997) or Kadyrkanova et al. (2000)). Here
the recent innovation in selecting the number of
cointegrating vectors and lag length simultaneously
using Schwarz Information Criteria (SIC) is followed,
as recently proposed in Wang and Bessler (2005).
The result suggests that at lag 1, there exist two
cointegration vectors and they are trend stationary.
This structure is similar to that found in Rahman
and Mustafa (1997).

IV. Implementation and Findings

Based on the above structure, the five series have
been analysed using an ECM. The innovation

correlation matrix from this model is given as below
(correlation elements are presented in the order listed
across the top of the Corr matrix):

Autosales Debt GDP Housing Interest
start rate

Corr ¼

1:0000

0:2620 1:0000

0:1119 �0:3056 1:0000

�0:0356 �0:1826 0:2662 1:0000

�0:0791 �0:1928 0:3065 �0:3114 1:0000

2
66666666664

3
77777777775

This matrix provides a starting point for the analysis
of contemporaneous causation using a DAG struc-
ture. It is processed by TETRAD (Scheines et al.,
1994) without a priori knowledge of causal relation-
ship among these five variables. PC and GES
algorithms are both used. The DAG pattern by PC

Auto
sales

Interest
Rate

GDP 

Housing
Starts

Consumer
Debt

Auto 

sales 

Interest
Rate

GDP 

Housing
Starts

Consumer
Debt

Fig. 1. The DAG pattern by PC algorithm

Note: Panel A: result at 10% and 20% significance levels.
Panel B: result at 30% significance level.

Auto
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Interest
Rate

GDP 

Housing
Starts

Consumer
Debt

Fig. 2. The DAG pattern by GES algorithm

Table 1. Augmented Dickey-Fuller test for nonstationarity

of data

Series
ADF
(without trend)

ADF
(with trend)

Consumer debt �1.28 �2.12
Interest rate �1.96 �2.65
Housing start �1.51 �1.72
Auto sales �1.71 �2.38
GDP 0.97 �1.68

Note: Critical values for ADF test at the 5% level without
and with trend are �2.89 and �3.61 respectively.
Nonstationarity is rejected when calculated values are
less than critical values.
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algorithm, at three significance levels for removal of

edges, is given in Fig. 1.1

In Fig. 1, panel A gives the identical results by PC

algorithm at the 10% and 20% significance levels.

There are two directed edges. One indicates a causal

flow from GDP to consumer debt, and the other

shows a causal flow from auto sales to consumer

debt. The edges among GDP, interest rate, and

housing starts are not directed. In panel B, at the

30% significance level, the causal flow from GDP

to consumer debt remains. There are three more

directed edges: auto sales to GDP, interest rate to

GDP, and GDP to housing starts. The edge between

interest rate and housing starts, and the edge between

auto sales and consumer debt, are not directed.
In the GES algorithm (recall that it begins with

a graph with independence among variables), there is

no choice of significance levels. The algorithm results

in one graph, presented in Fig. 2. In this graph, there

are three undirected edges among GDP, interest rate,

and housing starts. Two edges are directed and they

show a causal flow from GDP to consumer debt, and
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Fig. 3. Impulse response functions based on the contemporaneous structure as modelled in Fig. 1
a

Note: a The presented results in this figure and Table 2 are based on the ordering: auto sales (AUTO), interest rate (INT),
GDP (GDP), housing starts (HOUST), and consumer debt (DRATIO).

1 Based on the suggestion by Spirtes et al. (2000), 10% and 20% significance level would be suitable for the sample size in the
present study. It is also suggested that various levels of significance be considered in an attempt to achieve an unambiguous
causal structure of the variables. The 30% level is used as it is the lowest significance level that produces an unambiguous
causal ordering in this case.
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a causal flow from auto sales to consumer debt. This
result is consistent with that by PC algorithm at the
10 and 20% levels.

