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Portfolio selection has long been a main topic in finance. What stocks should one
invest in? How much should one allocate to each stock to maximize gain and
minimize risk? These are the questions we aim to answer by demonstrating the
possibility of obtaining abnormal returns above those offered by the benchmark
by constructing a portfolio through a rule-based algorithm called Random Forest

with Decision Tree as the base model. The use of Random Forest addresses the
problem of over-fitting in the learning process and permits the prediction of a
robust portfolio based on financial ratios. This approach has proven to
outperform the S&P 500 Index and the Equal-Weight portfolio from 2013 to

2020.
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l. INTRODUCTION

The financial market is a black box from which an
immeasurable amount of incoming and outgoing information
flows at high frequency and where a plethora of agents intervene.
As aresult, there are various paradigms and points of view in the
literature and financial practice to identify the right stocks to
invest in. Thus the predictability of stock return has been one of
the most researched subjects in empirical asset pricing literature
(see, [11, [2], [3], [4], [5]). Researchers have identified a variety
of factors driving stock market prices. The use of financial ratios
(e.g., Book-to-Market, Equity ratio, Dividends, etc.) as
predictors of stock returns is a recurrent theme in research; most
of the cases concern predicting stock returns by using a time-
series/panel regression model.

Our focus here is not to complete the literature on the
predictability of stock returns but rather to understand how a
new approach could help in the problem of portfolio selection.
Markowitz’s Modern Portfolio Theory [6] is the seminal work
of research which aims to solve this problem: How can an
investor allocate the limited capital at his disposal in a finite set
of stocks from many available alternatives? In his work,
Markowitz approaches the problem with the well-known Mean-
Variance (MV) model. According to the MV model, the investor
has to make a trade-off between the maximization of the return
(estimated as the expected value of stocks returns) and the
minimization of the risk (represented by the variance of stocks
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returns). This theory has known its share of critics; the model
does not take into account many real-world issues regarding
investment such as the limitation of variance to represent risk,
trading constraints, ignoring many fundamental factors ( [5],
[7]).etc. Since then, the theory has evolved with many
approaches used for its robustification, as the authors in [8]
summarized.

The progress of modern computing and the accessibility of
data of any kind (structured or unstructured), especially in the
finance field, has paved the way for Machine Learning
algorithms to tackle portfolio selection problems leveraging the
tremendous amount of available data. Machine Learning is a set
of advanced techniques, models, or algorithms (see [9]) used in
various areas to mine available information in data. Several
pieces of literature (see [10], [11], [12], [13], [14]) have shown
how one can pick stocks with Machine Learning (ML)
procedures in the portfolio selection field. In most of the studies,
ML algorithms were used for stock returns prediction and then
the final portfolio was constructed by selecting the top
performers. Models used included the Artificial Neuronal
Network in [10] and [13] and Random Forest algorithm in [14].

We approach the same portfolio selection problem by using
Random Forest as more than a mere prediction tool. Instead, we
present the Decision Tree as a conceptual model of investor
behavior. This type of investor is the one who relies on
companies’ fundamentals to select stocks to invest in (also
known as value investor). Then, we improve the Decision Tree
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model by including resampling methods through exploration of
the Random Forest algorithm for portfolio selection.

Il.  MODEL CONSTRUCTION

To build this model, we first examine the motivations behind
our approach. For this reason, we first discuss the decision tree
algorithm to understand its implications before finally
presenting the random forest algorithm as an efficient solution
for the robustification of the portfolio selection and prediction
model based on financial fundamentals.

A. Motivations

Binary decision trees, or simply Decision Trees, are one the
most intuitive algorithms in data science. Depending on whether
the response variable is qualitative or continuous, they are
referred to as the classification tree or regression tree. As a
Machine Learning algorithm, Decision Trees are better known
through the famous CART (Classification And Regression
Trees) algorithm developed and introduced in [15], an algorithm
that is also used for both classification and regression problems.
It is therefore a supervised learning model, which has the merit
of being non-parametric, making no a priori on the distribution
of response variables.

