
Chapter 7
Mean-ETL Portfolio Construction
in US Equity Market

Barret Pengyuan Shao

7.1 Introduction

Fundamental data have been used as the criteria to select stock for a long time in both
industry and academic work. For example, Jaffe, Keim, and Westerfield (1989) find
the relation between stock returns and the earnings to price ratio to be significant.
Fama and French (1992) add fundamental data of stocks, size and book-to-market to
explain stock returns. Jegadeesh and Titman (1993) show the price momentum effect
that buying stocks that performed well in the past and selling stocks that performed
poorly in the past can generate statistically significant positive returns over both
3-month and 12-month holding periods. Bloch, Guerard, Markowitz, Todd, and
Xu (1993) develop an underlying composite model to describe stock returns using
fundamental variables. By adding the consensus earnings forecasting (CTEF) and
price momentum (PM) variables to this model, Guerard, Gültekin, and Stone (1997)
develop the US Expected Returns (USER) stock selection model.

As the pioneering work, Markowitz (1952 1959) uses a mean-variance portfolio
construction model to maximize the portfolio return for a given level of risk. In
Markowitz’s mean-variance portfolio optimization, the portfolio risk is represented
by the portfolio variance. There are many previous works that have been done
to examine the efficiency of mean-variance portfolio on fundamental variables in
the stock markets. For example, Guerard, Rachev, and Shao (2013) show that both
mean-variance and mean-ETL portfolios on global expected returns (GLER) model
are capable of generating statistically significant active returns.

The organization of this chapter is as follows, Sect. 7.2 provides an overview of
the importance of different fundamental variables used in the mean-ETL portfolio
construction. Section 7.3 describes the methodology used to generate the scenarios
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and construct the portfolios based on the fundamental variables. Simulation results
of the mean-ETL portfolios during the period 1990–2013 are presented in Sect. 7.4
and we provide the conclusions in Sect. 7.5.

7.2 Fundamental Variables

In this section, we discuss different fundamental variables that are used to construct
the US mean-ETL portfolio in this study which are consensus temporary earnings
forecasting (CTEF), price momentum (PM), US expected return (USER) and
McKinley Capital Quant Score (MQ) variables.

As one of the most important fundamental variables, earning expectation has
been used for stock selection for many years. Graham, Dodd, and Cottle (1934)
select stocks based on fundamental valuation techniques, and show that stocks with
higher earnings-per-share (EPS) outperform the ones with lower EPS. In 1975,
Lynch, Jones, and Ryan collected and published consensus statistics for EPS fore-
casting, forming the beginning of what is now known as the Institutional Brokerage
Estimation Service (I/B/E/S) database (Brown 1999). Besides the original earnings
yield, Guerard et al. (1997) also find that the earnings revision (EREV) and earnings
breadth (EB) which represents the direction of the revisions are also important in
stock selection. Guerard et al. (1997) create CTEF variable which is a weighted sum
of the forecasted earnings yield (FEP) from I/B/E/S, EREV, and EB. Guerard, Blin,
and Bender (1998) find that a value-based model with CTEF variables produces
statistically significant models for stock selection in the US and Japanese markets.
More recently, using the CTEF variables of global equities, Xia, Min, and Deng
(2015) show that the mean-variance portfolio construction produces robust returns.
Similarly, also using the CTEF variables of global equities, Shao, Rachev, and
Mu (2015) show that robust returns can be generated via the mean-ETL portfolio
construction.

In the global expected return model (see Guerard et al. 2013), CTEF and PM
variables account for the majority of the forecast performance. The role of PM
variable in stock selection has also been studied for a long time (Jegadeesh &
Titman 1993) find that 3-month, quarterly, 6-month, and 1-year PM variables are
statistically significant with excess returns. Grinblatt, Titman, and Wermers (1995)
find that 77 % of the mutual funds are buying stocks with better performance history.
Chan, Hameed, and Tong (2000) report that trading strategies based on PM in
international equity markets generate statistically significant returns. Brush (2001)
shows that quarterly information coefficient (IC) of 3-month PM variable is 0.073,
which is higher than the monthly IC of 0.053. The PM variable in this study is
defined as the price from last month divided by the price from12 months prior
(see Guerard et al. 2013, for details). However, implementing portfolio construction
using PM variable on the US or global markets has not been studied before. We
examine the mean-ETL-PM portfolio construction on US market in this chapter.
We also test the same portfolio construction technique on the McKinley Capital
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Quant Score (MQ) variable which is the equally weighted sum of CTEF and PM
variables.

