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WHAT IS VALUE IN AN EQUITY MARKET?
Michael Suen, CFAa,∗, Hany Guirguisb,†,
Stan Beckersc and Ted Theodore, CFAd

What is value in an equity market? Among investors, there is no universally accepted
definition. This paper constructs a value index for the US equity market using the Stock
and Watson (1988, 1991) methodology. The new value index is derived from a dynamic
single factor model taking five relative valuation metrics as inputs. These inputs are
commonly used by investors to gauge whether the market is expensive (low in value) or
cheap (high in value). The value index is the (unobserved) common component in the Stock
and Watson model. Investors can gauge whether the equity market is cheap or expensive
by referring to a historical time series of the value index. We also develop a tactical asset
allocation strategy based on the trend of the value index. Its performance indicates that
the new value definition contains investible information.

1 Introduction

One of the objectives of equity investing is to find
value in the market. However, the simple question
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“what is value?” is not as easy to answer as one
might expect. Interestingly, it turns out that there
is no commonly accepted definition of value. A
pragmatic approach is to use a popular equity
ratio, for example earnings yield (E/P), to judge
whether a market (or stock) is expensive (low in
value) or cheap (high in value).This approach is
known as relative valuation.1 There are several
other commonly used relative valuation metrics,
such as book-to-price ratio (B/P), dividend yield
(D/P), and sales-to-price ratio (S/P). Each cap-
tures one facet of “value”, but not one metric gives
a satisfying overall picture. Is it possible to con-
solidate these metrics into a single measurement
that defines value? This is what we attempt to
achieve in this paper.
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One contribution of this paper is to demonstrate
a potential new application of the Stock and
Watson (1988, 1991)2 methodology. The ques-
tion that Stock and Watson tackled in their original
research, “what is the state of the economy?”, is
very similar to our introductory question, “what
is value?” Economists at the time were trying to
get a sense for the state of the economy through
the Index of Coincident Economic Indicators.
This index is a weighted average of four macro
variables: (1) Industrial Production, (2) Total Per-
sonal Income less Transfer Payment, (3) Total
Manufacturing and Trade Sales, and (4) Employ-
ees on Nonagricultural Payroll. Each variable,
taken in isolation, only measures a narrow facet
of the economy. Stock and Watson assumed that
the co-movements in these four macroeconomic
series had a common origin, which could be
captured by a single unobserved variable. This
variable can be used to represent the “state of the
economy”. There is a close similarity between
the question “what is the state of the economy?”
and the question “what is the value of an equity
market?” Hence, we apply Stock and Watson’s
methodology to the question of equity value.3

In summary, Stock and Watson provided a for-
mal probabilistic basis for the relative weight of
each of the four macro variables and this study
attempts to provide a formal weighting for various
valuation metrics.4

We assume that the popular metrics mentioned
above, such as E/P , are just observable indica-
tors of the underlying value of the equity market,
and that there is a single common value variable
driving these indicators.5 The notion of “value”
can then be reasonably defined as this hidden
(unobservable) single common variable. Using
the methodology pioneered by Stock and Watson
(1988, 1991), it is possible to extract this hidden
common variable. The Stock and Watson model is
a dynamic, single-factor model that incorporates
multiple observable indicators.6 The proposed

approach has the practical benefit of reducing the
dimensionality of the problem. Rather than deal-
ing with multiple valuation metrics, investors can
focus on a single common variable.

Specifically, this research uses the following five
valuation metrics (indicators) as inputs to the
model: (1) earnings yield (E/P), (2) book-to-
price ratio (B/P), (3) dividend yield (D/P),
(4) Tobin’s Q, and (5) sales-to-price ratio (S/P).
All five metrics are well documented and com-
monly accepted by researchers and practitioners.
Damodaran (2012) discussed them in detail. We
also tried including free cash flow yield, but this
variable was not statistically significant in the
model, so we left it out. We also looked at the
effect of the yield curve on equity valuation. We
tried including the yield spread between ten-year
and one-year US government bonds. This variable
also turned out to be statistically insignificant.
However, we do not claim that the yield curve
has no role in equity market valuation; exploring
other yield curve-based indicators is a topic for
future research.

This new definition of value has two direct appli-
cations. First, it helps investors measure whether
the equity market is cheap or expensive, by com-
paring its current value with historical levels.
Second, its movements contain investible infor-
mation that can drive a tactical asset allocation
(TAA) strategy. To demonstrate this point, we
develop and test an investment strategy based on
the trend of the underlying value variable. We find
an inverse relationship between price momen-
tum and value. This finding is consistent with
the result documented by Asness et al. (2013),
who found a negative correlation between value
and momentum premiums. The strategy depends
on the observation that a strong upward price
momentum is associated with a downward trend
in value, and vice versa. Therefore, a downward
trend in the value variable is reason to increase
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exposure to the equity market. Similarly, when the
value trends upward, less exposure is called for. In
backtesting, this simple strategy managed to out-
perform the S&P 500 benchmark. These results
show that the newly proposed value definition
does contain investible information.

