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ABSTRACT

In this particular project we conducted a comparative analysis of several machine
learning techniques to detect whether lagged industry returns of thirty (30) major
sectors of the economy can benefit us in predicting industry returns across the entire
economy. We used a general linear regression predictive framework as our
benchmark. We employed methodologies such as LASSO, elastic-net, and neural
networks to select the model with the most accurate forecasts. After controlling for
multiple testing and downside biases in magnitude, we found significant in sample
evidence of return predictability. Lagged returns for finance, commodity and material
producing industries are the most frequently selected significant predictors by our
penalization methods, and thus exhibit a widespread predictive ability. We created
zero-net industry-rotation portfolios (one for each methodology) which goes long the
industries with the highest forecasted returns. For this purpose, we used walk-forward
cross validation and backtesting simulation. We concluded that elastic net generated
the higher annualized returns and Sharpe ratios, whereas at the same time the lowest
MSE across predictions and annualized drawdown across all models. Finally, neural
networks weren’t capable of outperforming clearly the elastic net procedure, probably
due to the lack of high frequency data, the insufficient parametrization of the network
or just the absence of non-linear relationships among the predictor variables and the

dependent variables.



HHEPIAHYH

2TV TPOKEWEVN €PYOCIO TPOYUATOTOCOUE U0 CUYKPLTIKY OVOAVLOT SapOp®V
machine learning teyvik®v ywo va evtomicovpe €dv ot mapeABovtikég 0modOGELg
tpuavia (30) Pootkdv TOUEMV NG OIKOVOUING UTOPOVV VO GUVEIGPEPOLV GTNV
TPOPAEYN TNG LEALOVTIKNG AOS00TG TOV KOPL®V TOUE®V TG otkovopiag. Eva yevikd
LOVTEAO YPOUUIKNG TaAvdpounong vy mpoPreyn ypnoipomomnke g onueio
avaeopdc (benchmark). Me 1o benchmark povtého cvykpivaue didpopeg machine
learning teyvikég 6mmwg 1o LASSO, 1o elastic net kot to teyvyntd vevpovikd diktoa.
Aoy eréyéape yio multiple testing kot pepoinyio oTIG EKTIUNGELG HOG, TPOEKVYE
OTOTIOTIKA  ONUOVTIKY  €VOElEn TPOPAENTIKNG KavOTTaG OTIG TAPEABOVTIKES
amoddoelg evtdg tov delypotog. IMaperbovtikéc amodocels topémv 6mwg to finance,
TO. EUTOPEVUATO KOL TO VAIKGA amodelydnke oOtL ennpedlovv TiG AmOdOGES TWV
nepLocdTEP®V Prounyaviov. Anpovpyncoue teyvntd industry-rotation yoptopuidxio
v v KaBe pebBodoroyion Ta omoio amotelovvtav amd Tig Propnyovieg pe v
vynAdTEPN TpoPAremoOpuEvn amddoon. Avtd emtevyOnke péom walk forward cross
validation ko backtesting tpocopoimonc. Xav counépacua katoAn&ape o1t to elastic
net mopdyet 11 To akpPeic TPoPAEYELS OVALESH GTA LTOYNPLLL LOVTEAL MG TTPOG TIG
amodOcELg Ge €TNGIOL fAon Ko TV ghayiotonoinon tov cpdipatog MSE. Téhog, ta
VEVPWOVIKE dikTLO dEV KATAPEPAY VO BEATIOGOLV TNV OOOOGN TOV YOPTOPLANKIOV
nov otnpiydnke oto elastic net. Or Aoyot yio avtd iomg HTay 1 YOUNAY GLXVOTNTO TV
dedopévmv mov glyape ot 01d0eon pHog, 1 EAMING TOPAUETPOTOINGT TOV SIKTVLOL 1
OTOLGI0 U1 YPOUUIKOV CYECEWV OVAUESH OTIG eSopTNUEVEG Kol TIG aveEapTNTES

HeTOPANTES Lo,
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1. Introduction

In this project we perform a comparative analysis of machine learning (ML)
techniques for empirical finance. Although a huge part of the finance literature
investigates the aggregate stock market return predictability, also called as equity risk
premiums, we will examine stock return predictability along industry lines. Typical
studies of industry return predictability use the most widely known predictors such as
dividend yields, nominal yields and yield spreads (Avramov 2014, Ferson and Harvey
1991, 1999 and others). As Goyal (2008) argues most readers believe that prediction
works with variables such as dividend-price ratios, earnings-price ratios, dividend-
earnings ratios, and an assortment of other financial indicators. Here, we use a
different set of predictor variables, which we name as lagged industry returns across

the entire economy.

The two main strands of this project are the industry returns predictability and
machine learning. Conventional forecasting is conducted either using time series
predictions or cross-sectional predictions. Cross sectional models interpret differences
in expected returns across stocks based on stock-level characteristics, namely as firm
characteristics, such as value, momentum and size (Fama and French 2015, Lewellen,
2015). They most frequently use the Fama-McBeth (1973) regressions®. On the other
hand, conventional time series models use macroeconomic factors such as interest rate
spreads, book to market ratio, price to earnings ratio and others in order to predict
aggregate portfolio returns. In this application we will use a time series framework,
since our goal is to explain and forecast individual industry returns based on lagged
industry returns from the entire economy. We use a general linear predictive
framework, which enables each industry’s return to be affected of the lagged returns
of other industries. We selected to use this kind of data since firm characteristics data
are difficult to attend and we wanted to present a more public and fee free investment
strategy.

! More information about Fama- McBeth regressions can be found
here http://didattica.unibocconi.it/mypage/dwload.php?nomefile=fama-
macbeth20141115121157.pdf



http://didattica.unibocconi.it/mypage/dwload.php?nomefile=fama-macbeth20141115121157.pdf
http://didattica.unibocconi.it/mypage/dwload.php?nomefile=fama-macbeth20141115121157.pdf

This study is one of the first to directly forecast industry return predictability
using this kind of predictors (only Rapach and Strauss, 2018 has done a similar one).
Our study was inspired by the model of Hong (2007), who propose information
frictions into an economy with multiple linked industries (Rapach, 2018). For
example, cash flows shift in one industry can affect expected cash flows to all the
industries, which are related to this one. Moreover, when a particular industry faces a
cash flow shock, investors specialized to this industry are not capable of fully working
out the implication of this shock. As a result, the delayed adjustment in equity prices

highlights the benefits of industry return predictability based on lagged returns.

The lack of previous research is maybe contributed to the vast number of
predictors used and so to the statistical challenges that arise for the estimation of the
regression models. As the dimension of the predictors rises, simple linear models
using the least squares objective function are susceptible to overfitting, and thus
undermining the robustness and stability of the predictions. In addition, it is
impossible to figure out in advance which of the predictors are the most important.
Furthermore, since financial data are always noisy, nonlinear relationships between
the excess returns of each industry and the lagged industry returns maybe exist. Last
but not least, measuring the conditional expectation of a future realized excess return
(risk premium) is a prediction task. Machine learning is perfectly suited for prediction
tasks and so is ideal for our application. For these reasons, we combine the empirical

asset pricing literature with the machine learning field.

Many researchers, see for example, Kelly (2020), Freyberger (2018), Feng
(2017), Otto (2020), Wenbu and Wu (2019), have used ML to identify the relevant
determinants of cross-sectional returns. Although our goal is not to identify the most
important predictors of the cross-sectional excess returns, we share an identical
approach of the ML algorithms used by the aforementioned authors in order to defend

against the high-dimensionality of our data.

Our empirical analysis follows closely that of Rapach (2018), with several
main differences. Firstly, we use more data since our data extent from 12/1959-
12/2017. Secondly, we employ some additional ML algorithms, such as Elastic Net
and Neural Networks. Thirdly, we shed more light on the bactesting simulation and

the walk forward cross validation. Finally, we don’t follow the conventional



procedure of standardizing our predictor variables, since the predictors are expressed

in identical units and we observe that unstandardized data perform better.

More specifically we use a simple linear regression which uses all predictors
and estimates their coefficients using the OLS objective function as our benchmark
model. Then, we use the least absolute shrinkage operator (LASSO) introduced by
Tibshirani (1996). In contrast to ridge regression, which uses an I, parameter
penalization, LASSO uses an absolute value (or 1 penalization) and thus drives
coefficients on a subset of covariates to exactly zero. So, LASSO performs variable
selection whereas Ridge variable shrinkage. The advantage of LASSO is that leads to
sparse models. Sparsity is desirable, since it prevents overfitting and identifies the
most statistically significant predictors. The drawback of LASSO is that tends to
overshrink the coefficients of the remaining predictors, which causes downward
biases in the estimated coefficients. For this reason, researchers (Efron et al., 2004;
Meinshausen, 2007; Belloni and Chernozhukov, 2011, 2013) suggest firstly to select
the most important variables and then to execute an OLS regression to re-estimate the
final coefficients in order to reduce the biases. The above procedure is named after on
as OLS post-LASSO. In the same context we also perform the elastic net penalty. For
complicity reasons, we check whether the OLS-post LASSO (OLS post-elastic net)
performs better than pure LASSO (elastic net). We estimate 30 regression models at
each time step, each one for every industry, using the lagged returns for all the 30

industries respectively.

Both in-sample and out of sample analysis is conducted in order to emphasize
that lagged returns can help in the prediction of the excess return of each industry.
Regarding the in-sample analysis, since we test a large number of individual null
hypothesis, we face the problem of multiple testing. In order to deal with this, we
apply the Benjamini and Hochberg (2000) procedure to examine the false discovery

rate.

Our empirical analysis investigates the excess returns of 30 industry portfolios
provided by the Kenneth French’s Data Library and ranging from December 1959 to
December 2017. We assign each NYSE, AMEX, and NASDAQ stock to a value
weighted industry portfolio at the end of June of year t based on its four-digit SIC
code at that time. (We use Compustat SIC codes for the fiscal year ending in calendar



year t-1. Whenever Compustat SIC codes are not available, we use CRSP SIC codes
for June of year t.) We then compute returns from July of t to June of t+1. We show
that at least one lagged industry return is chosen by LASSO as a predictor for 29 out
of 30 industries and more than once for 22 out of 30. Secondly, OLS post-LASSO
proves that the predictors selected by the LASSO are most of the times statistically
significant even after checking for multiple testing. The results of our analysis
indicate that when we aggregate our data with 4 popular macroeconomic variables
proposed by Ferson and Harvey (1991, 1999), Ferson and Korajczyk (1995), and
Avramov (2004), LASSO selects exactly the same predictors as before and so the
lagged returns maintain their predictive ability. In conclusion, apart from the
statistical significance we also evaluate the economic significance of the predictors
mainly in terms of annualized Sharpe Ratio.

Interpreting the results for the in-sample analysis, we can argue that lagged
returns of financial, commodity and material-producing sectors are selected most
often across the industries. This result was expected at some extent. When the
financial sector experiences a positive shock, they obtain larger capital and so can
provide bigger credit to companies belonging in other industries. In contrary, when
commodities experience a positive shock, we expect a raise in the prices and the
returns of industries belonging in the earlier stages of the production process. As a
result, profits and returns of the later stage industries are decreased. As expected, the
coefficients of lagged commodities-materials returns are negatively correlated with

the returns of the later stages industries.