By adding CTEF and PM variables to the original stock selection model
developed by Bloch et al. (1993), Guerard et al. (1997) construct the USER model
based on fundamental data in US market. The USER variable we use in this study to
construct the portfolio is the same as the one used in the USER model developed by
Guerard et al. (1997). At time tC1 , the USER variable is a weighted sum of certain
fundamental variables and their derivatives at time t. These fundamental variables
and their derivatives include:

1. earnings—price ratio (EP);
2. book value—price ratio (BP);
3. cash flow—price ratio (CP);
4. sales—price ratio (SP);
5. current EP ratio divided by average EP ratio over the last 5 years (REP);
6. current BP ratio divided by average BP ratio over the last 5 years (RBP);
7. current CP ratio divided by average CP ratio over the last 5 years (RCP);
8. current SP ratio divided by average SP ratio over the last 5 years (RSP);
9. csensus temporary earnings forecasting (CTEF);

10. price momentum (PM).

For more details on the methodology and estimation of the USER model, the
reader is referred to Guerard et al. (2013). Guerard et al. (2013) also report the
mean-variance portfolio using USER data can generate an active annual return of
10.70 % with an information ratio of 1.12 and a t-statistic of 3.68 during the period
1999–2009. In this chapter, the mean-ETL portfolio on the USER variable during
the period 2000–2013 is examined.

7.3 Mean-ETL Portfolio Construction

In this section, we describe the mean-ETL portfolio construction methodology used
in this chapter. Markowitz’s mean-variance portfolio optimization (1952, 1959)
is to maximize the portfolio expected return at a given level of portfolio risk. In
Markowitz’s framework, the portfolio expected return is measured by the sum of
the security weights multiplied by their respective expected return, and portfolio
risk is measured by the variance of portfolio. Instead of using the portfolio variance
as the risk measure, mean-ETL portfolio optimization uses expected-tailed loss
(ETL), also known as conditional Value-at-Risk (CVaR) or the expected shortfall
(ES), as the risk measure. Many recent research works show the mean-ETL portfolio
construction can generate robust portfolios. For example, Shao and Rachev (2013)
show that the mean-ETL portfolio construction based on GLER variable generate
statistically significant active return on the global markets.
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7.3.1 Mean-ETL Framework

Before introducing the definition of ETL, we need to give the definition of value-
at-risk (VaR), which is one of the most frequently used risk measures in the finance
industry:

Let X represent the distribution of portfolio returns; then, the VaR of the portfolio
at a .1 � ’/ 100 % confidence level can be defined as the lower ’ quantile of the
return distribution:

VaR’.X/ D � inf .x W P .X � x/ � ˛/ D �F�1
X .’/ (7.1)

Given the definition of VaR, ETL is defined as the average loss beyond the VaR
threshold:

ETL’.X/ D �E
�

X
ˇ̌
ˇX < �VaR’.X/

�
(7.2)

As a coherent risk measure (Artzner, Delbaen, Eber, & Heath 1999), ETL has
many good properties for the purpose of portfolio risk management. Rockafellar
and Uryasev (2000 2002) provide a detailed discussion of the properties of CVaR
when used as a measure of risk. The main reasons that we are using ETL instead
of VaR as the risk measure in portfolio construction are summarized by Rachev,
Martin, Racheva, and Stoyanov (2009): (1) ETL gives a more informative view on
extreme events; (2) mean-ETL portfolio optimization problem is a convex problem,
which has a unique solution; (3) as a coherent risk measure with the sub-additivity
property, ETL accounts for the effect of diversification. For more details on the
calculation of ETL in portfolio optimization, the reader is referred to Shao et al.
(2015).

