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1. Introduction

The literature on stock return predictability and empirical asset pricing has identified hundreds of character-
istics that appear to predict stock returns (Jacobs, 2015; Harvey et al., 2016; Green et al., 2017). Historically,
most studies in the finance literature have relied on linear econometric techniques, sorts on firm characteristics, or
rankings based on ad-hoc combinations of fundamental variables. These methods are not well-suited to deal with
the high dimensionality of modern financial applications, or potential nonlinearities. Although machine learning
(henceforth, ML) methods have long been used in financial applications, most such studies have been published in
the operations research and machine learning literature. Recently, there has been a renewed interest in the topic
within the finance community, including both academics and practitioners.

Several studies using U.S. data make it clear that ML methods and techniques can be extremely useful to
understand the drivers of stocks returns (Gu et al., 2018a; Kelly et al., 2019; Kozak et al., 2019) and to develop
profitable, sophisticated statistical arbitrage strategies (Krauss et al., 2017; Fischer and Krauss, 2018; Huck, 2019).
However, fewer studies have examined the use of ML to predict stock returns in emerging markets, and the existing
studies often have limitations regarding the number and type of predictors used, and the ML methods tested.
Emerging markets tend to be extremely volatile (Bekaert and Harvey, 1997; Bekaert et al., 1998; Hwang and
Satchell, 1999a), and therefore it is not reasonable to assume that the results obtained in the U.S. market apply
directly to emerging markets. Moreover, the abundance of ML methods creates a dilemma for portfolio managers
seeking to leverage these technologies: which method(s) should be used? Should forecasts or portfolios obtained
using different ML methods be combined, and if so, how?

Given this context, the present paper has two main objectives. The first one is to investigate the use of different
ML methods to predict stock returns and create portfolios in an emerging market, namely the Brazilian equities
market. We use a comprehensive dataset of technical and fundamental predictors, provided by a local asset manager,
that is comparable to those used in studies with U.S. data. The second objective is to develop an approach to
combine multiple long-short portfolios based on ML forecasts, without itself relying on predictions of which ML
method will perform better in the future. To this end, we propose an equal risk contribution (ERC) approach to
construct an ensemble portfolio that seeks to balance the risk contributions of different long and short portfolios
obtained via ML.

Our dataset includes 62 technical and fundamental indicators. When dummy variables are included to represent
different equity sectors, the total number of predictors is 86. We train over thirteen ML methods including simple

linear regression, linear regression models with regularization via lasso and ridge, linear models with dimension



reduction via principal components regression and partial least squares, linear models using Bayesian variable se-
lection, random forests, gradient boosting, and neural networks with different numbers of hidden layers. Models
are trained using an expanding training window approach; hyperparameters are selected via a separate validation
window, and optimal models are used to recursively predict stock returns out of sample. Our results suggest that
portfolios of stocks in the top quintile of predicted returns using different ML methods significantly outperform
market benchmarks, with the best results being obtained with neural networks with three or four hidden layers.
However, all ML portfolios suffer from large maximum drawdowns and high turnover. Additionally, portfolios
of stocks in the lowest quintile of predicted returns have high volatility and earn low, but positive returns, mak-
ing traditional long-short strategies unattractive. The ERC ensemble of ML portfolios we propose dynamically
adjusts allocations to the long and short ML portfolios, mitigating the large differences in risk between them. It
outperforms, on a risk-adjusted basis, all individual ML methods, as well as equally-weighted ensembles of these
methods, while having a maximum drawdown that is a fraction of theirs. The results remain economically signifi-
cant after accounting for transaction costs.

The rest of this paper is organized as follows. Section 2 is a short literature review on stock return prediction
and the recent use of ML in financial applications. Section 3 presents the data set used in the study. Section 4
explains the methodology used to train the various models used to forecast returns. Section 5 presents the empirical

results. Our conclusions are presented in section 6.

2. Literature review

There have been many studies on stock return predictability in the finance and accounting literature, using
a variety of methods and different sets of predictors. Historically, these studies have focused on linear models
(e.g. Haugen and Baker, 1996; Campbell and Thompson, 2007; Lewellen, 2014; Green et al., 2017), procedures
to sort stocks into portfolios based on firms’ characteristics (e.g. studies following the approach introduced by
Fama and French, 1993), or the creation of ad hoc measures combining different fundamental variables (Piotroski,
2000; Mohanram, 2005). The focus in this literature is often the identification and testing of whether one or more
variables represent priced risk factors about which investors care. Although there is no consensus on the exact set of
priced factors, firm characteristics that are useful to predict future returns in a way that cannot be explained by risk

loadings in widely accepted risk factors are often termed “anomalies”. There are now hundreds of such anomalies,



see for example Jacobs (2015), Harvey et al. (2016), and Green et al. (2017).!

The approaches developed in the finance and accounting literature are not well-suited to deal with the large and
increasing number of predictors, vast amounts of data, or the potential for non-linear dynamics between returns and
the predictors. ML methods, which have been developed precisely to deal with these issues, have long been used in
financial applications. Given financial economists’ preference for linear econometric methods, however, much of
this literature is published in operational research and machine learning journals, as highlighted by Huck (2019).
For example, Atsalakis and Valavanis (2009) provide a survey of over 100 articles focusing on the use of ML to
forecast stock markets. Hsu et al. (2016) contrast studies using ML with those using regular (linear) econometric
techniques, concluding that the best ML methods are superior to the best econometric methods in terms of accuracy.
Sermpinis et al. (2013) provides further references focusing on the use of ML to predict changes in exchange rates.
Huck (2009, 2010) apply neural networks and multiple-criteria decision methods to forecast returns and select pairs
in a pairs trading strategy. Kaucic (2010) considers a genetic algorithm coupled with ML methods to develop a
trading system using common technical indicators.

Recently, there has been a surge of interest in ML methods within the finance and economics fields.> Recent
studies in empirical asset pricing, for example, focus on the application of ML techniques like regularization or
dimension reduction via principal component analysis (PCA) to identify the most relevant drivers of asset returns
(see for example Feng et al., 2017; Freyberger et al., 2017; Kelly et al., 2019; Kozak et al., 2019; Lettau and Pelger,
2018). Gu et al. (2018b) examine a number of ML methods to forecast monthly individual stock returns in the U.S.
market using about 100 fundamental and technical features, and their interactions with macroeconomic variables.
Their results suggest that nonlinear models such as neural networks can significantly improve predictions relative to
simple linear regression approaches, and that long-short strategies based on several ML methods appear to remain
profitable in recent periods.

Another fertile area of research is the application of ML methods and concepts to portfolio formation. Ban et al.
(2016) apply the concepts of regularization and cross-validation to portfolio optimization. DeMiguel et al. (2019)
use a LASSO technique to select characteristics in a parametric portfolio problem. Heaton et al. (2017) explore deep
learning to form portfolios, and provide an application of this approach to create portfolios to track or outperform an

index. Kolm and Ritter (2019) provide an overview of applications of reinforcement learning in finance, including

Despite the large number of predictors, recently published papers in top finance journals still rely on linear regression via ordinary least
squares, see for example Green et al. (2017).
2See Varian (2014) and Mullainathan and Spiess (2017) for discussions on the role of big data and ML in the econometrics toolbox.



mean-reversion trading strategies, derivatives pricing and optimal hedging. De Spiegeleer et al. (2018) apply ML
to various problems in quantitative finance including calculation of option prices and greeks (sensitivities of option
prices to model inputs). Kyriakou et al. (2019) apply simple ML methods to forecast annual stock returns to use
as benchmarks for pension planning. Chen et al. (2019) develop a sparse-group lasso methodology for portfolio
selection that allows investors to express preferences over equity sectors, and show its connection to robust portfolio
selection (Kim et al., 2018).