The paper is organized as follows. The Liter-
ature Review provides a brief background on
equity valuation and Stock and Watson’s index
methodology. The Data section describes how we
construct the five value indicator series used by
the model. The section on Value Model covers
technical details of the model and a discussion
on the estimated model parameters. The estima-
tion methodology can be found in the Appendix.
The Results and Applications section presents
the hidden common variable extracted from the
value indicators, as well as the performance of
two investment strategies based on the variable.
The final section summarizes the main results of
this paper.

2 Literature review

Our study applies the Stock and Watson method-
ology to gain insights into equity market valu-
ation. Hence, the literature review covers both
fields.

The seminal work of Stock and Watson (1988,
1991) (in the remainder of the paper S&W)
has continued to evolve in the literature, grow-
ing into a whole class of econometric models
known as dynamic factor models.7 The original
S&W methodology generated many successful
applications to gauge economic conditions in
various regions of the US. For example, Clayton-
Matthews and Stock (1998) applied it to the
Massachusetts economy, and Tebaldi and Kelly
(2012) applied it to the Rhode Island economy.
Crone and Clayton-Matthews (2005) did similar
research for all 50 states in the US. The Stock
and Watson methodology has also been applied

to regions outside the US: Fukuda and Onodera
(2001) for the Japanese economy, and Gaudreault
et al. (2003) for the Canadian economy. Some
research has even applied the model to just one
segment of the overall economy. For example,
Lahiri and Yao (2004) applied the Stock and Wat-
son methodology to estimate the health of the
transportation sector.

There have also been several important extensions
to the original S&W methodology, providing a
strong foundation to apply the dynamic factor
model to current and future investment manage-
ment research. The following paragraphs provide
a brief overview of some of these extensions.

First, the observed time series used in the
model are not required to have the same fre-
quency. Crone and Clayton-Matthews (2005)
used a model which handles both monthly and
quarterly data series. This feature is very impor-
tant for investment management research, which
deals with a wide array of data sources with
various frequencies. For instance, stock funda-
mentals are released quarterly, while data on US
unemployment claims has a weekly frequency.

Second, the model can accommodate more than
one unobservable common factor. This paper
presents a single-factor model (one common fac-
tor), but more are possible and may be desirable
in some applications. The dynamic factor model
is capable of extracting multiple factors simulta-
neously. For example, Ludvigson and Ng (2009)
linked time-varying bond risk premiums to two
unobserved macroeconomic factors, which they
called “real” and “inflation”. The “real” factor
is closely related to the observables real out-
put and employment. The “inflation” factor is
closely related to the aggregate price level. This
suggests an interesting topic for future research:
to include additional data series that are prox-
ies for growth, then simultaneously extract a
“value” factor and a “growth” factor using the
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S&W methodology. Indeed, there are many pos-
sibilities for future research using multi-factor
models. Asness et al. (2013) documented that
value and momentum premiums can be found
in multiple markets and asset classes. In theory,
we can extract both of these factors simultane-
ously. By the same token, we should be able to
extract an array of unobserved premiums: qual-
ity, profitability, investment, liquidity, low risk,
etc.

Third, from a computational perspective, the
dynamic factor model can handle a large num-
ber of observed data series: certainly hundreds,
or perhaps thousands.8 When the number of data
series is small, it is possible to use maximum like-
lihood to estimate the model coefficients. This is
the technique used in this study. However, when
the number of data series is large, maximum like-
lihood is very cumbersome and even prohibitively
difficult. One way to address this issue is a prin-
cipal component estimator, as discussed by Stock
and Watson (2002a, 2002b), Bai and Ng (2002,
2006), and DieBold (2003). A detailed discussion
of this estimation technique is beyond the scope
of this paper. However, the ability of the dynamic
factor model to handle a large number of time
series is one of its distinctive and attractive fea-
tures. A quote by Stock and Watson crystallizes
this advantage very nicely: “the dynamic factor
model turns the curse of dimensionality into a
blessing”.

Fourth, the dynamic factor model works well in
conjunction with a regime-switching model. This
is a particularly relevant feature for investment
management research, because financial markets
are known to have different regimes over time.
The classic example is the bull and bear markets.
Kim and Nelson (1998) provide an example of
a small-scale dynamic factor model with regime
switching. The regime switching introduces a

nonlinear element to the model, which makes
the Bayesian method and Gibbs sampling better
choices than maximum likelihood for estimating
the coefficients. Diebold and Rudebusch (1996)
mentioned two other estimation approaches for
regime-switching dynamic factor models in their
survey paper. This type of model may lead to very
fertile research in investment management, as a
good abstraction of many researchers’ empirical
experience with financial markets.

Last but not least, the dynamic factor model can
be extended to handle time series that are not sta-
tionary. Typically, many of the observable time
series in investment management research can be
transformed into stationary series by taking the
first difference (or the first difference of the log-
arithm). However, sometimes the original series
has a more intuitive interpretation than the trans-
formed series. There is therefore a need to deal
with non-stationary series. Banerjee and Mar-
cellino (2009) demonstrated this approach with
their factor error correction model. Interestingly,
Banerjee et al. (2014) later showed that the factor
error correction model produces a better forecast
than the standard dynamic factor model. This is
one of the latest research results in dynamic fac-
tor models and their applications. In summary, the
dynamic factor model is a very powerful tool for
investment management research.