Using ETL as the risk measure, there are several ways to formulate the mean-
ETL optimization problem (see Rachev, Stoyanov, and Fabozzi (2007) for details).
In this study, we add a few constraints to the portfolio construction: (1) the portfolio
needs to be a long only portfolio; (2) maximum weights of single asset cannot
exceed 4 %; (3) monthly turnover rate of the portfolio is below or equal to 8 %.
We formalize our mean-ETL optimization framework as follows:

max
wt

1
S

SX
sD1

wT
t

OY.s/
t � �ETL˛

�
wT

t
OYt

�

s:t: 0:04 � wt � 0

eT
1 jwt � wt�1j � 0:16

eT
1 wt D 1

(7.3)

where wt is a column vector of optimal securities weights in the portfolio and OY.s/
t

is a column vector that contains the sth scenario of all N securities:
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OY.s/
t D

h OY.1;s/
t ; OY.2;s/

t ; : : : ; OY.N;s/
t

iT
;

and OYt should be a matrix that consists of all S scenarios at time t:

OYt D
h OY.1/

t ; OY.2/
t ; : : : ; OY.S/

t

i
N�S

:

In this study of mean-ETL portfolio construction, ˛ for ETL is chosen to be 5 %
and the risk-averse parameter � is chosen to be 1.

7.3.2 Scenario Generator

With the above-mentioned mean-ETL portfolio construction framework, the scenar-
ios of fundamental variables, OYt, are required for the optimization.

In this study, we use Yn,t to denote fundamental variable values of the nth stock at
time t, where 1 � t � T; 1 � n � N. Here, T and N are the number of data points
and the number of securities, respectively. The fundamental variable is chosen from
USER, CTEF, PM, and MQ in this study. Before fitting the time series model on
the fundamental variable data, we perform the following transformations for the nth

stock:

yn;t D f .x/ D
�

log .Yn;t/ � log .Yn;t�1/ ; t � 2 and k D 1; : : : ; N
0; t D 1 and k D 1; : : : ; N;

(7.4)

where N denotes the number of securities in the portfolio.
We choose the time series model autoregressive moving average (ARMA)

generalized autoregressive conditional heteroskedastic (GARCH) with multivariate
normal tempered stable (MNTS) innovations to model and generate the scenarios
of time series yn,t. The ARMA-GARCH-MNTS model is a flexible model to
capture volatility clustering, heavy tails, asymmetric dependence structure and the
dependency between different stocks. The AMRA-GARCH-MNTS model used to
model time series yn,t in this study is described as follows:

yn;t D cn C anyn;t�1 C bn�n;t�n;t�1 C �n;t�n;t (7.5)

�2
n;t D ˛n;0 C ˛n;1�2

n; t�1�2
n;t�1 C ˇn;1�2

n;t�1; (7.6)

where n D 1; 2; � � � ; N and the joint innovation term �t D .�1;t; �2;t; � � � ; �N;t/ is
generated from MNTS(˛, � , ˇ, � , �, �). And the N-dim MNTS(˛, � , ˇ, � , �, �) is
defined as:

X D .X1; X2; : : : ; XN/ D � C “ .CT � 1/ C ”
p

CT© (7.7)
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where � D .�1; �2; : : : ; �N/T, “ D .ˇ1; ˇ2; : : : ; ˇN/T, ” D .�1; �2; : : : ; �N/T and
” > 0. CT is a classical tempered stable (CTS) subordinator with parameter (˛, �),
where ˛ 2 .0; 1/ and � > 0. © D ."1; "2; : : : ; "N/T is a N-dim standard normal
distribution with covariance matrix ¡, independent of the subordinator CT > 0. The
reader is referred to Kim, Giacometti, Rachev, Fabozzi and Mignacca (2012) for the
details on the application and estimation of MNTS in portfolio optimization.

In this chapter, we are not going into the details surrounding the estimation of
ARMA-GARCH-MNTS model and the reader is referred to Shao et al. (2015) for
the estimation methodology. With the estimated ARMA-GARCH-MNTS model, we
can generate the scenarios of yn,t, denoted as Oys

n;t and it represents the sth scenario
forecasting the nth stock at time t. To get the scenarios of the fundamental variables
Rn,t, we do the following reverse transformation:

OYs
n;t D exp

�Oys
n;t C log .Yn;t�1/

�
(7.8)

After generating the scenarios OYs
n;t for each stock, we can run the portfolio

optimization on different fundamental variables from US markets. The portfolio
results with empirical data will be discussed in the next section.