Out of sample analysis corresponds to the selection of an economically
meaningful portfolio of industries for investment in real time. In order to build our
investment portfolio, we use the forecast of monthly excess industry returns
calculated by the aforementioned models. We then sort the 30 industries into 5
quantiles (each quantile contains 6 industries) according to the forecasted returns over
the next month. After that, a zero-net investment portfolio is constructed, which goes
long (short) for the top (bottom) 20% quantile of sorted industries. For this purpose,
we use the walk forward cross validation procedure because of the time series type of
our data. The training data set extends from 12/1959-12/1969. So, in each time step
we compute the forecasted returns for one month ahead. The simple linear model

generates an annualized mean of 2.73% and annualized Sharpe Ratio of 0.50%, the



OLS post-LASSO 3.603% and 0.674%, and the Elastic Net 4.534% and 0.707%,
respectively. We also figure out that the portfolio constructed using the penalized
methods perform efficiently during recession times of the whole economy and so
these portfolios could be used as a hedge against downswings of the macroeconomy.

As the last part of our project we expand our models in order to accommodate
nonlinear relationships via neural networks. As mention by Kelly (2020), allowing for
nonlinearities and potentially complex interactions among the predictors substantially
improves predictions. We employ shallow learning instead of deep learning since we
have a narrow range of data. We consider several different architectures of networks
and insert many different regularization techniques such as learning rate shrinkage via
the ADAM algorithm (a version of Stochastic Gradient Descent), batch normalization
and early stopping. The tuning of the hyperparameters was conducted via cross
validation. Although we structured our network in the most optimized way in our
opinion, we didn’t derive greater returns in terms of the financial indicators
mentioned above. As a result, the portfolios created by the neural networks
predictions didn’t add any value in comparison with the penalized methods. This
maybe occurred due to the low frequency of our data (maybe daily or weekly data
instead of monthly could have performed better) or due to the absence of
nonlinearities between the lagged industry returns. Even when we added the squared
values of the lagged returns and some interactions between the predictors in our data
set, we didn’t receive better results. Perhaps neural networks are just not the most

suitable model for this particular application.

The rest of the thesis is structured as follows. In Section 1.2 we present a brief
literature review about asset pricing in empirical finance via machine learning. In
Section 2 we describe the predictive framework of the models mentioned above and
we explain the LASSO and Elastic Net regularization methods. In Section 3 we
demonstrate the in-sample results, whereas in Section 4 the out-of-sample results and
the methodology followed to build our bottom up portfolios. In Section 5 we focus on
the Neural Networks and the procedure followed to optimize them. Section 6 provides

some concluding remarks.



1.2. Literature Review

We follow pretty closely the paper of Rapach, Strauss, Tu, and Zhou (2018).
They demonstrate that LASSO helps to identify the most significant lagged industry
excess returns and create an economically meaningful long short portfolio based on
the forecasted returns estimated by OLS using the predictors that LASSO selected.
Freyberger, Neuhierl, and Weber (2020) apply a non-parametric adaptive group
LASSO version to determine the most valuable characteristics in terms of predictive
power for the cross-section of expected returns. Rapach, Strauss, and Zhou (2013)
also use the LASSO framework to investigate the lead-lag relationships among
monthly country-level stock returns. We also gained insight by the work of Gu, Kelly
and Xiu (2020). They illustrate wonderfully the most important and up to date ML
techniques (linear model, penalized linear model, PCA, Boosted Regression Trees,
Neural Networks) in order to measure asset risk premiums. They compare all these
forecast models and conclude that shallow neural network model is the most effective.
Similar to the later work, is the research of Drobertz and Otto (2019), which was also
very helpful to my study.

Apart from the penalized linear models, Giglio and Xiu (2016) conduct a
principal component analysis (PCA) in order to deal with the high dimensionality of
their data. Kelly, Pruit and Su (2019) apply also a version of PCA to re-estimate and
test factor pricing models. Moritz and Zimmermann (2016) introduce tree-based

models to portfolio sorting.

Several authors apply neural networks to predict derivative prices (Yao, Li,
and Tan, 2020 among others). Messmer (2017) explores the predictability of firm
characteristics on stock returns via neural networks. Heaton, Polson, and Witte (2016)
use neural networks for portfolio selection. All of the above authors used feed forward
neural networks. Gu, Kelly, and Xiu (2019) include different architectures such as
recurrent long short-term memory (LTSM) networks, generative artificial networks

(GAN) and autoencoder networks.

Finally, some researchers study the sign rather than the stock return. Because
of the binary nature of this problem, classification methods (linear discriminant

analysis, logit, probit) are applied to predict the direction (or the signal) of the stock



return. In the same spirit, Huerta, Corbacho, and Elkan (2013) build a support vector
machine (SVM) to distinguish stocks that overperform form those which

underperform.

2. Linear regression framework and regularization

This section explains the basic predictive regression framework that we follow
in our analysis and the general functional form for estimating each industry’s excess
return. First of all, the simple return of an asset (e.g. stock, bond, ETF, etc), assuming
no dividends, is the percentage change over two time periods (in our case between
two months). Mathematically, it can be written as:

P.—P_, P

R, =
‘ P4 P,y

where P, denotes the price of the asset at month t and the time between t and t-1 is
called the holding period. The continuously compounded monthly return (which we
use later on) is defined as:

Py
T = ln(E),

We refer to excess return, as the return of each industry when the one-month U.S.A
Treasury bill return (the risk-free rate in general) is subtracted. Most of the times in
order to conduct comparisons between different investment models, we use the
annualized returns instead of the simple net return. In the simplest case that our
investment horizon is one month and we receive the same return each month, the
annualized return corresponds to the monthly compounded return for 12 months and

can be expressed as:
ra=(1+r)t? -1

If the return we receive each month is not constant and n is the number of years the
investment took place, then the annualized rate of return each year over a given time

period can be written as:

=1 +r)A+r)A+73)...(1+1r)]*2?"-1.



Another term we used in our analysis is the annualized volatility. It is the
standard deviation of the industry portfolio excess returns multiplied by the square
root of 12 (number of months in each year). In addition, one of our main criterions for

the model selection is the Sharpe Ratio. Sharpe (1996) proposed the measure as:

S'_E[Ri]—rf_Rl_Tf
L 0 o '

where o is the standard deviation of the investment, 7y is the risk-free rate and R, is
the expected return of an investment. In general, Sharpe Ratio is an investment
measurement, which calculates the average return of the investment beyond the risk-
free rate per unit of volatility. So, the higher the ratio, the more profitable is the
investment. Investments with a Sharpe Ration beyond one are considered extremely
efficient. Lastly, we observe the maximum drawdown of each method. Maximum
drawdown expresses the maximum observed loss from a peak to a trough of the
portfolio, before a new peak is attained. It basically defines the downside risk over a
specific time period. We define the maximum drawdown of a strategy as:

MaxDD = max Y, —VY.,

0<t<t,<T
where Y; is the cumulative log return from date O through t.

In the most general form, an industry’s excess return is given by an additive

regression model as:
Fit+1 = E(ri1)+ €itea,
where
E(rit+1) = ' (ziy).

We assume that g°() is a flexible (either linear or nonlinear) function of the
predictors, i=1,2,..,N is the number of industry portfolios, t=1,2,...,T is the number of
monthly observations we use to estimate the parameters of our model and ri; is the
excess return of portfolio i at time t. The linear model specification is explained

below:
yi= aitr + Xbi + g;, (2.1)

where



yi=[riz... rit]’, (2.2)

X = [x1... xn]’, (2.3)
xi= [fj0... tial’, for j = 1,..N, (2.4)
b= [bis... bin]’, (2.5)
g=[ei1... &1l (2.6)

1y is a T-vector of ones and ¢ is an error term following the Standard Normal
distribution. In equation (2.1) excess lagged returns of all industries across the
economy can interfere with the excess return of any given industry. In a way, we can
think (2.1) as a first-order vector autoregression for all N industry portfolios excess
returns. We observe that as each time we estimate 30 different excess return (one of
each economy sector) and each one of these has 30 predictors. So, the problem of
high dimensionality in our application is obvious. As we mentioned before, a
traditional linear predictive regression model via OLS underperforms in this kind of
applications and tends to overfit. Nevertheless, we use it as our benchmark model.
The linear model approximates the conditional expectation g*(") by a linear function of
raw predictors. The conventional objective function (or I penalization) used by the
linear regression which we want to be minimize can be expressed as:

1
argmin(-||y; — aitr — Xby|[3) (2.7)

aieR

The advantage of equation (2.7) is that it avoids complicated optimization and the
estimated coefficients come with low computational cost. On the other hand, when the
number of predictors approaches the number of observations, the simple linear model
starts to overfit noise rather than extracting signal. In order to deal with this, we have
to reduce the number of predictors and this can happen if we add a penalty term to the
objective function in order to seek for more parsimonious predictors. In equation (2.8)
we present the same equation as (2.7) accompanied by the famous elastic net penalty
term.

. 1
argmin(—|[|y; — aity — Xby||5 + M1-p)XZiy by ;| + 0.50p%iL, b7 ) (2.8)

a;bieR



The elastic net equation contains two hyperparameters A and p. When p=0 equation
(2.8) transforms to the popular LASSO or |1 penalization. The geometry of LASSO
forces the unimportant covariates to exactly zero and thus improves the sparsity of the
model. When p=1 equation (2.8) transforms to ridge regression or an |l penalization.
Ridge doesn’t perform variable selection but variable shrinkage. It leads the
unimportant coefficients towards zero, but not exactly to zero. Ridge prevents
unimportant coefficient to affect largely in magnitude the dependent variable. Since
one of the primary goals of this project is to reduce the dimension of the predictor

data set, we will execute only the LASSO and elastic net penalizations.

In general LASSO works well in terms of choosing the most important
predictors. One disadvantage of LASSO is that tends to overshrink the parameters in
terms of magnitude. To avoid this, several researchers (Effron, 2014; Meinhausen,
2007) suggest to re-estimate the coefficients for the remaining post-LASSO predictors
via OLS.

Another problem is that when we test numerous individual null hypotheses,
typical p-values can be misleading for the actual statistical significance. This issue is
called multiple testing and we face it using the familiar Bonferroni and Hochberg
(2000) procedure. They try to control the false discovery rate (FDR). In practice, this
procedure puts the m adjusted p-values and their m null-hypothesis into an ascending
order. In our application m=167, since 167 is the number of predictors chosen by
LASSO. Then, we reject the first k hypothesis in respect to:

k = max{p{{ < q}
]

where q is the significance level and pg-‘;’ = ? D¢y, Py is the unadjusted p-value of

null hypothesis j. We performed the Bonferroni and Hochberg (2020) correction using

the “multipletests” module in python.

In order to execute LASSO, we have to optimize the hyperparameter A. This
can be accomplished either by using k-fold cross validation or by using the AIC, BIC
or AICc criterion. Most of the times when we have high-dimensional data sets with
many collinear features we use the LassoCV module. Because of the serial structure
of our data and their relatively small size, we decided to use AIC criterion via the
python sklearn LassoLarsIC module. AIC generally selects the most efficient model



in terms of the l> loss criterion for predictive performance. This method is
computationally cheaper, because the regularization path for the optimization of A is
computed only once instead of k+1 times as in k-fold cross validation. The
mathematical type of AIC under a multiple linear regression framework via OLS

using LASSO regularization is given as:

1

I1'vi — ajir — Xby||3+AZN by ]
AlICy,s = NIn(Z—— - i)

N

)+ 2(p + 1),

where N=30 and p is the total number of non-zero predictors under each A value.