Whereas the focus on asset pricing is in identifying a small set of priced risk factors that determine asset
returns in lower frequencies (monthly or annual), practitioners are usually interested in exploiting ML to develop
profitable trading strategies, which often operate in a higher frequency (measured from days to fractions of a
second). Some recent studies suggest ML methods can be used to build profitable long-short statistical arbitrage
strategies, although the profitability seems to be decreasing or even negative in recent periods, consistent with
arbitrageurs increasingly exploiting the market inefficiencies uncovered by these methods. Examples of these
studies include Krauss et al. (2017), Fischer and Krauss (2018), and Huck (2019), who apply ML models including
deep learning, gradient boosted trees, and random forests to forecast daily stock returns using different lags of
individual stock returns.

The decline in the profitability of ML strategies in the U.S. market is in line with that reported by studies such
as Green et al. (2017), who document a decrease in the profitability of a long-short portfolio using linear regression
forecasts since the early 2000s. The authors link this to changes in the regulatory and trading environments, which
have made it cheaper and easier to implement quantitative long-short trading strategies exploiting a large number
of signals. This is also consistent with the results of McLean and Pontiff (2016), who document significant out-
of-sample and post-publication declines in the returns of predictors published in academic journals, suggesting
arbitrageurs actively exploit new predictors as they become known.

The situation in emerging markets is less clear, due to the much smaller number of studies in these markets, the
fact that most studies focus either on the prediction of stock market indices, or use a small number of predictors.
For example, out of more than 100 studies surveyed by Atsalakis and Valavanis (2009) and Hsu et al. (2016), only a
handful investigate emerging markets. In an earlier work, Campbell (2000) investigated the use of neural networks
to predict emerging market stock indices using lagged returns, concluding that an active strategy based on neural
network forecasts beats a passive strategy or an active strategy based on linear regression forecasts. A few studies
have investigate the use of ML methods to predict individual stock returns in emerging markets. Cao et al. (2005,

2011) uses neural networks to forecast individual stock returns in China, however, the number of predictors is



limited to the factors in the Fama and French (1993) models. Raposo and Cruz (2002) used fuzzy neural networks
to predict individual stock returns in the Brazilian market using fundamental indicators. However, their data is
limited to five fundamental indicators, and the analysis is focused on stocks belonging only to one sector. To
our knowledge, ours is the first study to systematically compare multiple ML methods to predict individual stock

returns in an emerging market, using a large number of technical and fundamental predictors.

3. Data

Our data set includes 572 Brazilian stocks over the period from January 2003 to December 2018. In order to
have a universe of reasonably tradable stocks, a few minimum requirements are imposed. First, a minimum of
one year of trading data and two years of accounting data is required. Second, minimum market capitalization and
liquidity requirements are imposed, to eliminate stocks which are too small or illiquid to use in a realistic trading
strategy. These restrictions are applied at each month, and thus result in a variable set of eligible stocks.

For each stock and each month, we have data on 62 predictors. We also add 24 dummy variables to represent
the firm sectors, bringing the total number of variables to 86. These can be broadly classified into five categories,
shown in Table 1.3

Table 2 reports summary statistics on all stocks which are eligible for the whole of each year. The number
of eligible stocks varies from 54 in 2003 to 198 in 2010 and 2011. Individual stocks in the Brazilian market are
very volatile: the average standard deviation of monthly returns is above 10% in most years. This is a feature
of emerging markets which has been reported in several studies (Bekaert and Harvey, 1997; Bekaert et al., 1998;

Hwang and Satchell, 1999b). Individual stock returns are also positively skewed in general.

4. Methodology

4.1. Training, validation, and test windows

Our objective is to build regression models to forecast stocks returns at time ¢ + 1, based on the value of
predictors at time . We apply the usual approach of dividing the data into training, validation, and test sets. The
training set is used to fit the models. The validation set is used for hyperparameter tuning within a class of models

(for example, to choose the optimal penalty parameter in LASSO). We do so by calculating the mean squared error

*Due to the proprietary nature of the data, we do not disclose the exact constructions of all variables. However, we note that these
variables are comparable to those commonly used in factor investing (e.g., Ang, 2014) and large-scale stock predictability studies such as
McLean and Pontiff (2016) and Green et al. (2017).



Table 1: Summary of predictors used in this study

Category  Number of predictors Examples

Historical growth of EBIT (Earnings Before Interest),
Growth 12 Historical growth of EPS (Earnings per share);
Trend of profit margin

Volatility of sales; volatility of earnings;
Quality 27 measures of stability of return on equity
and return on invested capital

Risk 6 Volatility, downside volatility

Previous returns over various windows,

Technical 10 technical analysis indicators
Price-to-Book, Price-to-Earnings,

Value 7 Enterprise Value to Sales

Sector 24 Sector dummy variables

Table 2: Summary statistics of available stocks per year

Every month, the monthly returns of all available individual stocks are collected. We then calculate the cross-sectional average, standard
deviation, skewness, and kurtosis of the returns for that month. The table reports, for each year, the average number of available stocks in
each month, the average of the cross-sectional statistics, and the 5-th and 95-th percentiles of all returns during that year.

Average Average Average Average

return Std dev  skewness kurtosis Percentile 5% Percentile 95%

Year # stocks

2003 54 6.88% 2.85% 1.20 7.07 -10.17% 26.89%
2004 67 326%  10.16% 0.39 4.18 -13.15% 23.21%
2005 75 1.67%  11.14% 0.90 6.64 -16.15% 21.86%
2006 &7 373%  10.31% 1.09 6.69 -12.43% 23.38%
2007 124 293%  11.29% 1.26 7.89 -14.34% 20.12%
2008 163 -430% 12.49% 0.39 5.33 -30.26% 20.84%
2009 178 7.30%  12.74% 1.11 7.10 -11.25% 32.27%
2010 198 1.60%  10.14% 1.03 9.92 -13.07% 18.21%
2011 198 -1.27%  10.45% 1.24 17.39 -15.76% 13.69%
2012 192 1.53% 10.51% 0.22 7.27 -16.05% 18.23%
2013 186 -0.92%  10.54% 0.43 11.06 -17.06% 14.06%
2014 187 -1.46%  10.75% 0.58 10.52 -19.18% 15.48%
2015 179 -1.69%  13.84% 0.94 10.04 -23.53% 20.53%
2016 172 2711%  15.99% 1.17 12.96 -19.59% 30.79%
2017 179 322%  11.72% 1.24 8.95 -13.76% 23.47%
2018 189 0.84%  12.45% 1.14 12.65 -19.02% 23.09%




(MSE) of forecasts in the validation set, and choosing the value of the hyperparameter(s) with the lowest MSE.
Finally, out-of-sample predictions are made for observations in the test set. We start with a training window of 24
months, a validation window of 12 months, and a test set of 6 months. We then expand the training window by six
months, and move the validation and testing windows six months forward. This process is repeated until the end of
the sample.

We use a pooled-data approach, stacking individual stock returns over all months of each training window into
a single vector, and their predictors into a single matrix.* Let vit+1 denote the return on stock i at month ¢ + 1, and
let n; be the number of eligible stocks in month #. Let 7 contain the indices corresponding to the months in the k-th
training window. Pooling all returns yields a vector yr,, of dimension (ZteTk n,) x 1. Likewise, assume that there
are pr,x predictors for which there is data available for the whole training window. Let x;; be the column vector of
the pr,x predictors for stock 7, at month ¢. Stacking all predictors produces a matrix Xr,x of size (ka n,) X PTrk-

The regression models for the k-th training window thus have the following specification:

Yrrk = f(Xrrk) + ETris (1)

where f(-) represents a functional form and € is an error term. We next describe specific choices for f.