7.4 Portfolio Results and Analysis

We generate the optimal mean-ETL portfolios during the period 2000–2013 based
on the scenarios generated from ARMA-GARCH-MNTS. In this chapter, we
use mean-ETL-CTEF, mean-ETL-USER, mean-ETL-MQ, and mean-ETL-PM to
represent the optimal portfolios based on CTEF, USER, MQ, and PM variable,
respectively. In this section, we use the Barra risk model to analyze these portfolios.
The US Barra risk model was developed in Rosenberg and Marathe (1975) based on
company fundamental data. The Barra attribution analyses here use the US Equity
Model (USE3). The benchmark in these attribution reports is chosen to be Russell
3000 Growth index. We also offer the comparison of these portfolios in this section.

7.4.1 Attribution Reports

The attribution of mean-ETL-CTEF portfolio returns is shown in Table 7.1, and
we report that the portfolio generates 14.07 % active (excess) annual return with
an information ratio of 1.11 and a t-statistic of 4.15. The active return is highly
statistically significant. The attribution report also shows that the stock selection
produces statistically significant active annual return of 5.95 % with a t-statistic
of 3.66. Moreover, the earnings yield contributes 1.24 % annual return with a t-
statistic of 3.31. The mean-ETL-CTEF portfolio is based on the CTEF variable
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Table 7.1 Barra attribution of the mean-ETL-CTEF (US) portfolio

Source of return Contribution (%) Avg exposure Risk (%) IR t-stat

Portfolio 16.12 20.87
Benchmark 2.05 18.30
Total active 14.07 12.10 1.11 4.15
Expected active 0.09
Market timing 3.14 5.90 0.47 1.74
Risk Indices 6.07 7.88 0.73 2.73
Volatility �0.31 0.31 2.67 �0.09 �0.33
Momentum 0.53 �0.19 2.99 0.19 0.70
Size 6.24 �1.64 7.15 0.81 3.01
Size non-linearity �1.24 �0.68 3.53 �0.33 �1.23
Trading activity �0.13 �0.21 0.99 �0.12 �0.46
Growth 0.17 �0.42 1.10 0.15 0.56
Earnings yield 1.24 0.10 1.23 0.89 3.31
Value �0.13 0.68 1.87 �0.03 �0.12
Earnings variation �0.04 0.30 0.84 �0.03 �0.10
Leverage �0.30 0.39 1.16 �0.20 �0.73
Currency sensitivity 0.22 �0.26 0.78 0.25 0.92
Yield �0.04 0.15 0.57 �0.06 �0.22
Non-EST universe �0.14 0.12 1.27 �0.11 �0.41
Industries 0.54 4.68 0.12 0.46
Asset selection 5.95 5.87 0.98 3.66
Transaction cost �1.73

which represents the consensus earnings forecasting and revisions. The statistically
significant contribution to the active returns from earnings yield shows the CTEF’s
predictable ability of earnings.

In Table 7.2, we show the attribution of mean-ETL-USER portfolio returns. The
mean-ETL-USER portfolio generates 9.73 % active annual return. The active return
is highly statistically significant with a t-statistic of 4.26 and it has an information
ratio of 1.14 which is higher than the mean-ETL-CTEF portfolio. We find that the
size factor has a factor return of 5.49 % with a t-statistic of 4.05. It is also observed
that the portfolio’s average exposure to the size factor is negative, indicating the
mean-ETL-USER portfolio’s preference for stocks with small capitalization. Xia
et al. (2015) also have the similar observations from the mean-variance portfolio
based on USER variable.

The attribution of mean-ETL-MQ portfolio returns is shown in Table 7.3 and
it also produces highly statistically significant active return, 10.75 % annually.
Moreover, asset selection produces 6.31 % active annual return, which has an
information ratio of 1.36 and a t-statistic of 5.07. Both active return and information
ratio of asset selection’s contribution is the highest among all the four portfolios
under comparison.
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Table 7.2 Barra attribution of the mean-ETL-USER (US) portfolio