Even though in this application we perform a special case of the conventional
cross validation (named as walk forward cross validation), we would like to explain in
more depth the general notion of sample splitting and hyperparameter tuning via
validation for complicity reasons. The general idea is to perform the hyperparameter
tuning based on a validation sample of our data. We divide the data set into three
subsets, while maintain the temporal order of the data. The first sample, called
training sample, is used for the estimation of the parameters of each model for some
specific values of the tuning parameters. The second subsample, is called validation
sample, and is used in order to choose the most efficient values of the tuning
parameters based on the estimated model by the training data set. To be more specific,
we make forecasts based on the estimated model using a set of the hypermeter. Then
we measure the value of an objective function and iteratively change the set of
hyperparameters until we minimize our objective function (at each iteration we re-
estimate the model from the training sample using the next set of hyperparameters).
The third subsample, called testing sample, evaluates the predictive ability of our
model. The test sample is used neither for the estimation of the model parameters nor

for tuning the hyperparameters and as a result is really out of sample.

3. Neural Networks

As the last part of this research, we included in our study the most popular and

powerful nonlinear method in the machine learning toolkit, the artificial neural



networks (ANN). They are currently applied mainly in applications such as computer
vision, speech recognition and automated game playing. They have earned the
synonym deep learning, because they impose nonlinear interactions between the
predictor by entwining several telescoping layers. On the other hand, they are really
complicated since many parameters needs to be optimized, the computation cost is
very large and the interpretation of their findings is not straightforward, since the
undermining processes occurring in the network cannot be fully explained and thus
can be characterized as a black-box procedure. In this empirical study, we employ
some neural networks in order to check the presence of nonlinear relationships
between the lagged industry excess returns, aiming to increase the economic value of

the constructed long industry rotation portfolios.

Our analysis concentrates on “feed forward” neural networks. Following the
functionality of a human brain, artificial neural networks are made of many
interacting computational units, called “neurons”. A group of neurons represents a
hidden layer in machine learning terminology.

In feed forward neural networks, the output of each node (neuron) in each
hidden layer is connected to all the nodes of the next layer and these connections
follow a one-way path, from input to output. In our study, the input layer consists of
30 predictors, which are the lagged industry returns. We then entail one or more
hidden layers, which interact and nonlinearly transform the predictors. The final layer,
which is called the output layer, aggregates hidden layers into an ultimate outcome
prediction. The outcome prediction in our case is the dependent variable, which is the
forecasted excess return for each one of the industries. Since we want to predict the
returns for all the 30 industries in each time step, we run simultaneously 30
regressions and thus the output layer consists of 30 outputs (one forecast for each
industry). In comparison with the human brain the hidden layers represent groups of
“neurons”. Each layer is connected with the next one by “synapses”, which transmit
the signal.

Figure 1 shows the simplest neural network possible. It contains no hidden
layers and input layer represents the lagged industry returns. Each ones of the inputs
are multiplied by a weight parameter wi. We sum all the weighted inputs and add an
intercept, which is called bias. Then we insert this sum into a function f, which is

called activation function. If we use a linear activation function, the network depicted



in Figure 2 represents the simple linear regression. We run the backtest simulation
using the simplest neural network and we confirmed that the results matched pretty

closely the results derived from OLS model mentioned above.

Figure 1: Simplest neural network, equal to linear regression.

In Figure 2 we present an example of a network with one hidden layer and 3
ultimate outcome predictions. The output layer doesn’t consist of one output
(equivalent to one prediction), but of three outputs and so three predictions. This case
resembles better our application, since our outcome layer consists of thirty

predictions.

Input Layer Hidden Layer Output Layer

Figure 2: Neural network with one hidden layer and an output layer of 3 predictions.



In more complex architectures (with one or more hidden layers) we have to
define many parameters such as the number of hidden layers, the number of neurons
in each hidden layer and which unit we want to interconnect. Recent research in
empirical finance applications has shown that is preferable to train simple networks,
with a limited number of parameters instead of deep networks. Deep networks
require a large number of parameters and more importantly millions of data points,
which is infeasible in financial applications.

Selecting the optimum architecture for a network is impossible because the
number of possible combinations is immense. Thus, we set a fix number of
parameters in advance and select the best performing network by cross validation
among these parameters. The ultimate goal is to construct an even more profitable
portfolio than the portfolio created above using the elastic net forecasts.

We choose to examine networks with up to 3 hidden layers. The number of
neurons in each layer is decreased according to the geometric rule (see, Masters,
1993). For example, we denote the network with one hidden layer and 32 neurons as
NN1. NN2 denotes the network with two hidden layers, 32 and 16 neurons in the first
and second layer respectively. NN3 is a network with 3 hidden layers and 32, 16, and
8 neurons in each layer respectively. By comparing the different architectures, we
define the trade of between the network’s depths and its performance. Our networks
are fully connected and thus every output of a neuron is inserted in all the neurons of
the next layer. In terms of the activation function, we use the well-known rectified

linear unit (ReLU) function for all nodes. ReLU can be defined as:

0 ifx<o0
x otherwise

ReLU(x) = {
ReLU activation function is linear for values greater than zero, meaning it allows for
faster derivative calculation in the backpropagation algorithm. Yet, it is still a
nonlinear function as negative values are always output as zero. The loss function we
minimize in order to compile the network is MSE.
The algorithm used for weights estimation is called backpropagation. In
backpropagation, we first initialize the weights by randomly generating values from a
uniform distribution. We also measure the mean square forecast error (MSFE) based

on the forecasts coming from the outputs of the last hidden layer. Then, following the



opposite direction (from output to input) the algorithm computes the gradient of
MSFE with regard to the weights. Then, the weights are adjusted in the opposite
direction of the computed gradients in order to minimize the MSFE. Finally, using the
adjusted weights, the MSFE is recalculated. When the MSFE is minimized this
process (known as gradient descent) stops.

We used the stochastic gradient descent algorithm (SGD) to estimate our
weights. SGD evaluates the gradient from a small random subset of the data at each
iteration, instead of the whole training sample as conventional gradient descent does.
Each one of the random subsets of the data is called a batch. We set the number of
batches to 128. The total number of times SGD “sees” the entire training data set is
called epochs. We set the number of epochs to 1000. Strangely, when we tried to
increase the number of epochs in order to improve the convergence of the algorithm,
we obtained both worse results and extra computational cost.

Apart from the weight penalization, we employed several other regularization

techniques to enhance the efficiency of the network. These methods are:

e Learning rate shrinkage: In SGD it is really important to control the step size
of the descent. When gradient approaches zero, learning rate should be close
to zero and reversely. Although we need most of the times small values of the
learning rate, we want big values in the first iterations to speed up the process.
For this reason, we use the famous ADAM (adaptive moment estimation)
algorithm (Kingma and Ba, 2014) under the default values for the learning rate
and momentum parameters used by the python module “keras”. The
mathematical approach of the ADAM algorithm is fully explained in
Algorithm 1 below.

e Early Stopping: In each step of the optimization process, the parameters are
updated to reduce MSFE in training sample. At each new guess, predictions
are made for the validation set. When the validation error starts to increase, we
stop the optimization routine. This is achieved before prediction error in
training set is minimized. By terminating the process earlier, parameters are
led towards the initial guess. In practice, we don’t stop the iteration process

exactly when the MSE in the validation sample start to increase, but after a



prespecified number of iterations (so-called “patience”). We set the
patience=5. The mathematical approach of the early stopping algorithm is
fully clarified in Algorithm 2 below. For the neural networks, we decided to
standardize the inputs (the predictors) in order to follow the “traditional”
methodology for neural networks. In order to achieve comparability among
the results from the neural networks and the results derived from the other

techniques we also standardized the predictors for the linear methods.

e Batch normalization (loffe and Szegedy, 2015): It is possible that the inputs to
the hidden layers across our network might change after the weights are
updated. This modification in the distribution of the inputs between the hidden
layers is named as “internal covariate shift”. Batch Normalization controls the
“internal covariate shift” (the variability of predictors across different regions
of the network). For each hidden layer (including the input layer) in each
training step (a “batch”), the algorithm cross-sectionally normalizes (re-
centers and re-scales) the batch inputs to restore the representation power of
the unit. Batch Normalization accelerates training and reduces generalization
error. The detailed mathematical approach of the batch normalization

algorithm is fully described in Algorithm 3 below.

e Dropout: This is the last regularization tool we use. It probabilistically
removes inputs to a layer, which can be input variables from the initial data set
or activations from a previous layer. It creates a large number of networks
with different architectures and as a result makes the nodes of the network
more robust to the inputs. The Dropout layer is added to a model between
existing layers and applies to outputs of the prior layer that are fed to the
subsequent layer. This helps us to prevent overfitting. We set the dropout rate
t0 0.2.

Now, we present the mathematical illustration of the algorithms used for the
neural network construction. Algorithm 1 corresponds to ADAM (in the same manner
as Kingba and Ma, 2014), Algorithm 2 corresponds to the early stopping and



Algorithm 3 corresponds to the Batch Normalization (in the same manner as loffe and
Szegedy, 2015).

As we mentioned before, a widely used algorithm to fit a neural network is the
stochastic gradient descent (SGD). In our application we used a specific version of the
SGD called “adaptive moment estimation algorithm or ADAM”. ADAM calculates
adaptive learning rates by taking advantage of the first and second order moments of

the gradients. Below we present the mathematic illustration of the algorithm. The loss
function is denoted as L(8;-) and L(6;-) = %zleL(e; ), where L(8;-) is the

penalized cross-sectional average prediction error at month t. Algorithm 1 explains
the ADAM algorithm in the same manner as Kingma and Ba (2014) do in their
analysis. During each step of the training, a randomly selected batch is inserted to the
algorithm. In Algorithm 2 is presented the Early Stopping algorithm, which is used in
combination with ADAM. Algorithm 3 performs the algorithm of Batch
Normalization presented by loffe and Szegedy (2015), which is applied to each
activation function after ReLU transformation.

Algorithm 1: ADAM for stochastic optimization. Default parameters are o =
0.0001, B; = 0.9, B, = 0.999 and £ = 10~8. By writing B¢, B we denote B, S,
to the power of t.

Require: S84, S, €[0,1): Exponential decay rates for the moment estimates
Require L(8; -): Stochastic objective function with parameters 6
Require: 8,: Initial parameter vector
my< 0 (Initialize 1 moment vector)
v 0 (Initialize 2" moment vector)
t< 0 (Initialize timestep)
while 8, not converged do

t—t+1

9= VoL(0;)|o=0,_,



me—fime_q + (1 — 1) ge-

v Bavi_q + (1= B2) 9.9

Mp—me/(1— (B1)").

D ve /(1= (B2)").

0,—6,_, — am;/(\JT; + €).
end while

return 6, (the final resulting parameter)

Algorithm 2: Early Stopping algorithm. Each neuron that received as a signal a

batch of X, now receives BN, z(x) instead. Parameters y and B need also to be

tuned.

Initialize j = 0 & = oo and select the patience parameter p.
While j < p do

Update 6 using the training algorithm (e.g., the steps inside the while loop of
Algorithm 5 for h steps).

Calculate the prediction error from the validation sample, denoted as 0.
If &' < & then

j<0

gle¢

0'—6

else

jej+1
end

end



Result: The final parameter estimated is 6.

Algorithm 3: Batch Normalization (for one Activation over one Batch)

Input: Values of x for each activation over a batch B = {x;, x5, x3,..., x5}
N
1
#B‘_NZ Xi
=1

1 ,
. Yo
l=

. Xi—HUp

X —
Jog? +¢

Result: {y;—y%, + B:= BN, pg(x) : i —1,2,...,N}.

