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Abstract. Given that the predictability of financial assets is indispensable to opti-
mize the allocation of the investors’ portfolio, a large literature review was dedicated
to the question of predictability. Indeed, different studies have examined the relation-
ship between the expected returns and the financial and macroeconomic variables to
determine the most predictive indicators, notably the impact of the variables fluctua-
tions on the prediction of the expected returns. Consequently, this paper consists on
investigating the impact of the fluctuations in the aggregate price-earnings ratio at dif-
ferent timescales on the stock returns by using financial data from the USA. The data
frequency is quarterly from 1952 to 2011. By aggregating the price-earnings ratio via
multiresolution wavelets analysis, the results of the estimation of the Vector Autoregres-
sive Model (VAR) demonstrated that the cycles in the price-earnings ratio presented
strong predictors for the stock returns at short and intermediate horizons.

Keywords: wavelets, decomposition, time series, financial ratios, multiscale analysis,
VAR, stock returns.

1. Introduction

The predictability of the financial assets is an indispensable element to optimize
the allocation of the investor’s portfolio. Some studies approved the predictabil-
ity of the returns and other studies denied it. For example, Fama and French
(1989) approved this predictability as it could not be inconsistent with the ef-
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ficiency market theory, on the other hand, other researchers as Mankiw et al.
(1989) who denied it due to the same reason of the efficiency market theory.

This research will adopt the hypothesis of the predictability according to the
paper of (Fama and French, 1989). In this context, the researchers have studied
the algebraic relations between the expected returns, the macroeconomic vari-
ables and the financial variables to predict the future returns and to get the most
predictive financial variables. Fama and French (1989) and Lettau and Ludvig-
son(2001) demonstrated that the expected returns fluctuate with the economic
cycle. Other studies have related the fluctuations of the expected returns to
the macroeconomic variables and to the financial ones and they approved the
existence of a relation between the logarithm of payout ratio and the excess re-
turns ones (Campbell and Shiller, 1988). Also, Campbell(2000,2003) confirmed
that the valorization ratios have a predictive capacity on the returns at long
horizons. With approximating the total wealth by a linear combination of the
log labor income and log observable assets, Lettau and Ludvigson (2001) cre-
ated a new ratio called consumption-wealth ratio (the cay ratio), they approved
that the cay ratio has a predictive capacity at the short horizons. Also, Let-
tau and Nieuwerburgh (2008) have approved that the aggregation of the price
earnings-ratio has notable effects on the prediction of the future returns. Thus,
according to the paper of Lettau and Nieuwerburgh (2008) and Boucher and
Maillet (2011) adopted the idea of aggregating the price-earnings ratio(See also
Boldrin et al., 1995; Boldrin et al., 1997; Boldrin et al., 1999;Boldrin et al.,
2001;Rouwenhorst, 1995; Jermann, 1998 and Jermann and Quadrini, 2007)

The problematic was how to aggregate this ratio to extract the significant
information. Two approaches have been most known; the first one is the spec-
tral analysis which is used to distinguish the different frequency components
(Hamilton, 1994) and the second one is the standard filters which allows the
extraction of specific features such as seasonality (periodicity) and trends. Ho-
drick and Prescott(1997) (see also Genay et al., 2001 and the references sited
there). Nevertheless, two major drawbacks were detected in the standard meth-
ods of the time series analyzing. The first one is the restrictive hypothesis like
the stationarity of the series, or this is not always the case of the financial series.
The second one is the pure frequency-domain representation of the data i.e. all
information from the time-domain representation is not captured.

Recently, a new method became increasingly famous in the economics and
finance, called the wavelets. The wavelets analysis provides a simultaneous
representation of a data series in the frequency and time domains. In fact, this
technic can be used to study the financial variables over time and frequency, and
it avoids the drawbacks of the spectral analysis. Boucher and Maillet (2011)
decomposed the price-earnings ratio, by using the dyadic wavelets (M-bands
equals 2), to identify the source of fluctuations of the assets and thus to define the
most predictive variables for the future returns. They identified a timescale for
that price earnings ratio to isolate the stable movements from the fluctuations.
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They concluded that the first-time scale component of the price-earnings ratio
explains a large part of the one-quarter stock returns.