Source of return Contribution (%) Avg exposure Risk (%) IR t-stat

Portfolio 11.78 21. 84
Benchmark 2.05 18.30
Total active 9.73 8.67 1.14 4.26
Expected active 0.34
Market timing 0.33 2.62 0.19 0.70
Risk indices 5.57 5.41 1.00 3.71
Volatility 0.05 0.40 2.07 0.04 0.14
Momentum 0.15 0.01 1.08 0.15 0.55
Size 5.49 �1.52 4.81 1.08 4.05
Size non-linearity �0.85 �0.75 2.65 �0.30 �1.11
Trading activity 0.16 �0.06 0.25 0.60 2.25
Growth 0.14 �0.24 0.54 0.26 0.97
Earnings yield 1.22 0.16 0.86 1.26 4.70
Value �0.14 0.57 1.15 �0.08 �0.30
Earnings variation �0.31 0.36 0.69 �0.36 �1.34
Leverage �0.145 0.39 0.74 �0.16 �0.58
Currency sensitivity �0.01 �0.04 0.38 �0.02 �0.09
Yield 0.05 �0.04 0.18 0.28 1.04
Non-EST universe �0.24 0.20 1.48 �0.16 �0.59
Industries 0.51 3.84 0.18 0.68
Asset selection 5.02 4.50 1.09 3.99
Transaction cost �2.04

In Table 7.4 presents the attribution of mean-ETL-PM portfolio returns is
presented. The mean-ETL-PM portfolio generates active annual return of 8.51 %.
The active return is statistically significant and it has an information ratio of 0.86
and a t-statistic of 3.20.

All of the four portfolios produce statistically significant active returns and they
are due mostly to the asset selection. As described previously, ˛ for mean-ETL
portfolio optimization in this study is chosen to be 5 % and we want to know
whether the technique can control the 5 % left tails well. Taking mean-ETL-CTEF
and mean-USER-ETL portfolios as examples, we show the quantile–quantile plots
of the mean-ETL portfolio monthly returns against benchmark’s in Fig 7.1. The
left plot is the mean-ETL-CTEF portfolio against benchmark and the right one is
the mean-ETL-USER portfolio against the benchmark. We find that the left tail of
mean-ETL portfolio returns is thinner than the benchmark’s in most cases. Another
interesting observation is that the return distributions of mean-ETL portfolios have
even heavier right tails than the benchmark. It indicates that controlling the tail risk
of portfolio does not necessarily deteriorate the right tails in this study.
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Table 7.3 Barra attribution of the mean-ETL-MQ (US) portfolio

Source of return Contribution (%) Avg exposure Risk (%) IR t-stat

Portfolio 12.80 22.36
Benchmark 2.05 18.30
Total active 10.75 9.72 1.12 4.18
Expected active 0.83
Market timing 1.14 4.07 0.33 1.22
Risk indices 4.88 6.22 0.75 2.81
Volatility �0.39 0.57 3.22 �0.11 �0.43
Momentum 0.10 0.01 1.35 0.10 0.37
Size 5.75 �1.70 5.03 1.08 4.05
Size non-linearity �0.89 �0.86 2.94 �0.30 �1.10
Trading activity 0.02 �0.06 0.28 0.04 0.16
Growth 0.08 �0.20 0.50 0.18 0.67
Earnings yield 0.96 �0.01 0.99 0.83 3.11
Value �0.23 0.54 1.16 �0.15 �0.54
Earnings variation �0.26 0.48 0.98 �0.21 �0.77
Leverage �0.35 0.42 0.85 �0.33 �1.24
Currency sensitivity 0.12 �0.12 0.33 0.33 1.22
Yield 0.14 �0.12 0.38 0.33 1.25
Non-EST universe �0.17 0.21 1.67 �0.11 �0.39
Industries �0.34 3.87 �0.04 �0.14
Asset selection 6.31 4.47 1.36 5.07
Transaction cost �2.07

7.4.2 Comparison

Figure 7.2 below shows the equity curve of mean-ETL portfolios and the benchmark
portfolio during the period 2000–2013. It’s obvious that the mean-ETL-CTEF
portfolio performs better than the other portfolios during this period.

To further compare these portfolios in a more quantitative way, we review
their Treynor ratios and Sharpe ratios. Treynor (1965) proposes to use beta as
the measurement of volatility, which is well known as Treynor ratio, to evaluate the
performance of fund. Treynor ratio is calculated as T D R�Rf

ˇ
, where R is the

portfolio return, Rf is the risk free rate, and ˇ is the portfolio’s beta. One year later,
Sharpe (1966) used standard deviation of returns as the measurement of volatility
instead of using beta. Table 7.5 presents the performance measured by different risk
metrics of the four mean-ETL portfolios under comparison in this study.