4. Empirical Application

4.1. Data and in sample modeling

We obtain monthly excess industry returns from Kenneth French’s Data
Library for thirty value-weighted industry portfolios. The classification of the
industries is based on the Stand Industrial Classification (SIC) system and our data
range from 12/1959-12/2017. Using data from such a wide time span, makes the

training of our algorithms easier and reduces the illiquidity and trading worries.

In Table 1 we perform some descriptive statistics for industry excess returns
such as annualized returns, annualized volatilities, annualized Sharpe ratios,
skewness, kurtosis and the maximum and minimum returns throughout these years.
We observe that the smoke industry has the biggest annualized returns and
corresponding Sharpe ratio with 10.12% and 0.49 respectively. In contrast, steel
industry has the lowest annualized return and Sharpe ratio with 0.59% and 0.02,



respectively. The maximum return is observed for Textiles (59.03%) and the
minimum for smoke (-38.09%). Kurtosis is around 4 and 6 for all industries, except
Textiles (around 12). Since the mean kurtosis is greater than 3 (corresponds to the
normal distribution), the industry portfolios have a leptokurtic distribution and so
greater extremity of deviations (or outliers) than the normal distribution. The
skewness of almost all the returns is negative, but really close to zero, so the tails on

both sides of the distribution of the industry returns balance out.

In Table 2 we report the coefficient estimators after we employed the OLS
post-LASSO procedure. Since we take into consideration the order one lagged
predictors our data set expands from 01/1960-12/2017. We use a bold (italicized)
mark to indicate the statistically significant coefficients at the 10% (5%) level using a
simple t-statistic. We generally observe that LASSO reduces the number of lagged
predictors from a total of 900 to 167. It also selects at least one lagged predictor for
the vast majority of individual industries (29 out of 30). For 22 out of 30 industries
LASSO selects more than one lagged predictor. According to t-statistic, 82 (53) out of
167 selected coefficients are statistically significant at 10% (5%) level. In addition, an
industry’s own lagged return is chosen only for seven industries, and so we can argue

that autocorrelation has a modest impact.

Some easily noticed conclusions from Table 2 is that the financial (Fin)
industry (Banking, Insurance, Real Estate and Trading firms) lagged excess return is a
statistically significant predictor for most of the other industries (for 18 out of 30
industries to be exact). It is also worth-mentioning that the coefficient is always
positive, which mean that when the financial sector performs well in terms of profit,
all the other industries are expected to perform also well. Financial firms give credit
to firms belong in other industries and so the whole economy gains an economic
“boost”. On the other side, when financial firms have negative returns, the whole
economy lacks in financing and as a result excess returns of firms across the entire
economy are expected to fall. The largest in magnitude coefficient estimate for lagged
Fin comes for Textiles (Txtls) sector, and so this is the most severely affected sector

from financial companies.



Ann. Ann. Skewness Kurtosis  Sharpe Min%  Max%

Return% Volatility% Ratio

Food 7.39 14.92 -0.026 5.27 0.49 -18.15 | 19.89
Beer 7.43 17.52 -0.06 5.50 0.42 -20.19 | 25.51
Smoke 10.12 20.87 -0.06 5.48 0.48 -25.32 | 32.38
Games 5.83 24.69 -0.27 5.45 0.23 -33.40 | 34.52
Books 4.46 20.02 -0.025 5.50 0.22 -26.56 | 33.13
Hshlid 5.57 16.37 -0.32 471 0.34 -22.24 | 18.22
(Goods)

Clothes 5.97 22.02 -0.076 5.60 0.27 -31.50 | 31.79
Healh 6.75 16.96 0.007 5.34 0.39 -21.06 | 29.01
Chems 4.92 18.99 -0.12 5.28 0.25 -28.60 | 21.68
Textiles 5.76 24.19 0.50 12.76 0.23 -33.11 | 59.03
Cnstr 4.66 20.64 -0.21 5.37 0.22 -28.74 | 25.02
Steel 0.59 25.16 -0.15 5.22 0.02 -32.99 | 30.30
FabrPr 5.09 21.05 -0.36 5.46 0.24 -31.63 | 22.91
ElcEq 6.50 21.36 -0.18 4.62 0.31 -32.80 | 23.20
Autos 3.08 23.00 0.24 9.12 0.13 -36.49 | 49.56
Carry 6.94 21.66 -0.32 4.44 0.32 -31.10 | 23.39
Mines 3.51 25.72 -0.15 4.73 0.13 -3455 | 35.15
Coal 2.71 35.17 0.18 5.12 0.07 -38.09 | 45.55
Oil 6.16 18.48 0.03 4.27 0.33 -18.97 | 23.70
Util 5.03 13.75 -0.14 4.02 0.36 -12.94 | 18.26
Telecom. | 5.03 15.96 -0.17 4.15 0.31 -16.44 | 21.22
Services 6.20 22.44 -0.15 4.32 0.27 -28.67 | 23.38
BusEq 4.78 23.19 -0.31 4.84 0.20 -32.07 | 24.66
Paper 4.95 17.38 -0.14 5.55 0.28 -27.74 21.00
Trans 5.38 19.78 -0.24 4.25 0.27 -28.50 | 18.50
Wholesale | 5.73 19.28 -0.35 5.20 0.29 -29.25 | 17.53
Retail 6.71 18.42 -0.22 5.21 0.36 -29.74 | 26.49
Meals 6.67 21.01 -0.49 5.51 0.32 -31.89 | 27.38
Finance 5.95 18.62 -0.37 4.66 0.32 -22.53 | 20.59
Other 2.55 20.01 -0.38 4.65 0.13 -28.09 | 19.96

Table 1: Descriptive statistics of individual industries excess returns from 12/1959-12/2017 for the 30
value weighted industry portfolios. The shortcuts for the dependent variable correspond to: Food =
Food Products; Beer = Beer and Liquor; Smoke = Tobacco Products; Games = Recreation; Books =
Printing and Publishing; Hshld = Consumer Goods; Clths = Apparel; HIlth = Healthcare, Medical
Equipment, and Pharmaceutical Products; Chems = Chemicals; Txtls = Textiles; Cnstr = Construction
and Construction Materials; Steel = Steel Works, Etc.; FabPr = Fabricated Products and Machinery;
ElcEq = Electrical Equipment; Autos = Automobiles and Trucks; Carry = Aircraft, Ships, and Railroad
Equipment; Mines = Precious Metals, Non-Metallic, and Industrial Metal Mining; Coal = Coal; Oil =
Petroleum and Natural Gas; Util = Utilities; Telcm = Communication; Servs = Personal and Business
Services; BusEq = Business Equipment; Paper = Business Supplies and Shipping Containers; Trans =
Transportation; Whisl = Wholesale; Rtail = Retail; Meals = Restaurants, Hotels, and Motels; Fin =

Banking, Insurance, Real Estate, and Trading; Other = Everything Else.




Estimated Regression Coefficients

Dependent

Fo

Beer

Smok Game

Book

Hshid

Clths

Hith  Chem

Txtls

Food
Beer
Smoke
Games
Books
Hshld
Clths
Hith
Chems
Txtls
Cnstr
Steel
FabPr
ElcEq
Autos
Carry
Mines
Coal
Qil
util
Telcm
Servs
BusEq
Paper
Trans
Whisl
Rtail
Meals
Fin
Other
R?(%)

0.1

0.1

-0.1

2.2

-0.27
-0.08
-0.1

-0.06

-0.05

2.51

-0.09

0.02

-0.03

-0.09

-0.14

-0.05

-0.06

6.58

0.03

5.05

0.18
0.04

0.08
0.1

0.13

0.09
0.1
0.12

0.14

0.06

6.3

-0.3

-0.08
-0.07

2.95

0.04
0.05

0.05

0.1
0.08

0.08

0.08
0.04

0.04

0.06

0.1

0.07
7.86

0.16

-0.13
-0.08

-0.06

269 0.76

0.07

7.92

Table 2: This table reports the OLS estimated coefficients in terms of magnitude and statistical

significance after we have implied LASSO to our full predictor data set. In sample R? for each industry

is also shown. Dependent corresponds to the dependent variable in each regression or the specific

industry excess return we want to analyze. Regressor expresses the selected variables for the OLS

regression by LASSO. Bold (italicized) represents the significant coefficient at the 10% (5%) level

based on a conventional t-statistic.




Estimated Regression Coefficients

Dependent Cnstr  Steel FabPr EICE Autos Carry Mines Coal Oil Util
Food 0.09
Beer -
Smoke 0.17 -0.02 -0.03 -0.1 0.27
Games -
Books 0.13
Hshld

Clths 0.06 0.17
Hith -0.06 0.11
Chems

Txtls 0.11

Cnstr 0.15
Steel

FabPr

ElcEq

Autos 0.17
Carry

Mines

Coal 0.08 -0.2

Qil 0.17

util -0.18 0.12 0.08 -0.04 0.09
Telcm -0.07 -0.04 -0.04 -0.01 0.16
Servs -0.08 0.12
BusEq 0.18
Paper

Trans

Whlsl 0.07 0.25
Rtail

Meals 0.04 0.12
Fin

Other

R2(%) BodlB 1.3 1.56 0.8 6.13 2.27 - 285 252 7.85

Table 2 (continued) This table reports the OLS estimated coefficients in terms of magnitude and
statistical significance after we have implied LASSO to our full predictor data set. In sample R? for
each industry is also shown. Dependent corresponds to the dependent variable in each regression or the
specific industry excess return we want to analyze. Regressor expresses the selected variables for the
OLS regression by LASSO. Bold (italicized) represents the significant coefficient at the 10% (5%)

level based on a conventional t-statistic.




Estimated Regression Coefficients

Dependent Tlem  Servs BusEq Paper Trans Whlisl Rtail Meals Fin  Other
Food 0.02

Beer

Smoke -0.11  -0.15 -0.19 0.1 0.11
Games 0.1
Books 0.05 0.06 0.18 0.04 0.03 0.08
Hshld 0.05

Clths -0.13 012 0.12 0.07

Hith

Chems

Txtls 0.07 0.19
Cnstr 0.06 - 0.15
Steel - 0.15
FabPr 0.06 0.09
ElcEq 0.1
Autos 0.12 0.18 0.14
Carry 0.16

Mines

Coal 0.19 0.1

Qil

util 0.07 0.03 -0.14 0.13 0.09
Telcm 0.02 0.05 0.1 -0.1 0.16
Servs 0.16
BusEq

Paper 0.3 0.1
Trans 0.12
Whlsl -0.12 0.06 0.03 0.11 0.05
Rtail 0.13

Meals 0.07 0.06 0.05 0.05

Fin 0.13
Other 0.1

R? 518 288 2.73 3.23 129 745 161 7.90 1.7 269

Table 2 (continued) This table reports the OLS estimated coefficients in terms of magnitude and
statistical significance after we have implied LASSO to our full predictor data set. In sample R? for
each industry is also shown. Dependent corresponds to the dependent variable in each regression or the
specific industry excess return we want to analyze. Regressor expresses the selected variables for the
OLS regression by LASSO. Bold (italicized) represents the significant coefficient at the 10% (5%)

level based on a conventional t-statistic.