4.2. Classes of models for f
We briefly review the types of models employed in our study. Most models are explained in standard textbooks
such as Friedman et al. (2001). For simplicity, we drop the subscripts and use y and X for the response variable

and matrix of predictors, respectively, assuming thaty = (yy, ..., y,)" has n elements, and X is an n X p matrix.

4.2.1. Linear models via OLS
The usual regression model estimated via ordinary least squares (OLS) corresponds to f(X) = XB. There are

no hyperparameters.

4.2.2. Ridge regression and LASSO
Both ridge regression and LASSO shrink regression coefficients by imposing a penalty on their size, but ridge
regression imposes an L, penalty, whereas LASSO uses an L; penalty. The coefficients are obtained as the solution

to the following problem:

“The data are transformed to the (-1, 1) interval at each month. This transformation is also applied to the response variable. This
removes outliers and eliminates the necessity of applying robust loss functions, simplifying the hyperparameter tuning.



. 1 & L

B = argmin 5 D Gi-Bo- . 1Bp* + LB @)
i=1 j=1

where the penalty term is J(B) = Zle ,8; for ridge regression or J(B) = Zle |8;| for LASSO. The model is

estimated for a grid of values of the penalty parameter A. The optimal parameter is the one that minimizes the MSE

in the validation set.

4.2.3. Principal Components Regression (PCR)
Principal Components Regression (PCR) is a dimension reduction technique that uses linear transformations of
the data (the principal components) as the predictors. Let Zy, ..., Zy represent M < p linear combinations of the

original variables:

p
Zm:Z¢j)an, mzl,...,M. (3)
j=1

A linear regression of y on the transformed variables Z can be represented as a linear combination of the original

variables:

M
yi = O+ ) OnZimi=1,....n @)
m=1

p
bo + Zﬁjxij,
=

where §; = Z,A,;I: | Ombmj. For PCR, the Z, are the principal components of the data. The number of principal

components (M) in the regression model (4) is chosen based on the validation set MSE.

4.2.4. Partial Least Squares (PLS)

Partial Least Squares (PLS), like PCR, considers linear combinations of the inputs for the regression, but it also
makes use of the response variable y. PLS starts by setting ¢1, j = 1,..., p in equation (3) as the linear regression
coefficient of y onto each X;. Once Z;, the first partial least squares direction, is obtained in this way, the first set of
coefficients 8; is obtained as the regression coefficient of y on Z;. Then, Xi,..., X p» are orthogonalized with respect
to Z;. This process is continued until M < p directions are obtained. The number of partial least squares dimenions

(M) in the regression model (4) is chosen based on the validation set MSE.



4.2.5. Bayesian Variable Selection
There are many methods for Bayesian variable selection in regression models, see e.g. George and McCulloch
(1997) and O’Hara and Sillanpéa (2009). We focus on the method proposed by Smith and Kohn (1996) for the

linear regression model, due to its simplicity and efficiency. Consider the linear regression model

y=XB+e, %)

where Var(e) = o2. The variable selection method works by introducing a vector ¥ = (yi,... ,¥p) of latent

dummy variables, where y; = 1 if the j — th variable is included in the model, and zero otherwise. For a given
value of y, let X, represent the matrix of regressors corresponding to those elements of y that are equal to one,
and let B, contain the corresponding elements of B. A hierarchical prior is assumed for 8, |y, o2, of the form
Byly ~ NQO, CO'Z(X;,X),)_I), where c is a hyperparameter which Smith and Kohn (1996) suggest be set between 10
and 1000. The prior for 0% given y is p(c2|y) o« 1/072.

Given these choices, it is possible to simulate the relevant conditional posterior distributions using the Gibbs
sampler. We consider three values for ¢: 100, 500, and 1000. For each one, we simulate the distribution 10,000
times, discarding the first 5,000 simulations as a “burn-in” period. The forecast from this method is obtained as the

average of the forecasts across each simulated value of y.

4.2.6. Random Forests and Boosting

We apply two ensemble methods that make use of regression trees: random forests and boosting. Tree-based
methods work by partitioning the feature space into a set of distinct and non-overlapping rectangular regions
R, ..., Ry, by creating splits in the predictors. The prediction of a tree is constant for all observations in each
region. For a regression tree, this is simply the average of the observations in that region.

Trees are estimated using a recursive binary splitting algorithm which determines, at each step, a combination
of a variable and a split point that minimize the forecast error at that stage. The complexity of a tree is thus a
function of the number of splits and regions in the tree. Several strategies have been developed to decide when
to stop growing a tree, or to prune a large tree in order to avoid overfitting, see for instance Breiman (1984) and
Quinlan (1993).

Despite their advantages and interpretability, trees are methods with high variance: small perturbations to the
data usually lead to very different trees. Bootstrap aggregation or bagging (Breiman, 1996) is a variance-reduction

technique for methods like trees, which combines many trees grown on bootstrapped versions of the data. For a
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regression problem, the bagged model amounts to averaging the prediction of each bootstrapped tree. Random
forests (Breiman, 2001) are a modification of bagging that attempts to build less correlated trees by randomly
selecting a subset of the predictors in each bootstrapped sample. Besides the parameters controlling the growth
of individual trees, the hyperparameters of random forests are the number of bootstrap samples or trees and the
number of variables to sample. Because random forest are quite robust to overfitting regarding the number of trees,
we set the number of trees to a large value (1000), and choose the number of variables to sample using the validation
sample.

Boosting was originally developed for classification problems (Schapire, 1990), and relies on the idea of com-
bining many weak classifiers (models whose error rates are just slightly better than random guessing), trained on
sequentially modified versions of the data, to obtain a powerful ensemble with better performance. At each itera-
tion of the algorithm, observations in the training set are multiplied by a weight, and a model (often a tree) is fitted
to the modified data. Observations that were misclassified in the previous iteration have their weights increased,
while the opposite is true for correctly classified observations. Many boosting algorithms have been developed, see
e.g. Friedman et al. (2000) and Freund and Schapire (1997). Friedman (2001) proposed a paradigm for function
approximation based on additive expansions using steepest descent called gradient boosting, which can be used
for classification and regression problems. We use the LS_Boost algorithm proposed in that paper for regression
problems with a MSE criterion. The hyperparameters of the methods are the number of splits of the tree used in
each iteration, the number of iterations, and a shrinkage or learning rate, which controls the contribution of each

tree added to the ensemble. These parameters are chosen based on the MSE in the validation sample.

4.2.7. Neural Networks

Neural networks are a class of very flexible non-linear models that were developed in the artificial intelligence
and statistics literature. We focus on feed-forward neural networks for regression problems.’> These models are
typically represented using a network diagram, such as the one on Figure 1, which represents a multi-layer neural

network with six inputs (x; to xg), two hidden layers with five and three neurons, whose outputs are represented by

1) @)

(2)
5 and z, toz;

z(ll) toz , respectively, and a single output y. The output of a neuron of a given layer is obtained by
applying an activation function g to a linear combination of the values reaching that neuron from the previous layer.