On the subject of valuation, we follow the
analytical framework suggested by Damodaran
(2006, 2012), who provides a very compre-
hensive discussion. In his framework, there are
three approaches to valuation: discounted cash
flow valuation, relative valuation, and contingent
claim valuation. This paper makes two important
contributions to the relative valuation approach.
First, we are demonstrating a way to consolidate
multiple relative valuation metrics into a single
value measurement. In other words, we provide
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a way for investors to reduce the data dimen-
sion. This is a very important accomplishment,
especially as investors are entering the world of
“big data”. Second, we are able to show that the
consolidated value measure contains investible
information.

There are some interesting comparisons to be
made between the work done by Lee and Swami-
nathan (1999)9 and our study. Both their study
and ours conduct a valuation exercise on the US
equity market. However, the two approaches are
totally different. Lee and Swaminathan used a
discounted cash flow approach (i.e., finding the
intrinsic value) based on the “residual income”.
Our study is based on the relative valuation
approach. Damodaran (2012) pointed out that
relative valuation has less data dependence and
assumptions. For example, Lee and Swaminathan
require the I/B/E/S EPS forecast, and make an
assumption for the cost of equity. On the other
hand, all of the data series used in our study
come from published company reports. Lee and
Swaminathan also highlight the need to include a
time-varying interest rate component when build-
ing an intrinsic-value measure. Interestingly, an
interest rate component is not necessary in our
model. In fact, we tried to include the spread
between the ten-year and one-year US govern-
ment bond yields in our model, but this variable
turned out to be insignificant.

Lee and Swaminathan constructed a signal V /P ,
where V is the intrinsic value of an equity index
and P is its price level. They showed that V /P
contains investible information that can be used
in a tactical asset allocation (TAA) strategy. In this
study, we construct a value index from five rel-
ative valuation metrics, and found that its trend
can also be used as a TAA signal. On the other
hand, when Lee and Swaminathan published
their paper, they indicated that traditional aggre-
gate market multiples do not provide a strong

investment signal. However, our analysis leads
to a different conclusion.

Five financial ratios (E/P , B/P , D/P , S/P
and Tobin’s Q) are the key inputs for our value
model. Practitioners regularly use these ratios to
gauge whether a stock (or a market) is expen-
sive or cheap. Damodaran (2012) discussed each
of these metrics in detail. The financial press
also commonly uses these metrics when talk-
ing about valuation of the equity market. For
example, on 17 January 2014, the Wall Street
Journal published an article on whether the US
equity market is overvalued. It mentions all five
of the valuation metrics used in our model.10 The
literature contains many studies of these ratios,
usually focusing on and confirming their rela-
tionship with stock return. Early studies, for
example Basu (1977), found that stock returns
are positively related to E/P . Fama and French
(1988) documented that stock returns are posi-
tively related to D/P . Fama and French (1992)
showed that stock returns are positively related
to B/P . Barlee et al. (1996) reported that stock
returns are positively related toS/P . Chappell and
Cheung (1982) suggested that Tobin’s Q reflects
the market’s valuation of a firm’s future profit
prospects.

3 Data

This section describes how five time series used
in our model are constructed.11 We selected the
1,000 listed US firms with the largest market cap-
italizations as a proxy for the entire US equity
market.12 The data frequency is monthly.13 The
time period is from April 1986 to July 2014. To
construct the E/P series, we sum the total earn-
ings in dollars for all stocks in the universe and
divide by the sum of the market capitalizations.
The B/P , D/P , and S/P series are constructed
in a similar manner. To construct the Tobin’s Q
series, we start with the following definition of
Tobin’sQ (at the stock level) suggested by Kaplan
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and Zingales (1997):

Tobin’s Q

=

Book Value of Assets

+Market Value of Common Equity
−Book Value of Common Equity
−Deferred Taxes

Book Value of Assets

The Tobin’sQ series at the universe level is given
by:

Tobin’s Q

=

∑
Book Value of Assets

+ ∑
Market Value of Common Equity

− ∑
Book Value of Common Equity

− ∑
Deferred Taxes∑

Book Value of Assets

4 The value model

Conceptually, we define the value index as an
unobserved component shared by the following
set of valuation metrics:

(1) TQ = log of the Tobin’s Q
(2) D/P = log of dividend yield
(3) E/P = log of earnings yield
(4) S/P = log (sales/price)
(5) B/P = log(book value/price)

We start our analysis by conducting Phillips &
Perron unit root tests on the level and growth rate
of each variable, over the whole sample period
from 1986:04 to 2014:07. The non-stationarity of
the variables is accounted for by taking the first
difference in the case of one unit root, and the
second difference in the case of two unit roots.
Table 1 displays the results of unit root tests for
each variable, where the number of lags is deter-
mined by the Akaike information criterion (AIC).
At the 5% significance level, all the variables have
one unit root that can be removed by taking the
first difference of the series.

Table 1 Phillips & Perron unit root tests.

This table reports the Phillips & Perron unit
root tests of the series TQ, D/P , E/P , S/P ,
and B/P . The number of lags is determined
by the Akaike information criterion (AIC). All
series are monthly, for the period from 1986:04
to 2014:07.