Another interesting finding is that industries located in the earlier stages of
production process are negatively correlated. For instance, Coal (selected for 16 out of
30 industries) and Oil (selected fir 13 out of 30 industries) lagged returns have
negative coefficients when are chosen for industries such as Txtl, Whisl (Wholesale),
Smoke and Books, which belong to the later stages. This negative in magnitude
correlations arise from the fact that a supply shock will increase returns and profit
margins for companies belonging in the earlier stages such as Coal and QOil following
the supply and demand law. In contrast, this rise will affect badly industries in the
latter stages in terms of profits and returns. Apart from these conclusions, there are
relationships arising from Table 2 that we are not capable of evaluating. For example,

we don’t understand why lagged Beer is connected to future returns of Coal.

In Table 2 we also demonstrate the related R? for the industries which had at
least one significant lagged predictor. The highest R? is around 8% for Txtls, whereas
the lowest is 0.76% for Chemicals. The average R? is around 4%. As we will see in
the next Section, although in sample R? is pretty low, meaning that our model cannot
explain much of the variance of the data (just 4% on average), the performance of our
long short portfolios is pretty good. Furthermore, R? shouldn’t be our milestone, since
bigger R? doesn’t improve the predictive ability of our model. If we had used the
whole predictor set for each industry, we would have got a much higher in sample R?
than with the LASSO subset. But then the model would not be able to predict that

well out of sample.

As we mentioned earlier in the introduction, LASSO tends to overshrink the
coefficients. We found that if we run an OLS regression model with the full set of
covariates, the magnitude of the estimated coefficients would be twice the size of the
LASSO coefficients. This conclusion is presented in Tables Al and A2 of the
Appendix. In Table Al of the Appendix we denote the estimated coefficients for the
OLS model using the full set of predictors. In the same notion as in Table 2, the in-
sample R? and the significant coefficients in the 10% (5%) level under the
conventional t-statistic are shown. In Table A2 of the Appendix we examine the
coefficients estimated by the pure LASSO model, where we can spot the
aforementioned conclusion. When we execute the OLS post-LASSO model though,
we found that the coefficients are only 15% smaller in magnitude than the full OLS

model (after comparing Tables 2 and Al).



As the last part of our in-sample analysis we augmented in our data set four
popular macroeconomic variables in order to check whether LASSO identifies the
same lagged industry returns with and without the extra variables. We use the same
macroeconomic variables as Avramov (2004), which are the S&P 500 dividend yield,
the three-month Treasury bill yield, the difference between yields on a ten-year
Treasury bond and three-month Treasury bill (term spread), and the difference
between yields on BAA- and AAA-rated corporate bonds (credit spread). Using the
OLS post-LASSO model we found that the estimated coefficients and the selected
lagged industry returns are the same. Conclusively, the popular return predictors that
we added, doesn’t interfere with the predictive ability of the lagged industry excess
returns. So, after taking into consideration all of the above in-sample analysis, we can
argue that historically there were patterns in industry rotation that could have been

exploited.

In order to introduce the reader more smoothly to the next Section, which
refers to the out of sample analysis, we would like to describe a bit the elastic net
procedure. LASSO in general deals with multicollinearity and chooses only one
predictor from a potential group of correlated predictors. Elastic net differs by
selecting correlated predictor variables as a group. In the following part of the project,
we prove that the portfolios created under the OLS post-elastic net model derive the
most profit among all other models tested, including OLS-post -LASSO. In Table A3
of the Appendix we present the estimated coefficients for OLS-post Elastic Net model
for complicity reasons using p=0.5 (p=1 corresponds to LASSO). We observe that
more coefficients are selected, whereas the in sample R? is not enhanced in relation to
OLS post-LASSO model. In general, we get similar results both in predictors (elastic
net picks the same predictors and some additional than the LASSO) and in magnitude
of the predictors. So, LASSO seems to be sufficient in order to point out the relevant
lagged predictors and thus is preferred for the in-sample analysis.

4.2. Out of sample analysis

In this section, we evaluate the out of sample predictive ability of our

suggested models. The models tested is the vanilla OLS regression, the pure LASSO



model, the OLS post-LASSO model, the pure elastic net model and the OLS post-

elastic net model.

In order to extract valuable out of sample conclusions we should never look
our testing data set. To accomplish this, we should never decide according to the in-
sample training metrics. We should use cross validation in order to tune the
hyperparameters of the model and select the model with the best performance.
Moreover, we never make a decision based on the test data. We leave test data set
aside and use it only when the final-best performing model is selected. Following this
procedure, we should be able to choose the best model in terms of bias-variance trade
off. The bias-variance curve in Figure 3 illustrates that as we increase the complexity
of our model (degree of non-linearity, number of hyperparameters etc.), the accuracy
also increases. On the downside as we keep increasing complexity, variance also
tends to increase. The number of parameters increases while there is a lack of data,
resulting in overfitting and less robust estimated parameters. So, targeting the
optimum model in terms of model complexity and minimization of the prediction

error is crucial.

In order to attend the economic value of lagged industry returns predictability
we construct a monthly equally weighted long-short industry rotation portfolio. We
used data from 01/1960-12/1969 (for the first 120 months) for the training of our
model. We used the resulting model, in order to forecast the industry returns for
01/1970. We sorted these predictions in ascending order and we picked the top 6
industries (20%). In practice we sorted the industries into 5 quantiles and just go long
for the top quantile, whereas going short for the bottom quantile. After that, we train
for 01/1960-01/1970 and use the selected model to predict the updated industry
returns for 02/1970, and then choose the top quantile portfolio to go long. We keep on
the same spirit, until we reach the end of our data. At the end of the day, we have
constructed an equally weighted portfolio with the highest 20% industries at each time
step for the out of sample period from 01/1970 to 12/2017. By this way we eliminate
look-ahead bias, since the portfolio for each month of this period only uses data
available at the time of forecast and as a result it represents a real time investment

strategy.
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Figure 3: Bias-Variance curve.

In order to examine whether ML techniques help improve the predictability of
the OLS model and so the economic value of the formatted portfolios, we set the OLS
model as our benchmark for comparison reasons. We could also use a prevailing
mean model as our benchmark (Rapach and Straus, 2018; Goyal and Welch, 2008),
which is a really popular one in out of sample predictability literature. In the
prevailing mean model, the monthly portfolios formed are based on the mean of all
the monthly returns from the beginning of the sample till the date of the forecast. This
model corresponds to the assumption of no industry excess return predictability. We
found that the prevailing mean model performs really poorly (negative cumulative
average returns), so we didn’t consider it is as a trustworthy model to use as

benchmark.

4.2.1. Backtesting and walk forward cross validation

In order this methodology to become clear to the reader, we would like to

introduce the concept of walk forward cross validation and backtest simulation. First



of all, backtesting refers to applying a model to historical data to verify how the
model would have worked during the specified time period and is useful if a system
was not profitable in the past. In the field of time series forecasting, typical train-test
splits and k-fold cross validation don’t work because they don’t take into
consideration the temporal components and the serial correlation inherent in the
problem. In order to respect the temporal order of our data, we will use walk forward
cross validation to backtest our models in time series data. In walk forward cross
validation, the model is updated each time new data are received, and so it can mimic
a real time investing procedure. It can also deal with the problem of less and less
accurate predictions as time passes, which is a typical concern in time series
modelling. There are a few constraints we have to set before applying walk forward

cross validation:

1. Set the minimum number of observations for model training. This could be
thought as the width of the sliding window. In our application, the width is ten
year (120 months).

2. Typically, we also have to choose either a sliding or an expanding window. In
our application we use an expanding window. The method is also called as
Rolling Window Analysis or Rolling Forecast due to the window used.

3. We have to choose in advance between the benefit of more robust
estimators/improved performance and the computational cost of creating so

many models (one model at each time step).

Generally, walk forward cross validation is the analogue of k-fold cross validation
in time series. In a more technical level, we follow the next steps to apply this
specialized form of CV:

1. Specify the folds in which we split our training data set (in this project the

number of folds is set to five) without randomizing or re-ordering

2. Use fold 1 to train the model, and evaluate the chosen model using MSE in

fold 2

3. Use folds 1 and 2 to train the model, and evaluate based on MSE in fold 3

4. Use folds 1, 2, and 3 to train the model and evaluate based on MSE in fold 4

5. Use folds 1, 2, 3, and 4 to train the model and evaluate based on MSE in fold 5



6. Awverage the 4 scores. Since we have calculated the average score, we tune our
model by iteratively evaluating different set of values for the hyperparameters.
We select the best performing model based on MSE in cross validation.

7. Finally, the backtest simulation is performed with the most effective model in

each time step.

4.2.2. Metrics of the generated portfolios

Table 3 summarizes the economic measures and some financial indicators for
the constructed industry rotation portfolios based on the aforementioned models. As
we suggested previously, we don’t report metrics for the prevailing mean model since
it underperforms. The vanilia OLS model, which uses the whole data set of candidate
predictors for the forecasts, has an annualized mean return of 2.731%, annualized
volatily of 5.791% and so annualized Sharpe Ratio of 0.501. It also shows a mediocre
annualized maximum drawdown of 16.158%, whereas the MSE across predictions is
43.865. The OLS-post LASSO model, which is the model that Rapach, Strauss 2018
suggest, improves our benchmark with an annualized mean return of 3.603% and
annualized SR=0.674. Furthermore, it reduces the value of annualized maximum
drawdown to 12.748% and the MSE across prediction to 41.483. The pure LASSO
model, which doesn’t re-estimate the significant coefficients identified by LASSO,
outperforms the benchmark but underperforms the OLS post-LASSO. The detailed
results are presented in Table 3. A quick interpretation of these results is that even
without imposing ML techniques, OLS model outperforms the prevailing mean model
and so the lagged industry returns produce more accurate forecasts than the prevailing
mean. Moreover, applying the OLS-post LASSO outperforms both the pure LASSO
and the benchmark OLS model, suggesting that the OLS model suffers from
overfitting. In addition, the predictors selected by the LASSO and the re-estimation of
their coefficients using OLS, produces the most accurate predictions and consequently
the most economically valuable industry rotation portfolio.

As the last additive linear model, we used the Elastic Net regularization which
includes a combination of L1 and L2 regularization. We checked both a pure Elastic
Net and an OLS-post Elastic Net model. We perform cross validation to tune the

hyperparameters A and p of equation 2.7. We tested various set of values for the



hyperparameters and we derived the conclusion that for A=10 and p=0.1, we obtained
better results than the OLS post-LASSO model. In Table A4 of the Appendix, we
present a whole table of the scores for the different set of A and p. We predefined A=1,
3, 10, 30, 100 and p= 0.01, 0.05, 0.1, 0.5, 0.667, 0.75, 0.9, 0.95, 0.99, 1. Through
cross validation for all the possible combinations we found the optimal regularization
parameters for the elastic net model. So, we found that the annualized mean return for
the portfolio formed based on the elastic net model forecasts is 4.354%, the
annualized volatility is 6.491% (a bit higher than the volatility of the OLS post-
LASSO) and the Sharpe Ratio is improved to 0.707%. The annualized maximum
drawdown is pretty much alike at 12.624% and the MSE across prediction is 39.727.
In Table 3, we present also the results for the OLS post-Elastic Net model and we
observe that the forecasts of the pure Elastic Net outperform them.

Table 3: Performance measures for long industry rotation portfolios.