A commonly used activation function for regression problems is the sigmoid function, g(x) = 1/(1 + ¢ ¥). The

SWe provide only a brief overview of the type of neural network used in this study. More details on neural networks can be found, e.g.
in Bishop (1995) and Ripley (1996).
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complexity of a neural network is thus a function of the number of hidden layers, the number of neurons in each
layer, and the activation functions used. It can be shown that neural networks are universal approximators: they

can approximate arbitrarily well any continuous function if the number of neurons or layers is allowed to increase.’

Figure 1: Diagram of a feedforward neural network with two hidden layers

Input Hidden Hidden Output
layer layer 1 layer 2 layer
X1

xz‘

X3

X4
X5
X6

The figure shows a neural network with two hidden layers, and a single output. The input layer has six inputs, labelled x; to x¢. The first and
second hidden layers have five and three neurons, respectively. The outputs from hidden layer neurons are represented by zi.b, where /€ 1,2
represents the hidden layer, and j identifies the neuron. They are calculated by applying an activation function to a linear combination of
the preceding connections.

Consider a neural network with L hidden layers, where the number of neurons in layer [ is M?. Let zE.l) be

the output of neuron j of the hidden layer /. For the first hidden layer, these are simply the original inputs, i.e.

Z(~0)

i =X j=1,..., p. Assuming that x; = 1, a linear combination of the xs includes an intercept term, and so we

(! Z(11—1) (I-1)

j) = g(ﬂ(l‘l)’z(l‘l)), where ﬁ(l‘l) is a vector of weights to be estimated, and ZED = s Ty

can write z
Fitting a neural network consists in finding the weights 8/~ in each layer by minimizing a criterion such as MSE.
This is done using a gradient descent method and what is known as the backpropagation algorithm. Because neural
networks can be extremely flexible, regularization techniques such as adding a penalty term to the optimization

criterion or early stopping are usually applied, to avoid overfitting. In this paper, we apply the latter, using the MSE

in the validation sample to decide when to stop the training.

®This has been proved by Cybenko (1989) for single-layer networks with sigmoid activation functions. See Lu et al. (2017) for deep
networks.
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We consider neural networks similar to those in Gu et al. (2018b), i.e. networks with one (NN1) to five (NN5)
hidden layers, with a pyramidal structure for the number of neurons in each hidden layer. The number of neurons
in the first hidden layer is 32, and the number of neurons in each subsequent layer (if any) is half the number of
neurons in the previous layer. Thus, NN1 has 32 neurons in its single hidden layer, NN2 has 32 neurons in the first
layer and 16 in the second layer, and so on. We use a sigmoid activation function. In addition to early stopping,
we also employ an ensemble approach. For each topology of neural network, 50 independent neural networks are
trained, and their results are averaged to form a combined forecast. This approach reduces the variance of the

individual models due to the fact that the weights are randomly initialized.

4.3. Portfolio formation, performance and cost calculations

4.3.1. Long-short portfolios based on individual ML methods

We form equally-weighted portfolios based on quintiles of the predicted returns obtained with different ML
methods.” These portfolios are referred to as the baseline ML portfolios, and labelled P; (lowest quintile of
predicted returns) to Ps (highest quintile). The choice of using quintiles is based on the much smaller number of
stocks in the Brazilian market, compared with the U.S. market.® We form different long-short portfolios using these
baseline portfolios, which differ in the amount of leverage used and their total net exposure.

First, a traditional long-short strategy for a given ML method is obtained by going long the stocks in the top
quintile of predicted returns (Ps) and short the stocks in the lower quintile (P;). The returns of this strategy are
simply the difference between the returns on the Ps and P; portfolios. These long-short portfolios have a net
exposure of zero and a leverage ratio of 2.

An alternative to a traditional long-short strategy is a 130/30 portfolio, which holds 130% of its capital in
long positions and 30% in short positions. Unlike traditional long-short strategies, 130/30 portfolios retain a net
exposure of 100%, while adding a degree of leverage and attempting to benefit from short positions.® For each ML
method, we form 130/30 portfolios that are long 1.3 times the Ps and short 0.3 times the P; portfolio. The leverage
ratio of these portfolios is equal to 1.6.

Finally, considering that stocks in the lower quintile are expected to be more volatile, we consider a simple

way to balance the risk contributions of the long and short components of a long-short strategy. We dynamically

"We note that, although we obtain different forecasts of individual stock returns, we do not attempt to solve a traditional mean-variance
problem using these forecasts, because these estimates are very noisy and mean-variance portfolio optimization is extremely sensitive to
these inputs, i.e. Best and Grauer (1991); Michaud (1989).

8The results obtained using different percentiles to define the long and short portfolios are qualitatively similar.

9See for example Lo and Patel (2008) and Johnson et al. (2007).
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adjust the weight of the short portfolio by using an Equal Risk Contribution (ERC) criterion with a volatility risk
measure.'® Consider a portfolio which is long asset 1 with a weight w, and short asset 2 with a weight equal to
wy = —kwj. Then it can be easily verified (see Appendix A) that the value of « that achieves equal risk contributions
between the long and short positions, for any value of wy, is k = 01/03, where 0| and o, are the volatilities of
the two assets. We consider portfolios with w; = 1 and, to simplify calculations, we use a simple average of the

volatilities of the assets in P5 and P; to estimate the volatilities of each portfolio.

4.3.2. Long-short portfolios combining multiple ML methods

In practice, it is not possible to know in advance which ML method will perform best out-of-sample. A portfolio
manager hoping to use ML methods to create a single long-short portfolio thus needs to deal with the issue of
whether and how to combine forecasts or portfolios obtained using different ML methods. In principle, combining
portfolios obtained with different ML methods seems desirable, due to the potential diversification benefits. We
consider two approaches to do so that do not rely on any forecast of which method will perform better. The
first approach is to create equally-weighted combinations of the long-short portfolios obtained with each method,
an approach that seems naive, but tends to work well in practice, e.g. DeMiguel et al. (2009).!! The equally-
weighted combinations of the traditional long-short and 130/30 portfolios are referred to as EW™S and EW!3%/30,
respectively. If m is the number of ML methods, the weights of an equally-weighted combination of individual

methods are obtained as:

1
EW K
wEY = = 3w, (6)

where w7 is the weight of stock i in strategy s at time 7.

For traditional long-short portfolios and 130/30 portfolios, the equally-weighted approach produces long-short
portfolios with the same net exposure and leverage as the individual long-short strategies. For ERC long-short
portfolios, there is no guarantee that the average of the long-short ERC portfolios using each method will generate
a portfolio with equal risk contributions in the long and short legs. Instead, we propose an approach to ensure that
(1) the risk contributions of the long-short portfolios under each ML method are balanced, and (ii) that the overall

risk contributions of the long and short positions are equal. We form these portfolios based on defining allocations

19For a description of ERC or “risk parity” methods, see for example Qian (2005), Maillard et al. (2010) and Roncalli (2016). See Bertrand
and Lapointe (2018) for an application of other risk-based strategies for portfolio construction using socially responsible investments.

"Other studies use equally-weighted ensembles of the forecasts of each ML method, see Krauss et al. (2017). For a review of different
approaches to aggregate long-only portfolios, including a utility-based approach, see Bonaccolto and Paterlini (2019).
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to the long and short portfolios associated with each strategy.