Number of First
lags Level difference

TQ 0 −2.06212 −17.8964∗∗
D/P 0 −1.61634 −17.8286∗∗
E/P 0 −3.1608 −19.9337∗∗
S/P 0 −1.80492 −17.4122∗∗
B/P 0 −2.93573 −17.7205∗∗

Note: ***, **, and * denote significance at the 1-percent,
5-percent, and 10-percent levels, respectively.

Next, we test for independent cointegrating vec-
tors among the non-stationary variables for the
whole sample period. The analysis is conducted
using trace tests, as specified by Johansen (1988).

The test statistics can be stated as follows:

Ltrace(r) = −T
n∑

i=r+1

ln(1 − λ̂i) (1)

Table 2 Testing for cointegration.

This table reports Johansen (1988)
trace tests for cointegrating relation-
ships among TQ, D/P , E/P , S/P ,
andB/P for the period from 1986:04
to 2014:07.

H2 Trace Trace (.95)

r ≤ 5 0.0009 3.84
r ≤ 4 3.1739 15.41
r ≤ 3 9.978 29.8
r ≤ 2 26.4543 47.71
r ≤ 1 51.8579 69.61
r = 0 88.4448 95.51
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where λ̂i is the eigenvalue of the estimated long-
run impact matrix, and T is the number of usable
observations. We start by testing the null hypothe-
sis r = 0 against the alternatives r = 1, 2, . . . , p,
where r is the number of cointegration relations
and p is the number of variables in the valu-
ation metrics. If the null is rejected, the test
proceeds with the null r ≤ 1 against the alter-
natives r = 2, 3, . . . , p. If the null cannot be
rejected, the test proceeds for consecutive upper
limits on r until the null is r ≤ p − 1 and the
alternative is r = p. At each step, Table 2 sug-
gests that the five series are not cointegrated at
the 10-percent level. Thus, we conclude that the
five series are integrated of order one, I(1), but
not cointegrated. In other words, each series has a

stochastic trend that is not common to any of the
other trends.

The cointegration test indicates the absence of
long-run equilibrium relationships among the
five series. Our study employs the growth rates
of the five observables (�Yi,t) to estimate the
unobservable value index (Vt). In line with the
linear dynamic factor model introduced by Stock
and Watson (1989, 1990, 2002a, 2002b), we
formalize our model as follows:

�Yi,t = Ii + γi�V t + ei,t;
i = {1, 2, 3, 4, 5}

=
{
TQ,

D

P

E

P
,
S

P
,
B

P

}
; (2)

Table 3 This table reports the parameter estimates and p-values (in
parentheses) of the Stock and Watson dynamic factor model, deter-
mined using MLE for the time period from 1986:04 to 2014:07. The
p-values appear in parentheses.

γ1 −2.8708 ψ11 −0.0415 σ1 1.8265 φ1 0.0637
(0.0000) (0.3883) (0.0000) (0.0824)

γ2 5.4622 ψ12 0.0727 σ2 5.3567 φ2 −0.0572
(0.0000) (0.2706) (0.0000) (0.2092)

γ3 4.2274 ψ21 −0.0419 σ3 657.1633
(0.0002) (0.4513) (0.0000)

γ4 4.7062 ψ22 −0.0117 σ4 5.8600
(0.0000) (0.8367) (0.0000)

γ5 5.4305 ψ31 −0.0887 σ5 1.9172
(0.0000) (0.0674) (0.0000)

ψ32 −0.0929
(0.0568)

ψ41 −0.2855
(0.0000)

ψ42 −0.1947
(0.0002)

ψ51 −0.0501
(0.6634)

ψ52 −0.2474
(0.0072)

Log likelihood −4788
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(�V t − δ) = φ1(�V t−1 − δ)

+ φ2(�V t−2 − δ)+ ωt;
ωt ∼ i.i.d.N(0, σ2

ω) (3)

ei,t = ψi,1ei,t−1 + ψi,2ei,t−2 + εi,t;
εi,t ∼ i.i.d.N(0, σ2

i ), (4)

Equation (2) is the observation equation that
shows the links between the five indicators and
the unobservable common component, �V. The
parameters γi are the factor loadings of Vt , and
Ii + eit is the idiosyncratic component of �Yi.
Equation (3) is the state equation that describes
the dynamic of the common component, �V,
which follows an AR (2) process with mean δ.
Equation (4) describes the dynamic of the idiosyn-
cratic (i.e., indicator-specific) component, ei. The
idiosyncratic components are assumed to follow
independent AR (2) processes, which are mutu-
ally uncorrelated with �V at all leads and lags,
for all series. The model also normalizes the com-
mon component, σ2

ω to 1, in order to identify the
scale of Vt .

To estimate the model, the first step is to re-
cast Equations (2)–(4) based on deviations from
means. The purpose of this step is to avoid an
identification issue.14 Table 3 summarizes the
maximum likelihood estimate of the value model.
The results confirm the linear dependence of the
five observables on the value index, as indicated
by the statistically significant factor loadings γi.
The estimates of ψij reveal that the idiosyn-
cratic components of the E

P
, S
P
, and B

P
equations

exhibit significant serial correlation. Also, the
variance of εi,t in the idiosyncratic equations,
σi, is statistically significant in the five equa-
tions. Finally, the unobservable value index has
only first-order dependence, as shown by the
statistically significant φ1.