Model Annualized Annualized Annualized Annualized MSE across
mean return (%) | Volatility (%) | Sharpe Ratio (%) | Maximum predictions
Drawdown (%)

OLS 2.731 5.791 0.501 16.158 43.865

OLS post-LASSO | 3.603 5.579 0.674 12.748 41.483
LASSO 2.888 5.849 0.534 21.969 40.005
Elastic Net 4.534 6.409 0.707 12.624 39.727

OLS post-Elastic 3.959 6.284 0.629 13.088 39.684

Net

The table shows some financial metrics for top 20% decile long industry portfolio constructed under
the out of sample predictions of the OLS model, the OLS pos-LASSO model, the pure LASSO model
without re-estimation of the selected slope coefficients, the pure elastic net model and the OLS post-
elastic net model. The benchmark model is the OLS model, and we show in bold the metrics for the
portfolio selected by the best performing model, which is the Elastic Net model. Each long portfolio is
a zero-investment portfolio that picks the top 20% industries in terms of forecasted excess returns. All
the portfolios are equally weighted and the backtesting is done simultaneously with walk forward cross

validation.

As a part of further research, in order to exploit nonlinear relationships, we
added squared returns of individual industries and some interaction terms between the
industries in our Elastic Net model. The results were not better, so we reported only

the results from our initial data set.




The results of Table 3 are visually summarized in Figure 4, which reports the
cumulative return of portfolios sorted on out-of-sample machine learning industry
excess returns forecasts. The lines represent the long (top decile) positions and all the
portfolios are equally weighted. The industry rotation portfolio based on elastic net
gains consistently and reaches a terminal value of around 750% at the end of our
sample size (12/2017).

Moreover, from Figure 4 we can detect the performance of our portfolios
during the NBER (National Bureau of Economic Research) recession dates. For
example, during the Great Recession between 2008 and 2010 the annualized averaged
portfolio returns of the elastic net model continue to rise even with a greater rate than
during expansions of the economy. For this reason, we can argue that the elastic net
model can provide us with a portfolio which can be used as a hedge for the bad times

of the macroeconomy.

Last but not least, the out of sample analysis for the selected NN is depicted in
Figure 5. In our project, the weights are penalized using the penalized |11 and 2
objective function of prediction errors (similar to elastic net). In Table 4 we perform
the results for the cross-validation procedure regarding the number of hidden layers,
the number of hidden units in each layer and the different values for the regularization
penalties. We detected that for higher regularization penalty values the MSE’s group
around 39, meaning we have high-bias models. We also spotted, that in many
occasions we get a lower MSE than in the linear methods, but the respective networks
resulted in also lower Sharpe Ratios. The higher Sharpe Ratios are around 0.55 for
some of the NN1 and NN2 networks. These networks are the closest counterparts of
linear regression. As a result, we could conclude that the relationships underlying the
predictors and the dependent variables are linear. We could choose the NN1 network
with regularization penalty=0.001 or the NN2 network with regularization
penalty=0.001. Since we don’t improve in comparison with at least LASSO, NN
should not be a preferred strategy. The aforementioned conclusion can be shown
graphically in Figure 5. NN2 doesn’t improve in terms of cumulative excess return.
Elastic Net still provides the higher returns.

It is obvious that neural networks need many parameters in order to be

completely specified. It is easy to understand why we preset a specific range of
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architectures we examine. In our opinion, these architectures are representative for the

predictive performance under any architecture.

Figure 4: Cumulative excess returns for the long industry rotation portfolios based on each

one of the proposed models.
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to our benchmark model, while the black line (elastic net model) correspond to the long portfolio
constructed under the best performing model. During the great Recession of 2008-2010, the portfolio

based on elastic net keeps gaining profits.
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Figure 5: Cumulative excess returns for the long industry rotation portfolios based on each

one of the proposed models including the NN2.
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This Figure presents the cumulative excess returns for long industry portfolio that goes long the six
industries with the highest out-of-sample forecasted excess returns. All the predictors used in order to
forecast the returns under each one of the models are standardized. The NN2 model doesn’t improve
the elastic net model. The results of the NN2 are pretty similar with these of the linear regression and
the pure LASSO models.




Table 4: Metrics for the neural networks under different architectures.

Hidden Hidden Regularization Penalty MSE
Layers units Sharpe Ratio Ann. return(%)
1 32 0.00001 0.533 0.459 60.78
1 32 0.001 0.558 0.494 65.23
1 32 0.1 0.509 0.412 70.94
1 32 1 0.533 0.446 51.5
1 32 3 0.311 0.276 44.73
1 32 10 0.259 0.234 39.98
2 32,16 0.00001 0.420 0.387 63.28
2 32,16 0.001 0.513 0.438 55.24
2 32,16 0.1 0.139 0.112 62.25
2 32,16 1 0.305 0.263 68.9
2 32,16 3 -0.296 -0.217 39.54
2 32,16 10 -0.245 -0.18 39.54
3 32,16, 8 0.00001 0.293 0.245 55.98
3 32,16, 8 0.001 0.062 0.802 50.5
3 32,16, 8 0.1 0.297 0.829 60.7
3 32,16, 8 1 0.160 0.127 41.36
3 32,16, 8 3 -0.303 -0.209 39.55
3 32,16, 8 10 -0.182 -0.131 39.55

5. Conclusion

In this project we used context from the return predictability literature
combined with the machine learning framework. The goal is to prove the existence of
links between the industry returns and their lagged values. We worked on a widely
used and public dataset of excess industry returns provided by Kenneth French’s Data
Library.




Firstly, in Section 2 we present a general predictive regression model, which
regresses simultaneously each one of the thirty industry returns with the thirty lagged
returns counterparts. The results are pretty interesting, since we have proven that the
long industry rotation portfolio based on the forecasts of the multidimensional linear
regression outperforms in terms of annualized returns and Sharpe Ratio the typical

and widely used prevailing mean portfolio.

In terms of in sample analysis we show in Section 4.1 that a simple linear
regression can provide us with better in sample R? since it uses more predictors. On
the other hand, it lucks predictive effectiveness since we overfit the data. We tried to
expand these results by using the LASSO and elastic net penalization methods.
LASSO and elastic net based-estimators correspond to lower in sample R?, but to a
better out of sample performance. In order to further enhance our results, we used
OLS to estimate the coefficients derived from the LASSO and elastic net. By this
way, we succeed in defending against the downside biases in magnitude existing in
the pure LASSO coefficient estimators. Moreover, we faced the problem of multiple
testing for the in-sample analysis. We picked the most significant predictors using the

Bonferroni and Hochberg (2020) methodology.

For the out of sample analysis, in Section 4.2 we created a zero-investment
long industry rotation portfolio, which invests in the top 20% industries depending on
their excess returns. We did that by employing the walk-forward validation approach,
which is the counterpart of conventional cross-validation for time series data. So, we
have chosen the optimal hyperparameters by walk forward validation, and then
performed backtesting through sklearn python packages. The portfolios constructed
based on the forecasts of the two machine learning methods provide better results than
the typical linear regression using OLS as the objective function. The reason behind
this improvement is the dimensionality reduction that these methods are created to
achieve. The elastic net-based portfolio delivers the highest annualized excess return
of 4,354%, the highest Sharpe Ratio of 0,707, the lowest MSE across predictions and

the lowest annualized maximum drawdown of 12,624%.

The last part of the project includes the most powerful machine learning
method in the recent literature, the artificial neural networks. We so created a long
industry rotation portfolio based on the forecasts of many differently structured neural



networks. We observe that the results for the best-performing network, which
contained two hidden layers with 32 and 16 neurons respectively, was not better than
these derived by the elastic net. Although we gained better MSE results and so
seemingly better predictions, we weren’t able to generate high enough Sharpe Ratios.
Since neural networks are a lot more sophisticated, computationally expensive and
complicated regarding their parametrization we determined that they shouldn’t be the

selected technique.

Complex machine learning methods require high frequency data apart from
the correct tuning and general structuring. The bad results maybe link to the fact that
non-linear relationships between lagged returns and the dependent variable, or non-
linear interactions among the predictors are non-existent. It is also quite possible that
we either didn’t manage to tune our network optimally, or our training data set is not
representative of the out of sample data or it is overly correlated with the validation
set. An ensemble methodology of many networks with identical architecture could

have proven valuable

There are huge margins for improvement and further research. A good idea
would be to use cross entropy as our objective function, which is more directly
connected with performance. Another alternative would be to maximize directly
excess returns or Sharpe Ratio, and not a proxy such as MSE. Moreover, picking the
top 20% industries is not convex everywhere. So, another strategy for portfolio
construction maybe could generate even better results.
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Appendix

Regressors
Dependent Food Beer Smok Game Book Hshld Clths Hith  Chem  Txtls
Food 0.004 -0.09 002 002 0.04 0.00 0.02 0.06 -0.07 0.01
Beer 0.2 -0.11 -0.00 -0.07 0.08 0.05 0.09 -0.02 0.05 -0.06
Smoke -0.00 -0.01 001 -0.05 0.03 -0.07 0.06 0.04 0.07 0.05
Games -0.1 001 -003 -004 026 -0.01 0.12 -0.03 0.03 0.01
Books -0.1 -0.02 0.04 004 0.1 -0.02 0.01 -0.04 0.08 -0.01
Hshld 0.00 001 -001 -002 009 -0.05 0.11 0.01 0.01 -0.01
Clths -0.07 -.05 -0.01 -0.09 0.08 -0.14 0.07 0.08 0.17 0.01
Hith -0.04 0.02 000 -001 018 -0.03 0.07 -0.08 0.08 -0.06
Chems -0.04 004 -001 -012 011 -0.12 0.09 -0.01 01 -0.03
Txtls -0.16 0.04 002 -005 -0.00 -0.16 0.12 0.02 0.15 -0.07
Cnstr -0.00 -0.05 -0.02 -0.14 -0.08 -0.11 0.05 -0.01 0.15 -0.02
Steel -0.01 001 -006 -011 004 -0.17 -0.04 -0.06 0.09 -0.04
FabPr -0.03 -0.01 -005 -0.13 013 -0.13 0.01 -0.06 0.14 -0.06
ElcEq 0.03 001 -005 -0.07 008 -0.14 -0.00 -0.01 0.14 -0.06
Autos -0.06 004 -002 -015 013 -0.28 0.03 -0.08 0.16 0.01
Carry -0.02 -0.03 0.00 -0.06 0.1 -0.08 0.02 -0.1 0.00 -0.01
Mines -0.13 -0.03 0.07 -014 0.07 -0.12 -0.04 -0.04 -0.04 -0.08
Coal 0.09 -0.25 -0.1 000 019 -0.14 -0.01 -0.04 0.07 0.00
Oil 0.00 -0.06 -0.02 -0.07 0.04 -0.14 -0.03 -0.1 0.05 0.01
Util 0.1 -0.1 0.02 -0.04 0.01 -0.09 -0.01 -0.08 -0.08 -0.02
Telcm 0.06 -0.06 -0.03 0.01 0.1 -0.07 -0.04 -0.04 0.02 -0.00
Servs -0.07 005 -009 -0.07 015 0.01 0.01 -0.01 0.09 -0.02
BusEq -0.03 0.07 -0.15 -0.11 024 -0.04 -0.01 0.04 013 -0.04
Paper 0.04 -0.01 0.00 -0.09 011 0.01 0.07 -0.03 0.07 0.02
Trans 0.08 -0.08 -0.03 -0.1 0.15 -0.08 0.02 -0.1 0.05 -0.01
Whisl -0.1 -0.04 -0.04 -008 018 -0.02 -0.02 -0.06 0.11 -0.00
Rtail 0.00 -0.02 -0.00 -0.06 0.06 -0.06 0.01 0.05 0.14 -0.05
Meals 0.05 -0.04 -0.04 -0.02 012 -0.04 0.1 -0.09 0.08 -0.05
Fin -0.00 -0.05 -0.02 -0.07 0.13 -0.08 0.09 -0.03 0.01 -0.01
Other -0.04 -0.00 -0.06 -0.05 0.07 -0.06 0.11 -0.02 0.08 -0.01
R2(%) 5.12 5.01 7.53 7.57 8.30 4.97 9.25 4.56 5.64 11.64

Table Al: This table reports the OLS estimated coefficients in terms of magnitude and statistical
significance using the full predictor data set. In sample R? for each industry is also shown. Dependent
corresponds to the dependent variable in each regression or the specific industry excess return we want

to analyze. Bold (italicized) represents the significant coefficient at the 10% (5%) level based on a

conventional t-statistic.