In order to formalize this idea, let r; be a 2m X 1 vector of returns, such that the first (last) m columns contain
the returns on the long (short) portfolios of each method at time ¢, and let X; be its covariance matrix at time ¢.
We drop time subscripts to simplify the notation in what follows. A long-short combination of the 2m portfolios
can be represented by the 2m x 1 vector of weights @ = (wh,...,wh, w?,...,w}) . The first m elements of w
are positive, while the remaining m elements are negative. We can think of the combination as a portfolio of pair
trades, where each pair trade is long the Ps5 portfolio and short the corresponding P; portfolio for a given ML
method. The return on the combination portfolio is *© = w'r, and its volatility is given by o€ = Vw'Zw. We

consider forming portfolios with the following characteristics. First, the portfolio has an overall long allocation

of 100%, ie. X1, wt = 1. Second, the allocation to the short leg of each method is a fraction « of the long

S

allocation: w3 = —kw*. As a result, the overall short allocation is equal to «.!? Third, let RCE and RCS be the risk

contributions of the long and short legs of method s to the combined portfolio.'* The total risk contribution of the

long-short portfolio associated with method s is RCES = RCE + RCS, and the total risk contribution of all long and

short positions are RCE = 3 | RCE and RC® = 3™ | RCY, respectively. We then impose the following conditions:
RCY = RCE, 5,5 ell,....m} (7)
RCt = RC’ (8)

Condition (7) states that the contribution of each long-short portfolio should be equal for all ML methods.

Condition (8) states that the overall risk contributions of all long and short positions are the same. In order to solve

this non-standard ERC problem, we define the following quantities. Let = (wf, ...,wk k) denote a vector

k m,t’
containing the weights of the long portfolios and the short multiplier k. Since the weights on the short portfolios

are defined as w® = —kwk, the vector 57 determines the full allocation to the long and short portfolios. We collect

the risk contributions in a (m +2) X 1 vector RC = (RC}*,...,RCL> ,RC",RCS ). Next, we define the risk budgets

as follows. The risk budget for each long-short portfolio is b5 = 1/m, s = 1,...,m. The risk budget for all

2In principle, it could be possible to find a solution that does not impose this restriction. We attempted such a solution in this study and
found that, in general, it is not feasible, due to the high volatilities of the P portfolios.

13The risk contributions of the long and short legs of method s are calculated as
,00€ . Cw), do¢

=wh—- and RCS =0’ — =0}

RCE = w .,
’ ' dwt ' Vo'Zo ’ ows w'Xw
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long positions is equal to the risk budget of all short positions: b~ = b5 = 0.5. The risk budgets are collected in a

(m+2)x 1 vector b = (b5, 55, ... bES | b%, b5 ). We then solve the following optimization problem:

*Ym

minimize f(n, b)
n

m
subject to Z wh =1

s=1

0O<wht<l,s=1,....m

0<«k<2,

m o m (RCLS  RCH YV (pel  Res\2
— 1 J
f(n,b)—ZZ[bLS Ru LS
i J

i=1 j=1

where

The function f(n, b) is minimized when the risk contributions of all long-short portfolios are equal, and when
the risk contributions of the long positions equals that of the short positions. The short multiplier « is allowed to
vary between 0 and 2. In general, if the volatility of the short legs is substantially higher than that of the long legs,

we should expect 0 < x < 1.

4.3.3. Portfolio calculations
Let N be the total number of stocks in the universe, 7 be the total number of months, and wg denote the weights

of a generic portfolio P. We calculate the average monthly turnover of a portfolio P over T months as

T N

D wh - wh L. ©)

=2 i=1

Turnover? =

N =

The turnover in each month is used to estimate the transaction costs. Higher turnovers imply higher transaction
costs and therefore negatively impact the net results of a given portfolio or strategy. We consider a fixed cost of
15 basis points (bps) for all trades, comprising 10 bps of bid-ask spread and 5 bps of brokerage costs, as well as a
fixed annual borrowing cost of 4.5%, applied on the total amount of short positions for long-short portfolios.!#

We build portfolios with different degrees of leverage, including portfolios whose leverage is time varying. In

order to compare these portfolios, we calculate the average leverage ratio of a long-short portfolio as

4This corresponds to a monthly borrowing cost of approximately 0.37% for a traditional long-short portfolio.
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T N
1
LeverageP =7 Z Z |W§|- (10)

=1 i=1
Note that for traditional long-short portfolios, the leverage ratio is constant and equal to 2. A 130/30 portfolio has

a constant leverage ratio of 1.6.

5. Empirical Results

5.1. Performance of baseline ML portfolios

We start by looking at the performance of the baseline ML portfolios, which are reported in Table 3. All
numbers are on a monthly basis, except for Sharpe ratios, which are annualized. For each method, we report
average gross and net returns, the standard deviation of returns, gross and net Sharpe ratio, maximum drawdowns,
and monthly portfolio turnover.!> The table is based on returns from the period from January 2006 to December
2018.

Returns increase monotonically across quintile portfolios for all ML methods, and the portfolios formed on
the highest quintile (P5) deliver average monthly returns which are in most cases close to 2%. For comparison,
an equally-weighted portfolio of all stocks achieved a monthly return of 1.04%, and the IBOVESPA index, the
main index for the Brazilian stock market, delivered 0.80% per month over this period. On the other hand, the
returns of all P portfolios are on average positive, and all P; portfolios have significantly higher volatility than
the corresponding Ps portfolios (the average volatility of P; portfolios is 58% higher than that of Ps portfolios).
This limits the potential profitability of long-short portfolios, especially on a risk-adjusted basis. Additionally, all
portfolios have very high maximum drawdowns, typically higher than 50% and much higher for the P; portfolios.

The performance of long-short portfolios (Ps — P;) on a net basis are highly dependent the portfolio turnovers.
For example, in terms of gross long-short returns, only five methods outperform OLS (PLS, RF, NN3, NN4 and
NN5S), but if we consider net monthly average returns, most methods outperform OLS, because the turnover of the
long-short portfolio using OLS is among the highest, at 178.54%. However, the volatility of the long-short portfolio
using OLS is one of the lowest, at 5.08% per month, which results in OLS outperforming most ML methods on a
risk-adjusted basis using the net Sharpe ratio (SR). The net SR of the long-short OLS portfolio is 0.68, which is
outperformed only by NN3 (0.84) and NN4 (0.82).

5To calculate Sharpe ratios, we use as the risk-free rate the Brazilian interbank certificate of deposit rate, or CDI, which represents the
average rate of all interbank overnight transactions in Brazil. When calculating Sharpe ratios, we assume the investor deploys any excess
cash in an investment that yields the risk-free rate.
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Table 3: Performance of Baseline Machine Learning Portfolios

The table reports out-of-sample performance metrics for equally-weighted quintile portfolios formed on predicted returns using machine
learning methods. P; (Ps) is the portfolio formed on the lowest (highest) quintile of predicted returns. Ps — P; is a hedge portfolio long
the stocks in Ps and short the stocks in P;. The table reports average monthly return before (Ave) and after costs (Ave (net)), the monthly
standard deviation (Std), the annualized Sharpe Ratio before (SR) and after costs (SR (net)), the maximum drawdown (Max. DD), the
monthly turnover.