The pattern presented above is applied to innova-
tion accounting techniques.2 The results by impulse
response functions over the next 20 quarters are
shown in Fig. 3. The innovation by each of the
five variables is presented from column one to five.
The shock of consumer debt is first examined. In
column two, auto sales and housing starts show

limited positive response to a positive consumer debt
innovation. The responses by GDP and interest rate
are negative but negligible. In comparison, housing
starts, interest rate, and auto sales appear to be far
more exogenous. Any of them – shown in columns 4,
5 and 1 – produce significant and lasting responses in
the other variables. Finally, GDP in column 3 results
in significant response in housing starts, mild
response in interest rate, and little response in auto
sales. Particularly, in response to the GDP shock,

Table 2. Forecast error variance decomposition based on the contemporaneous structure

as modelled in Fig. 1a

Step AUTO DRATIO GDP HOUST INT

AUTO
0 100.00 0.00 0.00 0.00 0.00
1 93.55 0.06 0.12 2.18 4.09
2 82.19 0.21 0.28 5.39 11.93
4 61.74 0.64 0.47 9.12 28.03
9 39.78 1.76 0.40 8.21 49.85
19 27.87 3.13 0.26 5.25 63.49
DRATIO
0 6.86 79.66 8.86 1.65 2.98
1 21.44 69.03 7.38 0.77 1.39
2 29.35 62.07 6.07 1.57 0.93
4 31.03 54.50 4.19 9.73 0.56
9 15.97 40.39 1.82 40.19 1.64
19 6.38 27.98 0.77 60.91 3.96
GDP
0 1.25 0.00 88.74 0.00 10.01
1 1.93 0.03 86.89 5.18 5.97
2 5.85 0.06 78.37 12.30 3.43
4 14.49 0.10 61.23 22.55 1.64
9 25.34 0.10 42.10 30.72 1.73
19 30.56 0.10 33.94 33.16 2.24
HOUST
0 0.13 0.00 15.42 74.53 9.93
1 5.05 0.04 13.78 67.60 13.53
2 9.31 0.11 12.73 62.00 15.85
4 14.02 0.26 11.86 55.08 18.79
9 16.17 0.63 12.08 48.28 22.83
19 14.81 1.19 13.49 43.69 26.82
INT
0 0.63 0.00 0.00 0.00 99.37
1 0.70 0.01 0.03 0.46 98.80
2 1.04 0.03 0.09 1.49 97.35
4 2.51 0.07 0.27 4.56 92.58
9 7.76 0.13 0.72 12.07 79.32
19 13.55 0.17 1.10 18.46 66.73

Note: aThe decompositions in each row sum up to 100. The Cholesky ordering of series is as
in Fig. 3.

2 Beyond the causal flows from GDP and auto sales to consumer debt, causal flows revealed at 30% significance level by PC
algorithm have also been used. The DAG pattern is used to determine the Cholesky ordering of the five variables. For the
orders that are not revealed by DAG, i.e., interest rate vs. auto sales, housing starts vs. consumer debt, all four different
orderings have been tested. The results indicate the change of ordering within each pair has little impact on impulse response
functions and forecast error variance decomposition. One order is presented in this paper: auto sales, interest rate, GDP,
housing starts, and consumer debt.
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consumer debt first drops to below zero, then grows
back to normal eight quarters later. Compared with
the aforementioned three, GDP does not appear to
be as exogenous; however, it appears to be more
exogenous than consumer debt.

Forecast error variance decomposition results are
presented in Table 2. Listed in the table for each
variable are steps of 0 (contemporaneous time), 1, 2,
4, 9 and 19 quarters ahead. For each step, the entries
show the percentage variation of a variable that is due
to innovations by itself and the other four variables.
The results are largely consistent with those found by
impulse response functions. Interest rate and housing
starts are most exogenous, followed by GDP and
auto sales. Consumer debt is the least exogenous,
having little explanatory power on the other variables
throughout the horizon, as best shown in column 2.

V. Conclusion and Further Research

Based on quarterly US data from 1980 to 2003,
the relationship between consumer debt and GDP is
studied using DAG and innovation accounting
analysis. Contemporaneously, DAG reveals a causal
flow from GDP to consumer debt. Further innova-
tion accounting analysis building on the DAG
pattern shows that consumer debt is least exogenous
and has little influence on GDP and other economic
variables. These findings tend to suggest consumer
debt as a natural occurrence of the economy, instead
of a causing factor. This result does not support debt
deflation theory and many existing empirical studies.
However, it is consistent with the causality analysis
result based on Granger causality (Schmitt, 2000).

As a caveat, the causality revealed here is based on
a 24 year period and may be more of a general nature
than periodic. Debt deflation theory and many
empirical studies that support a causal effect of debt
on economic recession, on the other hand, have often
focused more on certain stages of the business cycle.
The issue of possible structural change in this debt
economy relationship, as one is aware, has not been
addressed empirically. It is an interesting topic for
future research that can potentially reconcile the
conflicting results that are observed.
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