Bianchi and Tamoni (2016) defined the expected returns as the outcome of
an updating process based on medium and long-term information, showed that
accounting for the low- to mid-frequency information conveyed by standard pre-
dictors, allows to identify long-lasting effects in the dynamics of high-frequency
expected returns. Bandi et al. (2017) worked on the predictability over short
horizons by proposing a novel modeling framework in which predictability is
specified as a property of low-frequency components of both excess markets
returns and economic uncertainty. This research consists on studying the pre-
dictability of the expected returns at short-term. The used variables in this
analysis are the ones provided in the paper of (Boucher and Maillet, 2011) and
largely discussed in different researches. Taji and Gore (2014) studied the Adap-
tive Texture Segmentation by using the M-bands wavelets. Also Schrrer (2015)
suggested an analysis of the high frequency time series by using wavelets. Kl
and Uur (2018) used the Multiresolution method to examine the SP500 time
series. Here, the M-bands wavelets analysis will be used were M-bands in 3,
4 to see if the obtained results of (Boucher and Maillet, 2011) depends on the
number of bands or not. Using the M-bands with M¿2 allows the analysis of
higher frequency components and more numerous ones. The rest of the paper
is organized as follows. Section 2 explains the methodology used in the study.
Section 3 presents the results of the study and section four concludes.

2. Methodology and data

The methodology section consists on providing a general overview about the
wavelets, the multiresolution decomposition and of the Vector Autoregressive
model (VAR).

2.1 Wavelets and multiresolution decomposition

Wavelets have been known as an extension of Fourier analysis. The wavelets
analysis was developed and extended by authors such as Grossman and Morlet
in 1985, Daubechies in 1990 and 1992 and Meyer in 1992. The success of the
wavelets was due to a discretization method introduced in 1986 by Stphane
Mallat and then developed by Meyer and Daubechies and others as continued
method. (See Al Ani, 2016; Emeric and Hammadi, 2003; Quarta,2011;Conway
and Frame, 2000 for further details)

As the name indicates, a wavelet is a small wave. The term ”small” mainly
explains in this context that the wave increases and decreases in a limited time
support (Masset, 2008). Thus, the main feature of a wavelet is its compact
support, i.e. the wavelet function is limited in both the time and frequency
domains. In fact, wavelets can decompose the non-stationary series without any
restrictive hypothesis with localization at time and frequency. Yves MEYER
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defined the wavelets as following ”... unlike the Fourier series, the coefficients of
a series of wavelets translate the properties of the functions in a simple, precise
and reliable way, at least the properties that correspond to a discontinuity, an
unplanned event.” Theoretically, a wavelet is simply a time function that follows
a basic rule, known as the wavelet eligibility condition:

(1) Cψ =

∫ ∞
0

|Ψ(f)|
f

df <∞

With

(2) Ψ(f) =

∫ +∞

−∞
ψ(t)e−2πiftdt

Equation 2.2 presents Fourier transform. f is a frequency function for Ψ(f), Ψ
is called the mother wavelet. To ensure that Cψ <∞, the following conditions,
related to the mother wavelet, must be imposed:

1. Ψ(0) = 0, or
∫ +∞
−∞ Ψ(t) = 0

2.
∫ +∞
−∞ |Ψ(t)|2dt = 1 (the energy unit).

Generally, wavelet transforms are classified into three categories; trans-
formed into continuous wavelets, transformed into discrete wavelet and trans-
formed into wavelets based on multiresolution analysis. In this analysis, the
multiresolution decomposition analysis will be considered (for further details see
(Boucher and Maillet, 2011) and the references stated there). Despite the prob-
lems of resolutions (time and frequency)1 are the results of a similar phenomenon
to the uncertainty’s problem of Heisenberg and they exist independently from
the used transformation, it is possible to analyze any signal by using an alter-
native approach named ”multiresolution analysis”. A multiresolution analysis
allows a good time-resolution and a poor frequency-resolution for the high fre-
quencies. In addition, a good frequency-resolution and a poor time-frequency
for the low frequencies. This approach has a sense, especially when the real sig-
nal has components with high frequencies at the short-horizon and components
with low frequencies at the long horizon. Mathematically, it is usually easier to
present a development of signal on a countable group of wavelets.

This could be realized by varying the scale factor with dyadic way, by choos-
ing e = 2j , j ∈ Z u = k2j , j ∈ Z. In this context, a multiresolution analysis
is defined as series of closed under- vectoral spaces of (Vj)j∈Z of L2(R) and
verifying the following proprieties:

• ∀j ∈ Z, Vj+1 ⊂ Vj

1. Time resolution: How far two peaks in time can be separated from one another in the
domain of transformation. Frequency resolution: How far two spectral components can be
separated from one another in the field of transformation.
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• ∀j ∈ Z, f(t) ∈ Vj ⇔ f( t2) ∈ Vj+1

• limj→∞ Vj = Uj∈ZVj = 0 and limj→−∞ Vj = Uj∈ZVj = L2(R)

• ∃ψ0 such as ψ0(t− n), n ∈ Z is an orthonormal basis of V0; ψ0 is the scale
function.