5 Result and application

The key output of the model is a time series of
the common “value” variable. The first model
estimation is accomplished using the indicator
data from April 1986 to January 1991. Then we
carry out a rolling estimation process, meaning
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Figure 1 The value index extracted from five fundamental indicators.
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that we add the remaining monthly observations
one at a time, and re-estimate the model on
each new time interval. For example, the second
model estimation is accomplished using data up
to February 1991. The value variable extracted
for February 1991 is then appended to the output
value series, and we re-estimate the model on a
window including the March 1991 observation.
This process continues until we have added the
final observation, for July 2014.

The value series is scaled by assigning an arbi-
trary number, say 100, to the value variable on
an arbitrary date as done by Crone and Clayton-
Mathews (2005). For this paper, we choose the
end of December 1987. The US equity market
experienced a crash in 1987, and the S&P 500
reached its lowest price in December 1987. Thus,
we use the market valuation after the crash as a
point of reference for high intrinsic value. When
the value variable is 100 (or higher), it can be said
that the market has very good value. For the rest
of this paper, we are going to call the variable
normalized to 100 in December 1987 the value
index. Figure 1 is a plot of the value index (left
scale) over the whole sample period. We also plot
a smoothed value index based on a four-month
moving average.

An interesting exercise is to compare the new
value index with the S&P 500 index, also plotted
in Figure 1 (right scale). We find an inverse rela-
tionship between the two indices. When the S&P
500 goes up, the value index tends to go down.
The correlation between the S&P 500 monthly
return and the first difference of the value index
is −0.49, with high statistical significance. This
result is consistent with the conventional wisdom
that as the market rises, there is less and less value.
The negative correlation is also consistent with
the finding reported by Asness et al. (2013).

We can further analyze the chart by dividing it
into five time spans. From 1986 to 2000, the US

experienced a long bull market. The S&P went
up several multiples while the value index went
down. At the peak of the dot-com bubble in 2000,
there was actually very little value in the market.
In fact, this is the low point of the value index
over the whole sample. 2000 to 2003 saw a bear
market, after the dot-com bubble burst. By the
end of that period, the value index had recov-
ered to roughly its pre-bubble level. From 2003 to
2007, another bull market coincided with a red-
hot housing market. At the same time, a global
financial crisis was brewing in the background.
Despite this, the value index also went up during
this bull market. With perfect hindsight, we see
that the early part of this bull market was healthily
supported by improving fundamentals. Any dete-
rioration in fundamentals was centered on the
credit/housing market, not the stock market. From
2007 to 2009, we had the famous global financial
crisis and a very brutal bear market. At the end
of that bear market, the value index reached an
all-time high. Since 2009, there has been a bull
market. The value index dropped at the beginning
of this period, but since then it has not been trend-
ing downward steeply like it did in the past even
though the S&P 500 has reached an all-time high.
Within the time span of our analysis, the latest
bull market rally has not been accompanied by
an expected dramatic deterioration of the value
index.

To demonstrate the potential benefit of the value
index, we need to show that it adds something
to the other tools available to practitioners and
researchers. A good benchmark for this com-
parison is the well-known Shiller PE, popular
with investors, researchers, and the financial
media. Figure 2 plots Shiller PE15 alongside the
(smoothed) value index. As expected, they are
negatively correlated. The correlation between
the first difference of Shiller PE and the value
index is −0.55 and highly statistically significant.
We also use the first difference of these two series
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Figure 2 Comparing the Shiller PE and the value index.

to estimate a bivariate VAR model.16 Then we
conduct a Granger-causality test with the follow-
ing null hypothesis: the �(Value Index) does not
Granger-cause the �(Shiller PE). Since the p-
value of this test is less than 0.0001, we reject the
null hypothesis. Hence, there is some extra infor-
mation in the proposed value index. In summary,
it is beneficial for investors to look at both Shiller
PE and the value index proposed in this paper.

From an investor’s perspective, the acid test for
the value index is whether it contains actionable
information. We present a strategy based on the
trend (or momentum) of the value index. We
also provide an example showing that adding the
signal from the value index can improve the per-
formance of an existing strategy. We model the
upward or downward trend in the value index
using a two-state Markov switching model. Let
St be a time series of state for the value index.
St can either be up or down. Also, let �Vt be the
first difference of the value index series. In the up
state, the mean of �Vt is µup > 0. Similarly, in
the down state, the mean of�Vt isµdown < 0. The

variance in the error term is either σ2
up or σ2

down,
depending on the value of St . The trend model for
the value index is given by:

(�Vt − µSt ) = φ(�Vt−1 − µSt−1)+ εt,

εt ∼ i.i.d.N(0, σ2
St
). (5)

We conducted a rolling estimation of this model,
with the first estimation using all value index data
up to the end of January 1991.17 One of the outputs
from the first estimation is a filtered probabil-
ity that the value index is in the down state (i.e.,
Prob(St = down)) at the end of January 1991. This
probability is used as an investment signal for the
month of February 1991. Similar to the rolling
estimation of the value index, the rolling estima-
tion of the trend model produces a time series of
filtered probabilities, Prob(St = down), from Jan-
uary 1991 to July 2014. Figure 3 is a plot of this
series together with the S&P 500.