1) Decision Tree, CART Algorithm: The construction of a
Decision Tree! is still defined by the general formulation of a
supervised learning problem, such as:

Y=fX)+e Q)

We have at the base, a matrix X with n observations and p
variables (continuous quantitative and/or qualitative),
associated with a vector Y of length n (quantitative or
qualitative variable to predict or explain). To make it possible,
the observations n are partitioned into regions Ry, R,, -+, Ry,.
These regions are referred to as terminal nodes or leaves of the
tree. CART is a specific decision tree algorithm that grows a
tree by splitting nodes into two child nodes repeatedly until a
stopping criterion is satisfied (i.e., maximum depth is reached,
or sample size in each child node is less than the minimum
samples, or the sample size is equal to one). It follows a greedy
approach known as recursive binary splitting. The binary split
procedure which is carried out recursively until the stopping
criterion is satisfied is as follows: Given a feature x; fori =
1,2, ...p, and a target variable y, a decision tree partitions the

data D, (with N, samples) at note t into Dt“"ft () and
Dt”"ht (8) subsets by considering each split candidate 8 such
that :

D (0) = {(xy) Ix]J < S}

2
D" (8) = D, \ D}'* (6) @
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A split candidate 6 = (j,S,), consists of a feature j and
threshold S;. To select the best split candidate, there is a loss
function H( ) to consider as it is frequent in supervised ML
problems. In the context of decision trees, H is referred to as an
impurity function, which measures the quality of the candidate
split of note t. To determine the best 8* one must minimize the
impurity so that:

6" = mgin G(D.,8)

where G, the weighted impurity function, is
expressed as follows:
Nleft (3)
G(D,,0) = tT H(DF(6))
t Nright )
v A )
t

2) Decision Tree as conceptual model of value investor
behavior: The paradigm of value investing involves selecting
stocks which seem to be priced for less than their fair value.
Graham & Dodd, present a rigorous way of conducting
fundamental analysis in their book [16], which is considered
foundational to the value investing paradigm. Fundamental
analysis is a framework by which one can estimate a company's
fair value and then compare it with its current price in the
market. If the fair value is more significant than its price, the
stock is considered underpriced and will ultimately grow to its
fair value. A value investor seeks such stock to buy at the current
price (which is underappreciated compared with its fair value),
to sell in the future when it reaches the level of target fair value.
That is the value investing view of one of the oldest rules in the
stock market: "buy low and sell high."

Furthermore, in a second work [17] titled Intelligent
Investor, Graham presents an intelligent investor in
contradistinction to a speculator. The latter follows the market
sentiment and buys or sells according to market changes. In
contrast, the former realizes what Graham calls "Investment
operation," which he defines as follows “An investment
operation is one which, upon thorough analysis, promises safety
of the principal and an adequate return. Operations not meeting
these requirements are speculative.”

We can define an "Intelligent Investor" as an investor who
only buys a stock which he has a rational knowledge about,
through deep analysis in order to protect his investment
(principal) and also to make a profit (return). He has a target
value concerning any stock he invests in; he does not change his
holdings because of market sentiment but instead sticks to his
objectives. A value investor goes through fundamental analysis
to select the best stocks, which requires diligence, expertise, and

1 We focus on CART algorithm, but the approach developed
here could be used with any other Decision Tree algorithm as
long as rules can be extracted.
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patience. Piotrosky [7] proved that the estimation of the fair
value is not essential. Instead, factors that drive the value
(consequently the market price) and help distinguish between
winning and losing stock are directly taken from company
financial statements (e.g., cash flow, net income, etc.) or
indirectly after transformation as a ratio (e.g., return on asset,
debt to equity, etc.). In practice, it is impossible to make use of
all of those factors; rather, value investors follow these steps:

e  They gather a list or set of determinant factors which
may vary from one professional to another.

e Then from the most essential factor to the least, the
value investor discriminates a given population of
stocks to select the final portfolio by setting a threshold
for each factor.

Piotrosky followed the same logic using only nine factors in his
work to prove how efficient fundamentals can be when it comes
to pick winning stocks. Moreover, as we can notice, this
procedure is heuristic and very similar to the Decision Tree
algorithm described above. Decision Tree algorithm offers the
same possibilities to select the most important features (factors)
recursively, to decide on the threshold value to split a parent
node, and finally, when the tree is fully grown, to extract rules
than can be generalized.