Regressors

Dependent Cnstr Steel FabP EIcEq Autos Carry Mines Coal oil util
Food -0.09  0.00 0.16 -0.09 0.01 0.04 -0.02 -0.04 -0.08 0.15
Beer -0.09  0.00 0.04 -0.08 0.02 0.06 -0.01 -0.05 -0.07 0.04
Smoke 0.03 0.02 0.01 -0.08 -0.00 0.16 -0.04 -0.04 -0.13 0.28
Games -0.02 -0.13 0.25 -0.06 0.01 -0.03 0.03 -0.06 -0.16 0.15
Books -0.12 -0.12 0.11 -0.12 0.01 0.03 0.05 -0.03 -0.19 0.18
Hshid -0.08 -0.05 0.06 -0.04 0.01 0.02 -0.01 -0.03 -0.03 0.07
Clths 0.09 -0.14  0.08 -0.27 0.01 0.06 0.02 -0.06 -0.18 0.21
Hith -0.07 -0.05 0.03 0.01 -0.04  0.02 -0.04 -0.04 -0.06 0.17
Chems 0.02 -0.08 0.17 -0.11 0.04 0.08 0.04 -0.04 -0.17 0.15
Txtls 0.01 -0.08 0.24 -0.24 0.11 -0.05 0.05 -0.09 -0.26 0.19
Cnstr -0.06 -0.13 0.13 -0.12 0.01 0.08 0.05 -0.06 -0.2 0.21
Steel -0.14  0.08 -0.04  0.02 0.02 0.06 -0.01 -0.15 -0.15 0.19
FabPr -0.03 -0.12 0.14 -0.07 -0.02  0.02 0.05 -0.02 -0.17 0.16
ElcEq -0.05 -0.06 0.23 -0.15 0.02 0.01 0.02 -0.04 -0.23 0.24
Autos -0.01 -0.1 0.18 -0.14 -0.06 -0.01 0.04 -0.04 -0.2 0.21
Carry -0.07 -0.08 0.21 -0.1 0.03 0.05 -0.00 -0.06 -0.13 0.18
Mines 0.11 -0.12 021 -0.06 0.1 0.14 -0.01 -0.06 -0.04 0.27
Coal -0.15 -0.01 -0.05 0.07 004 01 0.04 0.1 -0.25 0.11
Qil -0.03 -0.04 0.07 0.1 0.01 0.15 0.02 -0.03 -0.08 0.05
util -0.19  0.00 0.15 -0.01 0.01 0.07 -0,04 0,00 -0.08 0.09
Telcm -0.09 -0.01 0.12 -0.04 -0.05 -.03 -0.01 -0.03 -0.11 0.18
Servs -0.12 -0.12 0.17 -0.05 -0.05 0.01 0.01 0.00 -0.17 0.16
BusEq -0.16  -0.09 0.09 -0.05 -0.05 -0.04 0.02 0.00 -0.14 0.23
Paper -0.03 -0.05 0.12 -0.18 -0.03  0.08 0.01 -0.04 -0.14 0.08
Trans -0.07 -0.13 0.25 -0.15 -0.03  0.03 0.04 -0.02 -0.19 0.2
Whisl -0.00 -0.02 0.05 -0.09 -0.01  0.08 0.01 -0.04 -0.19 0.25
Rtail 0.03 -0.15 0.12 -0.16 0.05 -0.07 -0.01 -0.02 -0.14 0.11
Meals 0.03 -0.15  0.07 -0.04 -0.02  0.06 0.02 -0.07 -0.19 0.14
Fin -0.06 -0.09 0.16 -0.04 -0.02 0,02 -0.01 -0.03 -0.14 0.18
Other 0.01 -0.07 0.12 -0.09 -0.03  0.05 -0.00 -0.03 -0.15 0.17
R2(%) 846  4.11 541 5.67 8.71 6.23 5.63 4.28 5.16 8.38

Table Al (continued): This table reports the OLS estimated coefficients in terms of magnitude and
statistical significance using the full predictor data set. In sample R? for each industry is also shown.
Dependent corresponds to the dependent variable in each regression or the specific industry excess
return we want to analyze. Bold (italicized) represents the significant coefficient at the 10% (5%) level

based on a conventional t-statistic.




Regressors

Dependent Tlem  Servs BusE Paper Trans Whlsl Rtail Meals Fin Other
Food -0.08 -0.02 -0.01 -0.04 0.03 -0.03  0.06 0.02 0.05 0.02
Beer 0.00 0.03 0.03 -0.09 0.03 -0.01 -0.09 0.07 0.08 0.01
Smoke -0.11  -0.2 011  -0.22 0.1 0.01 -0.11  0.02 0.12 0.03
Games -0.01  0.13 0.01 -0.07 0.07 -0.12 -0.15 -0.01 0.2 -0.04
Books -0.03  0.08 0.1 -0.04 0.03 -0.08  0.07 0.02 0.15 0.00
Hshid -0.03  0.04 -0.03 -0.06 0.05 -0.11  0.04 0.02 0.09 0.01
Clths -0.14 0.14 0.13  -0.02 0.02 -0.07  0.09 0.05 0.09 0.01
Hith -0.04 0.06 -0.00 -0.06 0.04 -0.01 -0.02 0.00 0.01 0.01
Chems -0.03  0.04 0.05 -0.12 0.04 -0.18  0.05 0.04 0.05 -0.01
Txtls -0.01  0.05 0.06 -0.01 0.07 -0.17  0.16 0.02 0.24 0.04
Cnstr 0.00 0.09 0.07  -0.05 0.09 -0.11  0.03 0.03 0.22 -0.01
Steel 0.01 0.16 0.17 0.06 -0.08 -0.08 0.01 0.03 0.3 0.5
FabPr -0.06  0.04 0.12 -0.03 0.1 0.01 0.03 -0.01  0.19 -0.02
ElcEq -0.11  0.07 0.1 -0.12 -0.01 -0.06 0.04 0.08 0.21 -0.04
Autos -0.04 0.07 0.17  -0.02 -0.01 -0.14 0.16 0.11 0.18 0.02
Carry -0.01  0.08 0.08 -0.06 0.15 -0.00 -0.07 0.00 0.12 -0.01
Mines -0.19 01 0.1 0.09 -0.01 -0.2 0.07 0.16 -0.05 -0.04
Coal 0.00 0.2 -0.15 0.34 -0.16 -0.18 0.17 -0.02 -0.04 0.01
Oil -0.07 -0.04 002 -0.06 0.03 -0.09 0.05 -0.02 0.12 0.08
util 0.06 0.01 0.03  0.06 0.01 -0.15 0.03 0.03 0.12 0.1
Telcm -0.06 0,04 0.04 -0.03 -0.01 -0.02 0.12 -0.11 018 -0.01
Servs -0.07  0.02 0.06 -0.09 -0.04 0.04 0.03 0.01 0.21 0.03
BusEq -0.04 0.03 0.08  -0.05 -0.06  0.15 0.06 -0.07  0.18 -0.00
Paper -0.04 0.08 0.07 -0.14 0.08 -0.14  0.03 0.01 0.16 -0.06
Trans -0.08 0.1 0.04 -0.06 0.07 -0.16  0.04 0.03 0.18 0.1
Whlsl -0.12  0.07 0.07 -0.08 -0.00 -0.03 0.01 0.05 0.13 0.07
Rtail -0.07  0.07 0.1 -0.08 -0.04 -0.04 0.08 0.07 0.09 0.09
Meals -0.02  0.07 0.1 -0.12 0.02 -0.01 -0.04 0.09 0.1 0.01
Fin -0.05 0.07 0.06 0.01 0.01 -0.17 -0.04 -0.04 0.17 0.12
Other -0.12  0.13 0.03 0.01 0.06 -0.08 -0.06 -0.05 0.2 -0.02
R2(%) 582  4.26 6.07 7.02 7.48 8.27 6.97 8.87 6.61 6.26

Table Al (continued): This table reports the OLS estimated coefficients in terms of magnitude and
statistical significance using the full predictor data set. In sample R? for each industry is also shown.
Dependent corresponds to the dependent variable in each regression or the specific industry excess
return we want to analyze. Bold (italicized) represents the significant coefficient at the 10% (5%) level

based on a conventional t-statistic.




Regressors

Dependent

Food

Beer

Smok Game

Book

Hshid

Clths

Hith

Chemm  Txtls

Food
Beer
Smoke
Games
Books
Hshld
Clths
Hith
Chems
Txtls
Cnstr
Steel
FabPr
ElcEq
Autos
Carry
Mines
Coal
Qil
util
Telcm
Servs
BusEq
Paper
Trans
Whisl
Rtail
Meals
Fin
Other
R?(%)

0.09

0.03

-0.06

1.18

-0.18
-0.01
-0.08
-0.05

-0.02

21

-0.05

-0.02
-0.03
-0.05

-0.04

-0.02

5.46

0.02

45

0.15
0.02

0.03
0.05

0.11

0.05
0.05
0.07

0.12

0.05

5.56

-0.11

-0.03
-0.04

2.22

0.01
0.03

0.03

0.06
0.08

0.02

0.07
0.02

0.01

0.04

0.09

0.05
6.35

-0.04
-0.05

-0.02

2.02

0.03

0.03

0.42 7.31

Table A2: This table reports the

pure LASSO estimated coefficients in terms of magnitude and

statistical significance. In sample R? for each industry is also shown. Dependent corresponds to the

dependent variable in each regression or the specific industry excess return we want to analyze.

Regressor expresses the selected variables by LASSO. Bold (italicized) represents the significant

coefficient at the 10% (5%) level based on a conventional t-statistic.




Regressors

Dependent Cnstr Steel FabP EICE  Autos Carry Mine Coal Oil util
Food -0.02 0.03
Beer -0.03

Smoke 0.12 -0.02 -0.02 -0.07 0.21
Games -0.02

Books -0.02 -0.09 0.05
Hshld -0.02

Clths -0.02 -0.11 0.02 -0.04 -0.07 0.07
Hith -0.03 -0.03 0.06
Chems

Txtls 0.08 -0.05 -0.08
Cnstr -0.04 -0.05 0.07
Steel

FabPr

ElcEq

Autos

Carry

Mines

Coal

Qil 0.05

util -0.11 0.05 -0.03 -0.04 0.06 0.08 0.01
Telcm -0.03 -0.02 -0.02 -0.01 -0.02 -0.07 0.12
Servs -0.02 -0.05 0.03
BusEq 0.08
Paper -0.02 -0.05
Trans

Whlsl 0.05 -0.03 -0.11 0.17
Rtail

Meals -0.06 0.01 -0.05 -0.11 0.06
Fin

Other

R2(%) 4.37 1.12 1.21 0.38 4.77 1.37 - 2.47 1.2 6.75

Table A2 (continued): This table reports the pure LASSO estimated coefficients in terms of
magnitude and statistical significance. In sample R? for each industry is also shown. Dependent
corresponds to the dependent variable in each regression or the specific industry excess return we want
to analyze. Regressor expresses the selected variables by LASSO. Bold (italicized) represents the

significant coefficient at the 10% (5%) level based on a conventional t-statistic.