There is a natural inverse relationship between the
value index and the level of the S&P500. As a rule
of thumb, a rising market provides diminishing
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Figure 3 The filtered probability, Prob(St = down), for the value index and the S&P 500.

value. We have mentioned this negative corre-
lation earlier. Figure 3 also reveals this inverse
relationship. For example, if we focus on the end
of the time series plot, we notice that there was a
very high probability that the value is in the down
state. In other words, the value index was trend-
ing downward from 2012 to 2014. During the
same time period, the plot shows that the S&P 500
is trending up steadily. When Prob(St = down) is
high, the S&P 500 is typically rising.

Hence, we test an investment strategy that adjusts
our exposure to the S&P 500 based on the value
of Prob(St = down). We consider three types of
exposure: (1) leverage-up (120% exposure to
S&P 500), (2) leverage-down (exposure to S&P
500 and 20% cash), and (3) no leverage (100%
exposure to S&P 500). These different levels of
exposure can be implemented easily using S&P
500 futures contracts. At each month end (start-
ing from January 1991), we make the following
decision:

• If Prob(St = down) ≥ 0.9, then implement
120% exposure (leverage-up) for the following
month.

• If Prob(St = down) ≤ 0.1, then implement 80%
exposure (leverage-down) for the following
month.

• Otherwise, implement 100% exposure (no-
leverage) for the following month.18

Table 4 summarizes the performance profile (third
column) of this strategy, which manages to
achieve a higher return than the S&P 500 index
with less risk. The hit rate of this strategy is
61%,which means that whenever the exposure
is leveraged (over-leverage or under-leverage) its
directional bet was right 61% of the time. The hit
rate is statistically significant, in the sense that it
is highly unlikely one could achieve such a hit
rate by randomly guessing the direction of the
market19. The information ratio of the strategy is
0.24.

From a practitioners’ perspective, it is interesting
to compare this strategy with a similar strategy
that does not use the value index. Therefore, we
repeat the whole exercise by trying to predict the
next month’s leverage using only the up or down
price trend of the S&P 500 index. We are set-
ting up a horse race between a strategy based on

Third Quarter 2017 Journal Of Investment Management

Not for Distribution



64 Michael Suen et al.

Table 4 Performance summary of the different investment strategies during the time
period from January 1991 to July 2014.

S&P 500 Value index S&P 500 Combined
Index trend strategy trend strategy strategy

Annualized Return (%) 7.62 8.85 8.54 9.56
Annualized Risk (%) 15.23 14.87 15.14 15.43
Return to Risk ratio 0.50 0.60 0.56 0.62
Annualized Active Return (%) 1.23 0.92 1.94
Annualized Active Risk (%) 5.03 4.94 5.56
Information Ratio 0.24 0.19 0.35
Hit Rate (%) 60.9 59.6 60.9

the trend of the value index and another strategy
based on the trend of the S&P 500. For the new
strategy, were-define St to be a time series of state
for the S&P 500 (rather than the value index). St
can either be up or down. In the up state, the S&P
500 is trending up, and in the down state, the S&P
500 is trending down. Also, let �Xt be the first
difference in the logarithm of the S&P 500. In the
up state, the mean of �Xt is µup > 0. Similarly,
in the down state, the mean of�Xt is µdown < 0.
The variance of the error term is either σ2

up or
σ2
down, depending on the value of St . The trend

model for the S&P 500 is given by20:

(�Xt − µSt ) = φ(�Xt−1 − µSt−1)+ εt,

εt ∼ i.i.d.N(0, σ2
St
) (6)

We conducted a rolling estimation of this model,
similar to the one we did for the value index trend
model. One of the outputs is a time series of fil-
tered probability, Prob(St = up), from January
1991 to July 201421. Figure 4 is a plot of the
probability together with the S&P 500.Our strat-
egy rule is identical to that of the value index
trend:

• If Prob(St = up) ≥ 0.9, then implement 120%
exposure (leverage-up) for the following
month.

• If Prob(St = up) ≤ 0.1, then implement 80%
exposure (leverage-down) for the following
month.

• Otherwise, implement 100% exposure (no-
leverage) for the following month22.

The performance profile of this strategy is sum-
marized in Table 4 (fourth column). It also
out-performs the S&P 500 with a statistically sig-
nificant hit rate. However, the strategy based on
the value index trend performed better. The value
index strategy also has a higher information ratio.
In this comparison, both strategies are based on
the same modeling technique; the only differ-
ence is the input series. The comparison provides
another piece of evidence that the value index
contains investable information.

Investors know that no single model or signal is
the “silver bullet” to generate robust and con-
sistent performance to beat the equity market.
In fact, investors typically use a set of sig-
nals. In the following, we present a strategy
that combines Prob(St = down)for the value index
and Prob(St = up) for the S&P 500. The com-
plete set of rules for this strategy is presented in
Table 5.

The intuition behind the strategy is very simple.
When the two signals suggest the same market
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Figure 4 The filtered probability, Prob(St = up), for the S&P 500 and the S&P 500.

Table 5 Strategy rules for combining signals from the value index trend
model and the S&P 500 trend model.