Thus, it could be confirmed that 2
−j
2 ψ0(

t
2j
− k), k ∈ Z constructs an or-

thonormal basis of Vj . The principal of multiresolution analysis of a signal
f is the realizations of successive orthogonal projections of the signal in the
spaces Vj which conducts to bigger approximations of f as j increases. The
difference between two consecutive approximations represents the information
”detail” or ”cycle” which is lost in passing from a scale to another; this infor-
mation is in the under-space Wj orthogonal to Vj with:Vj−1 = Vj ⊕Wj . The

existence of a wavelet ψ1 ∈ L(R) is demonstrated with 2
−j
2 ψ1(

t
2j
− k), k ∈ Z is

an orthonormal basis of Wj . The orthogonal wavelet decomposition of a signal
f could be done in an efficient way by following the algorithm of (Mallat, 1998).
Thus, the coefficients of approximations (cj,0[k])k∈Z and the details (cj,1[k])k∈Z
are determined in each level of resolution and they are defined as:

(3) ∀K ∈ Z, cj,0[k] =

〈
f,

1

2j/2
ψ0(

.

2j
− k)

〉

(4) ∀K ∈ Z, cj,1[k] =

〈
f,

1

2j/2
ψ1(

.

2j
− k)

〉
〈
., .
〉

is the scalar product of L2(R).

2.2 Vector autoregressive model

The modeling part of this research is carried out in the context of Vector Autore-
gressive Model (VAR). This methodology has gained widespread use in empirical
business cycles analysis, as it has proved to be a flexible and tractable way to
analyze economic time series. Vector autoregression (VAR) models have been
capable of describing the rich dynamic structure of the relationships between
economic variables (Bjornland, 2000). The VAR models are usually presented
through impulse responses (that measure the effects of the different shocks on
the variables of study), and variance decomposition (which measures the relative
importance of the different shocks to the variation in the different variables).
(Sims, 1980) was the first who introduced VAR models as an alternative to the
large-scale macroeconometric models. According to Sims, all variables appear-
ing in the structural models could be argued to be endogenous. Economic theory
place only weak restrictions on the reduced form coefficients and on which vari-
ables that should enter a reduced form model. Similar ideas had already been
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put forward by (Liu, 1960), but the proposed solution by Sims was new. Sims
suggested that empirical research should use small-scale models identified via a
small number of constraints (Bjornland, 2000).

Sims argued that VARs provide a more systematic approach to imposing
restrictions and could lead one to capture empirical regularities which remain
hidden to standard procedures. In contrast, the results from policy exercises on
large-scale macreconometric models are hard to compare and recreate and can
easily be amended by their users with judgmental ex-post decisions (Bjornland,
2000). Before the VAR estimation, the unit roots using the augmented Dickey-
Fuller (ADF) and KPSS tests 2 for all the variables will be tested. The VAR
is often perceived as an alternative to the simultaneous equation method. It is
a systems regression model in that there is more than one dependent variable.
In the most basic bivariate example, where there are just two variables, then
each of their current values will depend on combinations of the previous values
of variables and error terms.

(5)

{
yt = α0 + α1xt−1 + β1yt−1 + ...+ αkxt−k + βkyt−k + ut

xt = χ0 + χ1xt−1 + δ1yt−1 + ...+ χkxt−k + δkyt−k + vt

The number of lags included in the VAR depends on either the data (i.e. monthly
data would require 12 lags) or the minimization of the Akaike or Schwarz-
Bayesian criteria (maximizing in some textbooks depending on how the criteria
are set up). In addition, it is assumed that the error term is not serially corre-
lated. The system can be expanded to include any number of variables and is
used extensively in the finance literature. VAR models have a number of advan-
tages over univariate time series models, for instance, there is no need to specify
which variables are exogenous and which endogenous, variables are endogenous.
In addition, the issue of model identification does not occur when using a VAR.
Providing there are no contemporaneous terms acting as regressors, OLS 3 can
be used to estimate each equation individually, as the regressors are lagged
so treated as pre-determined. In addition, VARs are often highly efficient at
forecasting compared to traditional models.

A limitation of the VAR approach is that it must be estimated to low order
systems and the effects of omitted variables will be in the residuals. This may
lead to major distortions in the impulse responses, making them of little use
for structural interpretations (Hendry, 1995), although the system may still be
used for predictions (see e.g. (Hendry and Doornik, 1997), and the references
stated there). Further, measurement errors or misspecifications of the model
will also induce unexplained information left in the disturbance terms, making
interpretations of the impulse responses even more difficult . (See also Bjornland,

2. To confirm the test results obtained from the ADF and PP tests, Kwiatkowski Phillips,
Schmidt and Shins test (1992) (KPSS) is suggested to eliminate a possible low power
against stationary near unit root processes which occurs in the ADF and PP tests.