OLS LASSO Ridge
Py P P Py Ps  Ps—P P P, P Py Ps  Ps—P P Py P Py Ps  Ps—P
Ave 0.28 0.84 1.00 1.42 1.92 1.63 0.32 0.56 0.96 1.66 1.92 1.59 0.30 0.63 0.95 1.69 1.90 1.60
Ave (net) 0.16 0.64 0.79 1.21 1.78 1.37 0.23 0.41 0.80 1.51 1.82 1.40 0.22 0.48 0.79 1.54 1.80 1.41
Std 8.64 6.54 6.08 591 6.32 5.08 9.33 6.34 6.09 6.10 6.03 6.23 9.29 6.34 6.19 6.07 6.06 6.20
SR -0.23  -0.01 0.08 0.33 0.58 1.11 -0.20  -0.17 0.06 0.46 0.61 0.89 -0.21  -0.13 0.05 0.47 0.59 0.89
SR (net) -0.28 -0.12 -0.04 0.21 0.50 0.68 -0.23  -0.25 -0.03 0.37 0.55 0.58 -0.24  -0.21 -0.04 0.38 0.54 0.58
Max.DD 83.17 62.19 50.85 4835 5047 51.59 84.68 67.57 51.68 4642 5213 63.96 84.81 63.73 5240 4564 5281 63.33
Turnover 86.36 132.35 140.42 137.29 92.18 178.54 60.15 99.27 10649 10228 66.62 126.77 5852 96.87 103.96 100.87 64.48 123.00
PLS PCR Bayes
P Py P3 Py Ps Ps— P P, P> P3 Py Ps Ps— P, P P> P3 Py Ps Ps — P
Ave 0.10 0.82 1.14 1.48 1.92 1.82 0.28 1.18 0.99 1.30 1.71 143 0.22 0.74 1.30 1.36 1.84 1.62
Ave (net) 0.03 0.69 1.00 1.34 1.84 1.66 0.20 1.05 0.85 1.17 1.62 1.27 0.10 0.56 1.10 1.18 1.71 1.37
Std 9.81 7.12 6.45 5.79 5.06 7.19 9.75 7.42 6.10 5.94 4.75 7.19 9.00 6.65 6.18 6.15 5.90 5.93
SR -0.27  -0.02 0.15 0.37 0.72 0.88 -0.21 0.15 0.07 0.26 0.62 0.69 -0.25  -0.06 0.25 0.28 0.57 0.95
SR (net) -0.30 -0.08 0.07 0.29 0.67 0.62 -0.24  0.09 -0.01 0.18 0.56 0.43 -0.29  -0.16 0.13 0.18 0.50 0.59
Max.DD 87.72 72.89 53.85 4739 43.08 61.07 88.19 6544 50.67 5038 41.20 64.57 83.52 6623 4730 49.13 5197 60.97
Turnover 49.63 87.87 97.21 93.23 5397 103.60 52.01 88.16 96.46 91.26 5459 106.60 79.95 12429 131.72 12547 86.93 166.88
Boost RF NN1
Py Py P3 Py Ps  Ps—P Py Py P3 Py Ps  Ps—P Py Py P3 Py Ps  Ps—P
Ave 0.27 0.73 1.12 1.22 1.84 1.58 0.18 0.90 1.16 1.36 1.86 1.68 0.31 0.97 1.28 1.24 1.67 1.36
Ave (net) 0.17 0.58 0.96 1.06 1.73 1.37 0.05 0.70 0.95 1.16 1.72 1.41 0.17 0.77 1.06 1.03 1.53 1.08
Std 9.33 7.13 6.25 5.87 5.51 6.59 9.31 6.23 6.27 6.23 5.85 6.06 7.85 6.56 6.69 6.23 6.45 4.86
SR -0.22  -0.06 0.14 0.21 0.62 0.83 -0.25 0.02 0.16 0.28 0.59 0.96 -0.25 0.06 0.21 0.21 0.43 0.97
SR (net) -0.26 -0.14 0.05 0.12 0.55 0.53 -0.30  -0.09 0.05 0.17 0.51 0.60 -0.30  -0.05 0.10 0.10 0.36 0.51
Max.DD 9036 66.88 5897 56.27 40.78  65.05 88.96 5742  55.51 4936  45.87 5593 83.56 5324 5344 5134 5467 3692
Turnover 62.58 100.72 110.99 103.81 74.77 137.35 85.84 133.06 139.44 13592 9490 180.73 90.07 13591 143.02 136.23 93.56 183.63
NN2 NN3 NN4
Py Py P3 Py Ps  Ps—P Py Py Ps3 Py Ps  Ps—-P; Py Py P3 Py Ps  Ps—P
Ave 0.18 1.20 1.12 1.27 1.69 1.51 0.02 1.06 1.12 1.31 1.96 1.94 0.11 0.86 0.97 1.42 2.10 1.99
Ave (net)  0.05 1.00 0.91 1.07 1.55 1.24 -0.10  0.87 0.92 1.11 1.83 1.69 0.01 0.69 0.78 1.23 1.98 1.77
Std 8.34 6.74 6.16 6.21 6.36 5.22 8.57 6.79 6.74 5.68 6.09 5.45 9.22 6.94 5.95 5.94 5.77 5.93
SR -0.28 0.17 0.14 0.23 0.45 1.00 -034  0.10 0.13 0.27 0.62 1.23 -0.28 0.00 0.07 0.32 0.74 1.16
SR (net) -0.34 0.07 0.03 0.11 0.38 0.58 -0.39 0.00 0.03 0.15 0.55 0.84 -0.32 -0.09 -0.05 0.22 0.67 0.82
Max.DD 84.84 5289 51.60 5851 50.10 50.13 8723 5483 5534 50.13 49.14 53.11 87.82 66.72 5022 5240 4746 5346
Turnover 85.40 133.44 139.77 136.79 93.89 179.29 7742 126.81 134.64 130.58 86.53 163.95 67.37 115.02 12621 12487 76.89 144.26
NN5
Py Py P Py Ps  Ps—P
Ave 0.20 0.82 1.14 1.39 1.92 1.72
Ave (net) 0.10 0.65 0.96 1.22 1.81 1.52
Std 945 6.96 6.18 5.73 5.51 6.29
SR -0.24  -0.02 0.16 0.32 0.66 0.95
SR (net) -0.28 -0.10 0.06 0.21 0.60 0.64
Max.DD 87.75 6570 5276 5334 46.82 60.57
Turnover 61.26 109.43 12237 117.85 70.65 13191
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Our results bear some similarities with those of Gu et al. (2018b), which is perhaps the closest paper in terms of
the ML methods explored and the type and frequency of the data used. Like them, we also find that neural networks
are the best performers among ML methods, with performance peaking at three to four hidden layers. However,
in our application, the performance of long-short portfolios using other nonlinear ML methods, such as boosting
and random forests, is quite disappointing. It is possible that other choices for parameter optimization for these
models might produce better results. However, the fact that only neural networks were able to uncover patterns that
produce long-short portfolios that beat linear models suggests non-linearities do play a strong role in this market. In
comparison with other studies that use daily stock return data, our results show important differences. For example,
Krauss et al. (2017) reports highest Sharpe ratios with random forests, followed by gradient boosting and deep
networks. Huck (2019) also finds that random forests outperform other methods such as deep belief networks and
the elastic net. Comparison with these studies is challenging, however, due to differences in data and methodology.
Particularly, these studies use a classification approach to predict the direction of daily price changes, while we use
a regression approach to predict monthly returns.

Overall, our results show that ML is not a panacea for portfolio management, and highlight the importance of
the portfolio construction and risk management processes, as well as the context of the market in which it is applied.
Additionally, since many ML methods produce portfolios with high turnover, taking into account transaction costs

when comparing ML portfolios is essential.

5.2. Performance of different long-short ML portfolios

The results in Table 3 show that traditional long-short portfolios based on ML methods in the Brazilian equity
market have some drawbacks. First, shorting stocks does not produce additional returns, since none of the P
portfolios have negative returns. Second, the high volatility of the P; portfolios increases the volatility of the long-
short portfolios. Third, the long-short portfolios have high drawdowns. In this subsection, we explore alternative
portfolio construction methods, namely 130/30 portfolios and ERC portfolios based on the Ps5 and P, portfolios for
each method.