Value index: Prob(St = down) S&P 500: Prob(St = up)

≤ 0.1 [0.1,0.9] ≥ 0.9 ≤ 0.1 [0.1,0.9] ≥ 0.9 Leverage level

T T 70%
T T 80%
T T 140%

T T 80%
T T 100%
T T 120%

T T 60%
T T 120%
T T 130%

direction, we implement a more aggressive lever-
age. For example, if Prob(St = down)for the value
index trend is greater than or equal to 0.9 and
Prob(St = up)for the S&P 500 trend is also greater
than or equal to 0.9, the strategy adopts a leverage
of 130% rather than 120%. Two rare situations are
worth mentioning. First, when Prob(St = down)
of the value index trend is greater than or equal
to 0.9 and Prob(St = up) of the S&P 500 trend is
less than or equal to 0.1, it means that the S&P
is trending down with deteriorating value. Under
these conditions, the strategy implements the

most bearish leverage of 60% S&P 500 exposure
(with 40% cash). Second, when Prob(St = down)
of the value index trend is less than or equal to
0.1 while Prob(St = up) of the S&P 500 trend is
greater than or equal to 0.9, it means that the S&P
is trending up with improving value. Under these
conditions, the strategy will implement its most
bullish leverage level of 140% S&P 500 expo-
sure. The performance profile of this combined
strategy is summarized in Table 4 (fifth column).
Compared to the other two strategies, it has the
highest information ratio (0.35).
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Figure 5 The growth path of one dollar (in log scale) based on the three different strategies.

Since the back test is conducted without transac-
tion cost23, do transaction costs have a significant
negative impact on the proposed combined strat-
egy? Our analysis indicates that the negative
impact of trading cost will be minimal. The com-
bined strategy will be implemented using the S&P
futures contracts. It is one of the most liquid
contacts in the US financial market. The median
(mean) holding period 2 months (3 months) which
indicates a low turnover. The longest holding
period is 25 months started from March 1992 to
the end of March 1994. The (absolute) change in
leverage prompted by the strategy indicates the
trading size of the strategy. The median (mean)
change in leverage is 20% (20%). In summary,
the combined strategy has low turnover and low
trading volume using a very liquid futures con-
tract.Thus, transaction cost should not be an issue.
Figure 5 shows the growth path of one dollar (in
log scale) based of the three strategies discussed
in this paper.

6 Conclusion

In this paper we proposed a new way to define
“value” for an equity market. Value can be

defined as the hidden common variable that drives
co-movement among five observable relative val-
uation indicators. This new definition is based on
the dynamic single factor model developed by
Stock and Watson (1988 and 1991), which we
use to derive a time series of this “value index”
for the US equity market. There are several favor-
able features and applications of this model. First,
the Stock and Watson methodology provides a
precise statistical interpretation for the meaning
of value. Although the process of estimating the
model is not straightforward, the resulting value
index provides a useful and objective alternative
to measuring intrinsic value,free of heuristic judg-
ments. Essentially, the value index is an effective
time series indicator of cheapness or richness
of the US equity market. Second, it reduces
the dimensionality of the value question. Rather
than spreading attention among five indicators,
investors can focus on the single hidden com-
mon factor extracted by the model. We illustrated
that this single common factor is distinct from
the widely used Shiller P/E indicator. Third, the
model generates new investable information:the
trend of the value index. While the trend in the
value index in itself supports a profitable market
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timing strategy, we also combined it with the
trend signal from the level of the S&P 500 (essen-
tially combining a value and a momentum signal).
This strategy has an information ratio (IR) of 0.35
in our backtest. Moreover, the strategy has low
turnover, which is a very desirable characteristic.
TAA managers will find our strategy particularly
relevant, especially – as far as we can tell –
the signal is additive to most of the signals that
are commonly used for market timing. Last but
not least, the methodological contribution of this
paper is to introduce the dynamic factor model,
which can be a powerful tool for future investment
management research.

Notes
1 Damodaran (2006, 2012).
2 Kim and Nelson (1999) is another good reference.
3 To the best of the authors’ knowledge, this is the first

paper that applies the Stock and Watson methodology
in the field of financial economics to define the elusive
concept of value.

4 Our approach can also be applied to a sector, an industry,
or an individual stock.

5 The terms valuation metric and value indicator are used
interchangeably in the rest of this paper.

6 An alternative name for this type of model is “single-
index model”.

7 An excellent survey paper on dynamic factor models is
Stock and Watson (2011).

8 Ludvigson and Ng (2009).
9 Our readers should also refer Lee et al. (1999).

10 The article is “This Bull Market is Starting to Look Long
in the Tooth”, by Mark Hulbert. After reading similar
articles from time to time during his professional career,
one of the authors started to question whether there is
a good statistical way to combine all these valuation
matrixes. This is how the present research started.

11 Fundamental stock level data is provided by the Factset
database.

12 Since the universe is based on large-cap stocks, one
may argue that the value variable presented in this paper
represents the large-cap equity market.

13 At month end and stock fundamental data is “lagged”
explicitly to safeguard look-ahead bias.

14 The solution of the model is explained in the Appendix.

15 The data used in the plot is taken directly from Professor
Shiller’s website, without smoothing.

16 According to theAIC criterion, the lag of the VAR model
is 13.

17 Due to space limitations, we do not discuss the technical
details of the trend model estimation; please refer to
Hamilton (1993) for more details.