3) From Decision Tree to Portfolios: Assuming CART as
the conceptual model of the investor behavior, how does it select
a portfolio? With the CART algorithm we arrive at the terminal
branches of the tree which are pure (that is to say homogeneous
with respect to the selection variables and the variable to be
predicted) sub-populations or sets of fundamentally similar
stocks. In our model we define these final nodes or sets as a
portfolio -- a collection or set of investments made on financial
instruments or products. Because de facto leaves or terminal
nodes resulting from the CART decision tree algorithm are
portfolios, we have:

Yo = H(Xeop) + € 4)

where:

e Y, represents the long-term expected returns at period
t. Similar to the investor depending on the fundamentals
to make these decisions, we assume no change of
strategy prior to publication of the financial statements,
all other things being equal. Long-term refers to the
frequency of the financial data updates (i.e., quarterly,
bi-annually, and annually).

*  Xq-1), Is the matrix of fundamentals or factors
describing stocks under consideration from the previous
period (t-1). There is a lag between the target variable
and features matrix to allow for prediction and represent
the time it takes for the market price to reach its target
fundamental value. It also represents the minimum time
frame needed by the investor to adjust his portfolio base
on new information.
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To find the best model, the equation (4) must be trained to
imitate the expertise of value investor. Therefore, Decision
Tree model is a good candidate for H as it offers the
characteristics that portray value investor reasoning:

e Selection: there is an implicit variable or features
selection, because not all fundamental indicators or
ratios are relevant. Decision Tree is able to select
relevant variables by measuring their importance.

e Prediction: Being a supervised ML method, Decision
Trees allow predictions to be made after learning from
a training sample, that is acquiring experience. It is
moreover this functionality which allows the generation
of portfolio by anticipation.

e Interpretation: Binary Decision Trees are more easily
understood because it is not only possible to deduce
decision rules but also a readable directional graph.

Nevertheless, Decision Tree algorithm has its share of
drawbacks; the most critical is over-learning or overfitting. The
goal of the model, intended to be predictive, is to allow a good
generalization of the patterns and rules learned from training
data to another sample without significantly reducing its
performance.

4) Problem of Decision Trees Model: Given its predictive
nature, it is important to highlight the generalization risk
components of a ML model in order to control the causal factors.
Over-fitting is a characteristic of models which describe and
make good predictions on training data but which excessively
extrapolate or poorly predict on data not included in the training
process. Viewed from this angle, all models are not equal; some
are more subject to overfitting compared to others, even more so
if these models are of greater complexity. To better understand
this phenomenon of overfitting and its causes, [9] examines a
case of regression hypothesis function, considering (1) where
e ~N(0,1), the expected error expressed in the case of
regression model £(X) at point X = x, as follows:

Err(x,) = E [(Y - f(X))2 |X = xo]

= 0? + [Ef (o) = F(xo)]° 2
FE[fG) — Ef )] ©
= 02 + Bias? (f(xo)) + Var (f(xo))

= Bias? + Variance + Irreducible Error

In the expression ()Error! Reference source not
found.Error! Reference source not found.Error! Reference
source not found.Error! Reference source not found., the
first term Irreducible Error represents the variance of the data to
be learned around its mean f (x,). This is inevitable regardless
of the quality of the model f(x,) unless ¢ is really zero. Thus,
we focus on the other two terms: bias and variance.
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e The bias is the error coming from the hypothesis
function retained f with respect to f. The more f
diverges from f the greater the bias. In general, a low
bias model suggests that few assumptions are made
about the function f. As an example, we have the
decision trees, the K-Nearest Neighbors’ algorithm and
the machine vector support algorithm. In contrast a high
biased model suggests that more assumptions are
required to learn the data. In this category, we have
models that require a lot of hypotheses such as Linear
Regression, Logistic Regression, etc.

e The variance is the error related to the sensitivity of the
model if we vary the training sample. £ is learned and
estimated on a different sample than a sample on which
it will be tested, validated, or used to make predictions.
The variance measures how much the training model f
deviates from its mean. Thus, this results in variances,
but ideally the model would not change much from one
data sample to another, meaning the model is efficient.
When a model is significantly influenced by the training
sample, there is a greater chance that the variance is
high. However, if the model including its parameters are
not weakly influenced by the training sample, the
variance is low. In general, very complex machine
learning algorithms have a greater variance (e.g.,
Decision Tree, K-Nearest Neighbors, etc.). Conversely,
algorithms with low variance include linear regression,
logistic regression, etc.