All metrics consistently show that the mean-ETL-CTEF portfolio has the best
performance among the four portfolios under comparison. In particular, we find
that the mean-ETL-CTEF portfolio generates the highest returns while maintains
the lowest volatility measured by standard deviation and ˇ. Figure 7.3 presents the
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Table 7.4 Barra attribution of the mean-ETL-PM (US) portfolio

Source of return Contribution (%) Avg Exposure Risk (%) IR t-stat

Portfolio 10.56 25.03
Benchmark 2.05 18.30
Total active 8.51 11.16 0.86 3.20
Expected active 1.16
Market timing �0.99 4.19 �0.06 �0.23
Risk Indices 5.15 7.15 0.71 2.65
Volatility �0.19 0.72 3.68 �0.04 �0.15
Momentum 0.22 0.14 2.00 0.14 0.51
Size 5.66 �1.83 5.43 1.01 3.76
Size non-linearity �0.73 �1.01 3.48 �0.21 �0.80
Trading activity 0.24 �0.06 0.49 0.46 1.72
Growth 0.04 �0.10 0.40 0.11 0.41
Earnings yield 0.55 �0.06 0.71 0.65 2.41
Value �0.18 0.50 1.08 �0.12 �0.46
Earnings variation �0.22 0.54 1.06 �0.15 �0.56
Leverage �0.37 0.52 1.02 �0.31 �1.15
Currency sensitivity 0.06 �0.05 0.26 0.20 0.75
Yield 0.25 �0.26 0.57 0.42 1.56
Non-EST universe �0.16 0.23 1.77 �0.10 �0.38
Industries 0.56 4.44 0.18 0.66
Asset selection 5.09 5.24 0.97 3.63
Transaction cost �2.46

Fig. 7.1 Quantile–Quantile plot of portfolio monthly returns
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Fig. 7.2 Mean-ETL portfolios performance

Table 7.5 Performance criteria of mean-ETL created portfolios (US mar-
ket), 2000–2013

Mean-ETL portfolio
CTEF USER MQ PM Benchmark

Geometric mean 16.12 % 11.78 % 12.80 % 10.56 % 2.05 %
STD 20.87 % 21.84 % 22.86 % 25.03 % 18.30 %
Beta (ˇ) 0.92 1.10 1.10 1.26
Sharpe ratio 0.68 0.45 0.47 0.34
Treynor ratio 0.15 0.09 0.10 0.07

characteristic lines of mean-ETL-CTEF and the benchmark index, showing that the
mean-ETL-CTEF portfolio is outperforming the benchmark index (see Treynor &
Mazuy 1966, for details).

We also find that the mean-ETL-MQ portfolio slightly outperforms the other
portfolios except for the CTEF portfolio as shown in Table 7.5. As we described
before, the MQ variable is a combination of CTEF and PM variables. The better
performance of the mean-ETL-MQ portfolio is partly due to the strong performance
of CTEF variable. The mean-ETL-PM portfolio has the lowest return and highest ˇ,
making it the worst performing portfolio in the four mean-ETL portfolios. Menchero
(2015) also finds that momentum pure factor portfolio is more volatile than the
earnings yield factor portfolio. Nevertheless, the mean-ETL portfolio based on PM
variable still outperform the benchmark and produce statistically significant active
returns as mentioned in the attribution report.
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7.5 Summary

In this study, we focus on US stock markets and apply the mean-ETL portfolio
construction on stocks’ fundamental variables, CTEF, USER, PM, and MQ. We
report that these fundamental variables continue to be very valuable for stock
selection and portfolio construction. Also, the returns of the mean-ETL portfolios
have thinner left tails, while not deteriorating the right tails. Mean-ETL portfolio
with fundamental variables can generate statistically significant active returns in
domestic market through asset selection, similar to its application to the global
markets (see Guerard et al. 2013 & Shao et al. 2015). In this study, we also find
that the mean-ETL-CTEF portfolio has the highest risk-adjusted return.

Disclosure The views and opinions expressed in this chapter are those of the author and do not
represent or reflect those of Crabel Capital Management, LLC.
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