18 During the back test, 10% of the time the strategy has
a leverage-down exposure, 27% of the time it has a no-
leverage exposure, and 63% of the time it has a leverage-
up exposure.

19 The probability of achieving a 61% hit rate in the back
test by randomly guessing the direction of the index is
about 0.0002.

20 Please note that µSt , σ
2
St

, and εt , are all re-defined
compared to Equation 5.

21 Since there are only two states in the switching model,
we have Prob(St = down) = 1 − Prob(St = up).

22 During the back test, 8% of the time the strategy has a
leverage-down exposure, 31% of the time it has a no-
leverage exposure, and 61% of the time it has a leverage-
up exposure. The price trend signal is different from the
value index signal 30% of the time.

23 The reason that we do not include transaction costs in
the back test is that a TAA manager would be likely to
implement this combined strategy in conjunction with
other existing strategies. A real transaction cost analysis
should be applied to the final strategy adopted by a TAA
manager.
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Appendix—Methodology for estimating
the value model

To estimate the model, the first step is to re-cast
Equation (2), (3) and (4) based on deviations from
means. The purpose of this step is to avoid an
identification issue. For example, consider the
expectation of �Yi,t:

E(�Yi,t) = Ii + γiE(�V i,t) = Ii + γiδ (7)
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Given the sample average of �Yi,t , one cannot
separately identify Ii and γi. Therefore, we define
new variables as follows:

�yi,t = �Yi,t − E(�Yi,t) = �Yi,t − (�Yi) (8)

�vt = �Vt − δ (9)

Using the model based on deviations from the
means, the measurement equation and transition
equation can be re-stated as follows:

�yi,t = γi�vt + ei,t;
ei,t = ψ1ei,(t−1) + ψ2ei,(t−2) + εYt;

εYt ∼ i.i.d.N(0, σ2
i ) (10)

�vt = φ1�vt−1 + φ2�vt−2 + ωt;
ωt ∼ i.i.d.N(0, σ2

ω) (11)

The parameters that we need to estimate are
ψi,σ2

i ,γi, and φi, where i = {1, 2, 3, 4, 5} ={
TQ, D

P
E
P
, S
P
, B
P

}
. In line with Hamilton (1994),

we estimate these parameters using the Kalman
filter method, after re-writing the model in the
state-space form. In summary, the measurement
equation in state-space form can be stated as
follows:



�y1,t

�y2,t

�y3,t

�y4,t

�y5,t




=




γ1 0 1 0 0 0 0 0 0 0 0 0 0 0

γ2 0 0 0 1 0 0 0 0 0 0 0 0 0

γ3 0 0 0 0 0 1 0 0 0 0 0 0 0

γ4 0 0 0 0 0 0 0 1 0 0 0 0 0

γ5 0 0 0 0 0 0 0 0 0 1 0 0 0




×




�vt

�vt−1

e1,t

e1,t−1

e2,t

e2,t−1

e3,t

e3,t−1

e4,t

e4,t−1

e5,t

e5,t−1




= Hβt (12)

The following is the transition equation in state-
space form:




�vt

�vt−1

e1,t

e1,t−1

e2,t

e2,t−1

e3,t

e3,t−1

e4,t

e4,t−1

e5,t

e5,t−1




=




φ1 φ2 0 0 0 0 0

1 0 0 0 0 0 0

0 0 ψ11 ψ12 0 0 0

0 0 1 0 0 0 0

0 0 0 0 ψ21 ψ22 0

0 0 0 0 1 0 0

0 0 0 0 0 0 ψ31

0 0 0 0 0 0 1

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 1 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

ψ32 0 0 0 0 0 0

0 0 0 0 0 0 0

0 ψ41 ψ42 0 0 0 0

0 1 0 0 0 0 0

0 0 0 ψ51 ψ52 0 0

0 0 0 1 0 0 0




×




�vt−1

�vt−2

e1,t−1

e1,t−2

e2,t−1

e2,t−2

e3,t−1

e3,t−2

e4,t−1

e4,t−2

e5,t−1

e5,t−2




+




ωt

0

1,t

0

2,t

0

3,t

0

4,t

0

5,t

0




(13)

or

βt = Fβt−1 + λt (14)

Journal Of Investment Management Third Quarter 2017

Not for Distribution



What is Value in an Equity Market? 69

The final piece of the puzzle is to estimate δ. It is
the last model parameter that we need to estimate
before we can start constructing the value index.
According to the Stock and Watson methodology,
we can use the following equation to estimate δ:

δ̂ = First row of(I − (I −KH)F)−1K

×




E(�Y1,t)

E(�Y2,t)

E(�Y3,t)

E(�Y4,t)

E(�Y5,t)




(15)

where I is the identity matrix andK is the Kalman
gain in the last iteration of the Kalman filter
estimation. Now we have all the ingredients to
construct a time series of Vt|t using the following
iterative equation:

Vt|t = Vt−1|t−1 +�vt|t + δ̂ (16)

Also, �vt|t is the first element of the vector
βt|t , which is computed during the Kalman fil-
ter estimation process. The time series of Vt|t also
depends on an initial value (i.e., V0|0). Finally,
the initial state, mean, and covariance matrix are
computed based on the stationary-diffuse prior, as
described in Doan (2010).
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