The goal of any supervised ML algorithm is to achieve low
bias and low variance, and in return, the algorithm should
achieve good predictive performance. In general, linear ML
algorithms often have high bias but low variance, and nonlinear
ML algorithms often have low bias but high variance. The
tuning of ML algorithms is often a bias and variance tradeoff to
find a balanced model. Knowing this, we sought to reduce the
variance component to increase the bias in our approach.

B. Ensemble Learning methods

In this section, we will discuss Ensemble Learning (EL)
methods which can be used to achieve this objective of variance
reduction and thus make the model robust. EL methods are a
technique of combining prediction of multiple learners
(learning models) to achieve a more robust optimal predictor
that takes advantage of the collaboration of these diverse
learners. In EL methods, our approach focuses on resampling
techniques.

1) Bagging: The Bagging technique (Bootstrap
Aggregating), is an EL meta-algorithm proposed by [18], one of
the most popular and simple techniques. This technique consists
of aggregating the individual predictions obtained with models
(called basic model or weak learner) trained on training samples
randomly drawn from the population. Bootstrap is a resampling
technique used to reduce the variance / sensitivity of statistical
estimators, developed by [19] and which was the subject of the
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work of [20] to robustify Markowitz’s Mean-Variance model
[6]. We consider a training sample D of size N. We generate B
training samples by performing n uniform random draws with
replacement. For each sample D; , we will learn and build B
model £; to try to approximate f. Particularly in the case of a
regression, Bagging consists of aggregating the predictions of
the B learners such that:

o 1 B
fbagging (x) = Ezi:1fi (x) (6)

If we consider decision trees as a basic model, Bagging
consists of the construction of B decision trees as follows:
e Draw randomly and with replacement B samples on the
pair (X,Y), denoted by D

e Train a Decision Tree on each D subset of (X,Y)

o Finally, if Y is categorical, use the majority class as
prediction class. If Y is numerical, use the average of the
predictions of each tree.

In comparison to the expression (), we can estimate the error
made by the aggregate predictor fbaggmg at a point x, as
follows:

Err(xo) = 62 + Bias?(f(xo)pagging)
+ Var(f(xo)bagging) (7)

1
= Irreducible Error + Bias? + EVariance

Hence, the larger B, the smaller the variance will be in
the composition of the error, thus reducing the overall error.
The Bagging technique was precisely designed to reduce the
variance of the model or of the basic learner (especially
decision trees). Bagging is an algorithm which correctly
mitigates overfitting especially by using complex models
such as decision trees.

2) Random Forest(RF): The Bootstrap is particularly
effective if B samples obtained are relatively uncorrelated with
each other. In other words if there is only little disturbance in the
resampled data, we will not have learners or models diversified
enough for the variance reduction sought. As an example, if we
consider X; , X,, X3,-+-, X, of the same law, such as the
variance Var(X;) = o and the correlation Corr(X;, X|) = p,
vl # I', we can say of the following variance:

1 1-p
Var (E L, Xq) =po? + Taz (8)

The resulting variance becomes smaller when ¢ approaches
infinity and approaches zero if the correlation p is smaller. In
other words, the reduction in variance sought in the Bootstrap is
limited by the existence of a strong correlation between the
variables.

This observation, noticed by Breiman is the reason he
proposes another technique called the Random Forest [21]
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whose goal is to optimize the Bagging simply by adding a
second dimension of resampling to decorrelate the learners or
the collection of models trained on the different samples. What
does it mean to add a second dimension? As seen previously, we
already have a resampling in Bagging, the bootstrap carried out
on the population. It is a random draw on the observations or
individuals of the population. The second dimension would be
to introduce random drawing on the variables used in the
learning of the different samples. The Random Forest would
therefore be a combination of Bagging and features sampling
(drawing on the variables)

Thus, the advantage of Random Forest lies in the creation of
sufficiently diversified decision trees (from this plurality and the
diversity of trees, this technique takes its name Random tree
forest or more commonly Random Forest) in order to reduce the
correlation mentioned in the expression (8).