3. OLS estimator, ˆbeta = (X ′X)
−

1X ′Y , Y dependent variable and X dependent variable.
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2000; Hendry,1995;Lubrano,2007 for further details about VAR modelling). The
following diagram presents this research framework.

Figure 1: Research framework.

2.3 Dataset

The study sample is composed of financial data from the USA. The frequency
is quarterly from the first quarter of the year 1952 to the earliest quarter of the
year 2011. The data is extracted from different sources; the returns are from
the CRSP (Center for Research in Security Prices). The Stock prices, the divi-
dends per share and the quarterly earnings per share are available in the site of
Standard and Poors and the site of Saint Louis bank. For the macro Financial
and monetary indicators, the source is Federal Reflectance Database (FREDII).
The input variables are described as following:
The dividend-earnings ratio or the dividend payout ratio (PER), defined as the
ratio between the price of a stock and its earnings per share. Rancourt (2008)
provided a full paper related to this variable.
Price-earnings ratio (PAY), calculated by dividing the dividend per share of
earnings. This variable was considered in the paper of Lamont (1998) as a con-
trol variable.
The consumption-wealth ratio (CAY), defined by Lettau and Ludvigson (2001).
It is the measure of short-term deviations from the long run cointegration rela-
tionship among the natural logarithm of consumption, labor income and aggre-
gate wealth. The data related to cay variable is available at the official website
of the authors.
Default spread (DEF), the default spread known also as a credit default swap
spread or a credit spread. It is defined as the yield or return differential between
long-term BAA corporate bonds and long-term AAA or U.S. Treasury bonds.
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Elton et al. (2001) presented further details related to default spread. Dif-
ferent studies showed that the yield spread between BAA and AAA corporate
bond spread can predict expected returns in stocks and bonds such as (Fama
and Schwert, 1977; Keim and Stambaugh, 1986;Campbell,1987 and Fama and
French, 1989 among others).
Term spread (TRM), defined as the difference between the 10-year Treasury
bond yield and the 3-month Treasury bond yield. This variable was considered
in the papers of Fama and French (1989) and Campbell (1987).
Detrended risk-free rate (RREL), is the stochastically detrended risk-free rate
defined as the T-bill rate minus its last four-quarter average.
Inflation rate (INF), Campbell and Vuolteenaho(2004) demonstrated that the
inflation rate is highly correlated with the price earnings ratio. In the following
analysis part, the coefficients obtained from the decomposition of the price-
earnings ratio by using Meyer wavelets will be used.4

3. Empirical findings

The aim of this section is to analyze the empirical results of this research; first,
the M-bands decomposition of the price-earnings ratio will be provided (where
the number of bands in 3,4) and then the relationship between the cycles of the
price-earnings ratio and the macroeconomic variables by using VAR model will
be investigated.

3.1 M-bands decomposition of the price-earnings ratio

To decompose the price-earnings ratio, the wavelet multiresolution analysis will
be used. As shown in Figure 2, the x-axis presents the quarterly period 1952-
2011. The y-axis presents the details and the approximation. The details show
that the order of regular cycles of the price-earnings ratio is increasing with the
level of decomposition. Thus, the wavelet decomposition allows the disaggregat-
ing of the variable in function of the degree of regularity. It could be explained
otherwise, d1 presents the shorter term; d2 presents the short-term, d4 present
the intermediate term and a4 presents the approximation. The variation of these
cycles can be explained as follows:

• The cycles of the first decomposition d1 exhibit volatility during certain
periods due to geopolitical, economic or financial conditions including the
oil shocks of 1973, 1979 and 2008. Also, the Crash of October 1987 or
”Black Monday”, the attacks of September 2001, the Iraq war in 2003,
the subprime crisis in 2007 and the banking and financial crisis of autumn
2008.

4. It was concluded that the results are independent from the choice of the type of wavelets.
Results are not reported here.
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Figure 2: Decomposition of the price earning-ratio.

• The cycles of the details d2 and d3 show also similar events. They exhibit
a common model regular than the d4.

• The a4 trend is very smooth with a stable phase almost of 20 years.

To approve if these cycles contain information about expected returns, an
estimate of the autoregressive model VAR will be used with a lag of one quarter.
The procedure will be detailed in the next section.

3.2 VAR analysis

Before carrying out the VAR model, the Granger causality test to examine the
causality between the different variables will be provided.