Regressors

Dependent Tlem  Servs BusEq Paper Trans Whisl Rtail Meals Fin Other
Food 0.01

Beer

Smoke -0.05 -0.1 -0.05 0.04 0.02

Games 0.06

Books 0.04 0.04 0.05 0.06

Hshid 0.02

Clths -0.03  0.07 0.05 0.07 0.04

Hith

Chems

Txtls 0.08 0.11

Cnstr 0.03 0.01 0.12

Steel 0.1

FabPr 0.02 0.06

ElcEq 0.03

Autos 0.05 0.15 0.06

Carry 0.06

Mines

Coal 0.11 0.05

Qil

util -0.06 0.08 0.07
Telcm 0.01 0.03 0.06 -0.08 0.12

Servs 0.08

BusEq 0.03 0.04

Paper 0.03 0.04

Trans 0.03

Whisl -0.05 0.03 0.01 0.06 0.04
Rtail 0.06

Meals 0.06 0.03 0.05 0.03

Fin 0.06

Other 0.07

R2(%) 4.7 1.89 1.9 2.52 0.62 6.81 1.21 7.29 1.04 2.4

Table A2 (continued): This table reports the pure LASSO estimated coefficients in terms of
magnitude and statistical significance. In sample R? for each industry is also shown. Dependent
corresponds to the dependent variable in each regression or the specific industry excess return we want
to analyze. Regressor expresses the selected variables by LASSO. Bold (italicized) represents the

significant coefficient at the 10% (5%) level based on a conventional t-statistic.




Regressors

Dependent Foo Beer Smok Games Book Hshld Clths HIith  Chem Txtls
Food 0.01 0.07 0.03 0.00
Beer 0.1 0.04

Smoke 0.05
Games -0.07 0.15 0.03

Books 0.03 0.04 0.02

Hshid 0.04 0.09

Clths 0.05 0.08 0.02
Hith 0.09 0.03

Chems -0.11 0.12

Txtls -0.15 0.06 0.11
Cnstr -0.14 0.05

Steel -0.09 -0.11

FabPr -0.06 -0.14 0.07

ElcEq -0.07

Autos -0.03 -0.14 0.07 -0.3 0.04

Carry -0.08 0.03 -0.14

Mines -0.16 -0.09
Coal -0.27  -0.08 0.16

Qil -0.05 -0.02 -0.12 -0.09 0.02
util -0.1

Telcm -0.08 0.06

Servs -0.09 0.07

BusEq -0.14 -0.1 0.21 0.03 -0.04
Paper 0.05 0.05

Trans -0.01 0.08 0.02 -0.01

Whisl -0.08 0.1

Rtail

Meals -0.06 0.05 0.09

Fin 0.03 0.02

Other -0.07 0.06

R2(%) 261 270 5.79 5.68 6.59 3.76 7.18 2.94 2.79 9.96

Table A3: This table reports the OLS post-elastic net estimated coefficients in terms of magnitude and
statistical significance after we have implied elastic net penalization to our full predictor data set. In
sample R? for each industry is also shown. Dependent corresponds to the dependent variable in each
regression or the specific industry excess return we want to analyze. Regressor expresses the selected
variables for the OLS regression by elastic net. Bold (italicized) represents the significant coefficient at

the 10% (5%) level based on a conventional t-statistic.




Regressors

Dependent Cnstr  Steel FabP EIcEq Autos Carry Mine Coal oil util
Food 0.02 -0.04 -0.05 0.08
Beer 0.03 -0.03  -0.05

Smoke 0.14 -0.03 -0.03 -0.11 0.28
Games 0.06 -0.06 -0.1

Books -0.07 -0.03 -0.14 0.12
Hshid -0.07 -0.02 -0.03

Clths -0.07 -0.25 0.07 -0.04 -0.11 0.11
Hith -0.05 -0.04  -0.03 0.1
Chems 0.06 0.07 -0.03 -0.09

Txtls 0.15 -0.25 0.08 -0.08 -0.19

Cnstr 0.04 -0.05 -0.15 0.14
Steel -0.05 -0.08 0.13
FabPr -0.01 -0.08

ElcEq -0.15 -0.02 -0.15 0.18
Autos -0.04 -0.13 0.15
Carry 0.04 -0.05 -0.1 0.17
Mines -0.11 0.16 0.13 0.08 -0.06 0.18
Coal 0.02 0.09 -0.19

Qil 0.08 0.02 0.14 -0.03

util -0.12 0.07 -0.05

Telcm -0.02 -0.02 -0.1 0.14
Servs 0.11 -0.11 0.13
BusEq -0.06 -0.06 -0.06 -0.09
Paper -0.18 -0.03 -0.09

Trans -0.07 -0.11 -0.01 -0.12 0.17
Whisl 0.05 -0.03 -0.14 0.18
Rtail -0.11 -0.14 -0.07

Meals -0.12 0.04 -0.05 -0.14 0.11
Fin -0.03 -0.03 -0.1 0.11
Other -0.02 -0.08

R2(%) 6.07 2.87 3.28 3.65 6.96 5.04  4.09 3.51 3.54 4.62

Table A3 (continued): This table reports the OLS post-elastic net estimated coefficients in terms of
magnitude and statistical significance after we have implied elastic net penalization to our full predictor
data set. In sample R? for each industry is also shown. Dependent corresponds to the dependent
variable in each regression or the specific industry excess return we want to analyze. Regressor
expresses the selected variables for the OLS regression by elastic net. Bold (italicized) represents the

significant coefficient at the 10% (5%) level based on a conventional t-statistic.




Regressors

Dependent Tlem  Servs BuseE Paper Trans Whlsl Rtail Meals Fin Other
Food 0.01

Beer 0.01

Smoke -0.1 -0.14 0.07

Games 0.02 0.13
Books 0.04 0.1 0.01 0.09
Hshid 0.02 0.06
Clths 0.09 0.11 0.05 -0.00 0.07
Hith

Chems

Txtls 0.05 0.14 0.25
Cnstr 0.08 0.07 0.17
Steel 0.11 0.25
FabPr 0.07 0.08 0.16
ElcEq 0.04 0.09 0.04 0.15
Autos 0.02 0.13 0.14 0.1 0.14
Carry 0.04 0.06 0.11 0.08
Mines -0.18 0.11 0.1

Coal 0.18 -0.16  0.26 -0.02 011

Qil

util 0.12 0.09
Telcm 0.04 -0.1 0.13
Servs 0.02 0.05 0.13
BusEq 0.02 0.07 0.12
Paper 0.05 0.06 0.03 0.11
Trans 0.08 0.08 0.13 0.06
Whisl 0.03 0.04 0.04
Rtail 0.04 0.1 0.03 0.11 0.05
Meals 0.07 0.06 0.05 0.05

Fin 0.03 0.09 0.04
Other 0.03 0.35 0.15
R2(%) 4.06 312 484 461 5.12 6.21 5.28 7.9 3.69 4.08

Table A3 (continued): This table reports the OLS post-elastic net estimated coefficients in terms of
magnitude and statistical significance after we have implied elastic net penalization to our full predictor
data set. In sample R? for each industry is also shown. Dependent corresponds to the dependent
variable in each regression or the specific industry excess return we want to analyze. Regressor
expresses the selected variables for the OLS regression by elastic net. Bold (italicized) represents the

significant coefficient at the 10% (5%) level based on a conventional t-statistic.




Table A4: Table with all the possible combination of the hyperparameters for the Elastic Net model

and their corresponding metrics

» P MSE SIE IS Direction score Kendalltau
1 0.01 42.58601 0.505243 0.465127 0.027792
1 0.05 42.38339 0.506767 0.465838 0.028903
1 0.1 42.14816 0.550575 0.465601 0.030578
1 0.5 40.82391 0.542905 0.462285 0.03324
1 0.667 40.50835 0.552524 0.465305 0.034857
1 0.75 40.38608 0.606174 0.465068 0.035413
1 0.9 40.20863 0.591598 0.46566 0.035159
1 0.95 40.15928 0.632497 0.465956 0.035314
1 0.99 40.12296 0.642982 0.466134 0.035796
1 1 40.11451 0.630688 0.465601 0.035935
3 0.01 41.45134 0.54078 0.465838 0.033877
3 0.05 41.11621 0.522352 0.46566 0.034188
3 0.1 40.76593 0.513852 0.461634 0.03605
3 0.5 30.76472 0.637196 0.464298 0.036873
3 0.667 39.69188 0.573119 0.462049 0.03345
3 0.75 39.68147 0.538382 0.464298 0.030729
3 0.9 39.67261 0.478649 0.463943 0.028948
3 0.95 39.66916 0.479178 0.463766 0.027338
3 0.99 39.66604 0.470328 0.462285 0.02603
3 1 39.66514 0.462993 0.462522 0.025695
10 0.01 40.26402 0.581564 0.464476 0.039113
10 0.05 39.91919 0.612711 0.465601 0.041578
10 0.1 39.7274 0.707494 0.465838 0.042053
10 0.5 39.69809 0.320724 0.464417 0.021209
10 0.667 39.76187 0.158754 0.467318 0.012014
10 0.75 39.79056 0.050685 0.465897 0.006852
10 0.9 39.82381 -0.07793 0.461989 0.000443
10 0.95 39.83124 -0.11157 0.461042 -0.00087
10 0.99 39.83479 -0.143 0.461516 -0.00136
10 1 39.83533 -0.13779 0.461338 -0.00141
30 0.01 39.66438 0.661428 0.468147 0.042167
30 0.05 39.59691 0.573101 0.465956 0.034799
30 0.1 39.63898 0.496526 0.462285 0.028242
30 0.5 39.84481 -0.17682 0.458141 -0.00306
30 0.667 39.84481 -0.17682 0.458141 -0.00306




30 0.75 39.84481 -0.17682 0.458141 -0.00306
30 0.9 39.84481 -0.17682 0.458141 -0.00306
30 0.95 39.84481 -0.17682 0.458141 -0.00306
30 0.99 39.84481 -0.17682 0.458141 -0.00306
30 1 39.84481 -0.17682 0.458141 -0.00306
100 0.01 39.565 0.526888 0.466844 0.0334

100 0.05 39.73922 0.255819 0.467614 0.015162
100 0.1 39.84009 -0.16248 0.458911 -0.00193
100 0.5 39.84481 -0.17682 0.458141 -0.00306
100 0.667 39.84481 -0.17682 0.458141 -0.00306
100 0.75 39.84481 -0.17682 0.458141 -0.00306
100 0.9 39.84481 -0.17682 0.458141 -0.00306
100 0.95 39.84481 -0.17682 0.458141 -0.00306
100 0.99 39.84481 -0.17682 0.458141 -0.00306
100 1 39.84481 -0.17682 0.458141 -0.00306

In this Table we perform cross validation for the preselected values of A and p in order to attain the
optimal values of the elastic net tuning parameters. For 2=10 and p=0.1 we get the maximum Sharpe
Ratio=0.707 and a relatively small MSE= 39.727. Kendall’s Tau is a measure of rank correlation. If it
is 1, we always predict the ranking correctly. If it is -1, always wrong. If it is O predictive ranking gives
no information.