Table 4 reports the results. Panel A shows results for the traditional long-short portfolios, i.e. the Ps — Py
portfolios in Table 3. Panel B reports results for 130/30 portfolios. The average returns of the 130/30 portfolios
are higher than those of the traditional long-short portfolios for all methods. But because of differences in average
returns and volatilities of the P portfolios, some methods that were not attractive in terms of traditional long-short
portfolios produce 130/30 portfolios with much better risk-adjusted returns. For example, the traditional long-short

portfolio using PLS has a net SR of only 0.62, worse than OLS, because it suffers from the very high volatility of
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the P; portfolio. The lower short weight in the 130/30 portfolio reduces volatility, while increasing the return from
the long leg, producing the highest net SR among all methods (0.95, the same as NN4). The maximum drawdown
from this portfolio (39.27%) is also much lower than that of the traditional long-short portfolio (62.91%). This
reduction in maximum drawdown, however, is not observed for all 130/30 portfolios; for some methods, maximum
drawdown is higher for 130/30 portfolios compared to traditional long-short portfolios.

Finally, in Panel C we consider ERC long-short portfolios for each ML method, as described in subsection
4.3.1. The ERC portfolios have variable leverage, depending on the evolution of the volatilities of the baseline
portfolios. The average leverage ratios of these portfolios varies from 1.50 for the PCR method to 1.74 for the
Bayes method. The volatilities and maximum drawdowns of the ERC portfolios are greatly reduced, compared
to traditional long-short portfolios. The average reduction in volatility is 43%, while maximum drawdowns are
reduced by over 70% on average. For most methods, the average returns are higher for ERC portfolios compared
with traditional long-short portfolios, since the short legs are under-weighted to balance their risk contributions. In
terms of net SR, all ERC portfolios outperform the traditional long-short portfolios, as well as the 130/30 portfolios.
Similarly to the traditional long-short portfolios, the best net SR is achieved by the NN3 and NN4 models, whose
ERC portfolios both have net SR of 1.35. Figure 2 plots the average (net) monthly return and monthly standard

deviation of the different long-short portfolios for each method.

5.3. Performance of ensembles of ML portfolios

The previous results suggest that the performance of different long-short portfolios formed using ML forecasts
varies according to the portfolio formation procedure, and the level of turnover and trading costs. Since it is
not possible to know in advance which method will perform better, one possibility is to aggregate long-short
portfolios obtained with multiple ML methods into one ensemble portfolio. As described before, we consider three
ways to create these ensembles: simple equal-weighted averages of the traditional long-short (EWXS) and 130/30
(EW130/30y portfolios obtained with each ML method, and an ERC ensemble (ERC LSy that balances the risk of the
long and short portfolios for each method, as well as the overall risk contribution of all the long and short positions.
To obtain the ERC long-short portfolio, we require estimates of the covariance matrix of the matrix of returns of all
Py and Ps portfolios. We use an exponentially-weighted moving average estimator with a decay factor of 4 = 0.96

to estimate this covariance matrix each month, starting with one year of daily returns.'®

1%0ur results are not dependent on this choice. Results with other values of A, rolling-window sample covariance estimates, or the
shrinkage estimator of Ledoit and Wolf (2004) are qualitatively similar.
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Table 4: Long-Short Machine Learning Portfolios

The table reports out-of-sample performance metrics for different long-short portfolios formed on predicted returns using machine learning
methods. Panel A shows results for traditional long-short portfolios which are long (short) the highest (lowest) decile of predicted returns.
Panel B shows results for 130/30 portfolios, which are long (short) 130% (30%) of the highest (lowest) quintile. Panel B shows results
for Equal Risk Contribution (ERC) portfolios, which attempt to equalize the risk contributions of the long and short legs. It is calculated
using the average volatility of the stocks in each leg. The table reports average monthly return before (Ave) and after costs (Ave (net)), the
monthly standard deviation (Std), the annualized Sharpe Ratio before (SR) and after costs (SR (net)), the maximum drawdown (Max. DD),
the monthly turnover, and the average leverage.

Panel A: Traditional long-short strategies

OLS LASSO Ridge PLS PCR  Bayes Boost RF NN1 NN2 NN3 NN4 NNS5
Ave 1.63 1.59 1.60 1.82 1.43 1.62 1.58 1.68 1.36 1.51 1.94 1.99 1.72
Ave (net)  1.00 1.04 1.04 1.30 0.90 1.00 1.00 1.04 0.72 0.88 1.32 1.41 1.15
Std 5.08 6.23 6.20 7.19 7.19 593 6.59 6.06 4.86 5.22 5.45 5.93 6.29
SR 1.11 0.89 0.89 0.88 0.69 0.95 0.83 0.96 0.97 1.00 1.23 1.16 0.95
SR (net) 0.68 0.58 0.58 0.62 0.43 0.59 0.53 0.60 0.51 0.58 0.84 0.82 0.64
Max.DD  53.83 65.67 65.07 6291 66.25 62.80 67.67 5829 39.77 5243 5528 55.61 6242
Turnover 178.54 126.77 123.00 103.60 106.60 166.88 137.35 180.73 183.63 179.29 16395 14426 13191
Leverage  2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00

Panel B: 130/30 long-short strategies

OLS LASSO Ridge PLS PCR  Bayes Boost RF NN1 NN2 NN3 NN4 NN5
Ave 241 2.40 2.38 2.46 2.13 2.32 2.31 2.36 2.07 2.15 2.54 2.70 243
Ave (net)  2.08 2.13 2.11 223 1.89 2.01 2.03 2.03 1.74 1.82 222 2.40 2.16
Std 6.29 6.03 6.07 4.96 4.58 5.89 5.50 5.72 6.69 6.50 6.15 5.61 5.30
SR 0.85 0.88 0.86 1.12 0.96 0.86 0.91 0.91 0.63 0.69 0.94 1.13 1.03
SR (net) 0.67 0.73 0.72 0.95 0.78 0.67 0.74 0.71 0.46 0.51 0.77 0.95 0.85
Max.DD 50.29  52.28 53.15 39.27 36.14 5276 3873 4485 58.69 5254 5030 46.66 44.89
Turnover 145.75 104.65 101.38 85.05 86.57 136.99 11597 149.12 148.65 147.68 13572 120.16 110.23
Leverage  1.60 1.60 1.60 1.60 1.60 1.60 1.60 1.60 1.60 1.60 1.60 1.60 1.60