3.2.1 VAR model

VAR model is especially useful for describing the dynamic behavior of economic
and financial time series and forecasting. Thus, to examine the relationships be-
tween the cycles of the price-earnings ratio and the macroeconomic conditions,
a model VAR was estimated twice by using the lagged variables. Following the
Akaike criteria, the number of lag was 1 ( which corresponds to the minimum
Akaike value). As shown in (Table 2), the estimation of VAR model after the de-
composition of price-earnings ratio (via 3-bands multiresolution), demonstrated
that the first-decomposition (or detail d1) contains a distinguished information
in short-term; the first scale decomposition has a strong ability to predict the
variations in short-term. However, d1 appears related to the default spread
and dividend payout ratio. The estimation of VAR model after including the
decomposition of price-earnings ratio (via 4-bands) is presented in (Table 3),
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the estimation resutls confirmed that the first cycle of decomposition of the ra-
tio price-earnings capture the short-term variation (over one quarter) and still
related to the default spread and to the dividend payout ratio. Therefore, it
could be concluded that the variables defined in the literature do not appear
at short horizons i.e. they have a low capacity for forecasting at short-term ex-
cept the default spread and the dividend payout ratio However, their predictive
power to capture the variations of returns over the intermediate-term appears
at medium-term (more than one quarter).

3.2.2 Granger causality

As is well known, to carry out the Granger causality test, the series should be
stationary. When the causal relations between the first decomposition d1 and
the other macro-financial variables was examined, no causality between d1 and
those variables (Table 4) was found. These results confirm that most of the
macro-financial variables used in the literature don’t capture the fluctuations at
short-horizon but at intermediate-horizon (from few quarters to few years) and
this is confirmed too by the presence of causality between some variables such as
the default spread and the dividend-earnings ratio and the second decomposition
of the price-earnings ratio (d2).

3.2.3 Predictive regression

To approve the predictive ability of price-earnings ratio after decomposition,
univariate predictive regression and multivariate predictive regression have been
made at the short-horizon (one quarter) (Table 5). The regressions contain
an intercept and an autoregressive term at the order 1 (AR (1)) referring one
quarter. The Newey-test for the correction of the t-student statistics was used.
The first line of the table shows that the predictive ability of the price-earnings
ratio is significant but not so important. In fact, it predicts just 1% from the
returns of the next quarter. However, the first decomposition d1 has a predictive
ability of 10%. So, using d1 instead of the PER gives 9% more to predict the
future returns. The third line and the fourth one from the table of regression
demonstrate that the predictive ability of the PER’s ratio decreases with the
augmentation of the resolution’s level. The predictive regressions of the other
variables such as the PAY and the default spread didn’t demonstrate any effect
on the prediction of the future returns. The predictions related to the CAY,
RREL and TRM variables demonstrated a predictive ability of those variables
but which is negligent compared to d1 and d2. For the multivariate predictive
regressions, without including the price-earnings ratio, no predictive ability to
get the future returns has been found. However, when the cycles of the PER
were included, it appears that the cycles d1 and d2 have an important predictive
capacity at the short horizon.
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4. Conclusion and perspective

The paper results showed that the decomposition of the price-earnings ratio
avoids the problem of non-stationarity. Moreover, the first decomposition scale-
time (d1) of the price-earnings (PER) ratio demonstrated a strong capacity to
predict the variations of the assets at short-horizon (which approves the results
obtained by Boucher and Maillet (2011). The details d1, d2, d3, and d4 contain
information which doesn’t exist in the other variables defined in the literature.
It was noted that the macroeconomic and the financial variables, such as the
payout dividend ratio and the default spread, have acceptable predictive capac-
ities at short horizon, but they show more predictive capacity at intermediate
horizons. To improve this work, a lot of perspectives could be mentioned as
including the decomposition of the dividends ratio and check the predictive ca-
pacity of his cycles as it has been considered as important as the price-earnings
ratio.

5. Appendices

Table 1: Estimation of VAR model (after a 3-bonds decomposition)
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Table 2: Estimation of VAR model (after a 4-bonds decomposition)
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Table 3: Granger causality
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Table 4: Predictive regression of the returns
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simultanées, 2007.

[37] S. Mallat, A wavelet tour of signal processing, Academic Press, San Diego,
USA, 1998.

[38] N. G. Mankiw, D. Romer, M. D. Shapiro,Stock market forecast ability and
volatility: a statistical appraisal, NBER Working Papers, (1989), 89-21.

[39] P. Masset,Analysis of Financial Time-Series using Fourier and Wavelet
Methods, SSRN Electronic Journal, 2008.

[40] L. Quarta,Une introduction (élémentaire) à la théorie des ondelettes,
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