Panel C: Equal Risk Contribution long-short strategies

OLS LASSO Ridge PLS PCR  Bayes Boost RF NN1 NN2 NN3 NN4 NNS5
Ave 1.84 1.68 1.65 1.80 1.68 1.87 1.54 1.55 1.56 1.64 2.00 2.07 1.85
Ave (net)  1.33 1.26 1.23 1.47 1.36 1.37 1.16 1.08 1.01 1.13 1.54 1.66 1.47
Std 3.21 3.57 3.59 3.47 3.30 3.50 3.29 3.47 3.08 3.34 3.28 3.48 3.28
SR 1.74 1.39 1.36 1.43 1.32 1.65 1.26 1.26 1.57 1.46 1.83 1.75 1.60
SR (net) 1.19 0.98 0.95 1.10 0.99 1.16 0.85 0.79 0.95 0.93 1.35 1.35 1.20
Max.DD  15.83 19.02 1947 1247 2029 1567 2178 2783 1195 1467 1278 17.86 13.37
Turnover 162.63 11426 110.85 87.54 86.12 153.63 11791 15691 17320 162.45 145.04 12420 111.99
Leverage 1.73 1.70 1.70 1.55 1.50 1.74 1.58 1.65 1.80 1.73 1.67 1.62 1.59
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Figure 2: Monthly standard deviation and average return of different long-short portfolios
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The results are shown in Table 5. As expected, the equally-weighted ensembles, EWS and EW'3%/3° under-
perform the best individual long-short and 130/30 portfolios. Both ensembles achieve a net SR of 0.70. Similarly
to the individual long-short portfolios, the equally-weighted ensembles have large maximum drawdowns, of over
60% and 47%, respectively. The ERC™S ensemble, on the other hand, has a net SR of 1.53, which is over twice the
Sharpe ratio of the equally weighted ensembles and higher than that of all individual long-short ERC portfolios,
while still keeping a maximum drawdown that is a fraction of that of traditional long-short portfolios. The leverage
ratio of the ERC™® ensemble is 1.66, implying that the average short weight multiplier (i.e. the average value of
k) is 0.66. The evolution of «; is shown in Figure 3. Most of the time, «; is lower than 1, in order to balance the
risk contributions of the long and short legs, due to the higher volatility of the P portfolios. The minimum value
is achieved in mid-2011, when the short exposure is less than 40% of the long exposure.

These results strongly support the idea of combining portfolios obtained using various ML methods into one

ensemble with balanced risk contributions. The ERCL® ensemble outperforms, on a risk-adjusted basis, all in-

22



Table 5: Ensemble Machine Learning Portfolios

The table reports performance metrics for three different ensembles of machine learning portfolios. EWS is a strategy that invests equally
in each of the 13 different machine learning long-short portfolios. Similary, EW'%30 is a strategy that invests equally in each 130/30
strategy. ERCYS is an Equal Risk Contribution strategy that assigns the same risk contributions to the long and short leg of each machine
learning portfolio, while keeping an equal risk contribution across portfolios. The table reports average monthly return before (Ave) and after
costs (Ave (net)), the monthly standard deviation (Std), the annualized Sharpe Ratio before (SR) and after costs (SR (net)), the maximum
drawdown (Max. DD), the monthly turnover, and the average leverage.

EWLS Ewl30/30 ERCLS

Ave 1.76 2.19 2.01
Ave (net) 1.19 1.91 1.59
Std 5.88 5.36 2.99
SR 1.03 0.87 2.01
SR (net) 0.70 0.70 1.53

Max.DD  60.51 47.49 18.46
Turnover 13294 10844  117.00
Leverage 2 1.6 1.66

dividual ML portfolios, as well as the equally-weighted ensembles, while keeping the maximum drawdown at a
more acceptable level. Other studies that apply ensembles of forecasts obtained with different ML methods, such
as Krauss et al. (2017), also find benefits to aggregating different forecasts, however the underlying characteristics
of the resulting portfolio, such as the maximum drawdown, do not change as much. Figure 4 plots the cumulative
gross returns of the ensembles. In Panel A, we show the cumulative returns of the original ensembles. Despite its
much lower volatility, the ERC™ ensemble achieves almost the same total return as the EW!30/30 ensemble. If we
scale all ensembles to have the same volatility as ERC™S (Panel B), the risk-adjusted outperformance of the ERC

approach is even clearer.

6. Concluding remarks

In this paper, we have explored the use of machine learning (ML) methods and a rich dataset with many techni-
cal and fundamental indicators to forecast stock returns in an emerging market, namely the Brazilian equity market,
and have proposed an Equal Risk Contribution (ERC) algorithm to combine portfolios obtained with various ML
methods. Our paper contributes to the literature in the intersection of machine learning, operations research, and
finance. Specifically, the paper makes the following contributions.

First, we compare the use of many different ML methods to predict individual stocks returns in an emerging
market, using a unique database containing many technical and fundamental signals actually used by practitioners.

To our knowledge, this is the first such large scale investigation in an emerging market. Second, for each ML

23



Figure 3: Evolution of ERC short weight multiplier (k;)
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method, we explore portfolios with different long and short exposures, including traditional long-short portfolios,
130% long/30% short portfolios, and ERC portfolios, that balance the risk contributions of the long and short
legs. Third, we investigate equally-weighted ensembles of portfolios obtained with each ML method. Finally, we
propose an approach to combine ML portfolios that (i) does not rely on forecasts of which method will outperform
in the future, and (ii) balances the risk contributions of each ML portfolio, as well as the risk contributions from
the long and short positions.

Our results show that all ML methods methods can produce portfolios that easily outperform local market
benchmarks, even after transaction costs, despite suffering from large maximum drawdowns, high volatility and
turnover. However, portfolios investing in stocks in the lowest quintile of predicted returns tend to earn low,
but positive returns, and have high volatility, making traditional long-short strategies obtained with ML methods
relatively unattractive when compared to results reported in developed markets such as the U.S. (Gu et al., 2018b;
Fischer and Krauss, 2018; Krauss et al., 2017). Overall, neural networks clearly outperform all other ML methods

in terms of either net (after cost) average returns or risk-adjusted returns for all types of long and long-short
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Figure 4: Cumulative returns of ensembles of machine learning portfolios
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portfolios. However, among the other methods, the picture is not so clear, as the extreme volatility of portfolios in
the bottom quintile of predicted returns, as well as differences in portfolio turnover, strongly influence the results.
These results are in contrast with those reported in the U.S., which typically show a clearer outperformance of ML
methods over OLS, especially for nonlinear methods like boosting and random forests.

Our work has important managerial implications related to investment management, especially for portfolio
managers seeking to incorporate ML into their investment process. Specifically, the ERC ensemble approach we
propose to combine ML portfolios delivers a solution to two problems faced in practice by a portfolio manager
applying ML methods. First, it provides a formal way to define allocations to each ML portfolio, without requiring
a forecast of which ML portfolio will outperform in the future. In this sense, each ML method can be thought
of as a trading desk or strategy, to which the portfolio manager allocates an equal risk budget. Second, the ERC
ensemble balances the risk contributions of the overall long and short positions, by allowing a variable degree of

leverage in the short positions. We have shown this to be highly relevant and effective in the Brazilian market, due
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to the much higher risk of the short portfolios. Our empirical results show that the ERC ensemble substantially
outperforms, on a risk-adjusted basis, all individual ML strategies, as well as equally-weighted ensembles of ML
portfolios, while drastically reducing maximum drawdowns. Although we apply the approach to combinations of

portfolios obtained using ML methods, it is general, and be applied to any combination of long and short portfolios.
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Appendix A. Equal Risk Contributions for a long-short portfolio

Consider two assets 1 and 2 whose covariance matrix is given by

2
oy o2
z=| ! ,
012 O'%
and a long-short portfolio investing w; > 0 in asset 1, and wy = —kw; in asset 2. Let w = (w;  wy)’. The

volatility of the long-short portfolio is s = Vw’Zw. The marginal risk contributions are defined by the derivative

of o5 with respect to w:

2 .2 2
aO'LS zw 1 W0 — kw012
o = (A.1)
w Vw2Zw  OLS —KW%O’lz + KZW%O'%

The risk contributions of the long and short positions are calculated as the product of each weight and the

corresponding element of (A.1). Therefore, requiring equal risk contributions amounts to:

1 1
—(w20'2 - KW20'12) = —(—KW20'12 + K2W20'2)
191 1 1 192
ors oLs
a1
= Kk=—.
o2

Thus, for any arbitrary w; > 0, risk parity between the long and short legs is achieved when the weight of the
short position is equal to the ratio of the volatilities, multiplied by the weight of the long position. This result is

independent of the correlation between the assets.
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