In summary, we can distinguish two main families of EL
methods Bagging and Boosting. The two types of procedures or
meta-algorithms use the same base model Decision Tree. In the
first approach, the base model is fitted to samples of
equiponderated observations drawn with replacement. However,
in the second approach the observations are only equal-weighted
at the initialization of the algorithm later the weights are
gradually readjusted. Bagging is parallel learning while
Boosting proceeds sequentially with each new model taking
advantage of the previous one. Concerning the prediction, they
also use the mean/majority in the case of
regression/classification. This average or majority is equally
weighted in the case of Bagging while in Boosting, the best
performing models are those which are the more weighted.

While Bagging participates in the reduction of variance to
resolve over-learning, Boosting reduces the bias which leads to
a risk of over-learning. In the end, the set models are those that
we need not only to overcome the weaknesses of the basic model
(the weak learner) — here the decision tree model, i.e. to improve
the performance of generalization — but also bring a consensual
dimension to the model that will be defined in the following
section.

C. Using Random Forest for Portfolio Construction

This section describes the approach of the model developed
in this research. The conclusion lies in a question of
understanding how everything, that is to say, Machine Learning
tools already available, answers the question of the selection of
stocks to forge portfolios that satisfy the a priori previously
defined.

1) Learning phase or induction phase: To proceed in the
formulation of the model, we will define some terms:
e vy, a performance metric calculated on the market
prices of the stock i over the period t such that ¥; is the
performance vector over the period t of a data sample.

e The vector x;; of p variables describing the title i and
consequently the matrix X, of dimension n X p, to
describe the n stocks. These variables are essentially
financial fundamentals. Similarly, we have the matrix
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X(e—1)r X(t=2), =+ X variables for the previous periods
(t-1),(-2),-,0.

e h,,, a decision tree model obtained or estimated at
iteration m over the M iterations of a set algorithm. It is
a question of learning a set algorithm with as basic or
weak model a decision tree on the training data X(,_1)
such as:

Yo = H(X-p) + € )

Yoy = H(Xe-n) = Z:zoamhm () (10)

where H, is a meta-algorithm or a set algorithm of M
decision tree estimators. From each tree h,, we can extract
decision rules which are in fact an abstraction of the analysis of
a single investor; the idea being to induce generalizable decision
rules and a significant relation between a set of indicators (or
features in ML jargon) chosen by a single investor in period
(t — 1)and the performance over the period t of stock i.

2) Generation of portfolios or predictive deduction phase:
A portfolio is a set of stocks to which are associated proportions
that represent their individual shares in an investment of a
monetary unit.

A portfolio can therefore be represented as a set of
proportions wy, w,, wg,--+, w;, -+, W, given a universe of n
stocks, which respect the budget constraint:

Z;wi -1 (11)

Given h,,, a decision tree which is an estimator at iteration
m of the ensemble model H , each sub-population or partition at
terminal branches or leaves are in fact homogeneous or pure sets
of individuals; in this case individuals are stocks. Thus, to make
prediction, the average of the performance measure y;, of each
stock in the leaf (terminal sub-population or partitions) is used
to determine the future performance of a given features vector
x.. of any stock, which ends in the corresponding leaf according
to the decision rule extracted from h,,,.

Thus, we can deduce Ly, Ly, -+, Ly, * - -, Lg, the subset or
partition leaves of the total population (Y, X;) which are at the
terminal nodes, and consequently deduce K portfolio such that
for each portfolio P, we have:

n X K 1 ( )
wit = Z — =1 12
i=1 k=1 |Ly|

The portfolio k is said to be equally weighted because the
stocks in Ly, contribute equally to the prediction. T,,, is the set
of leaves Ly, Ly, +++, Ly, -++, Lx in anequivalentway Py, P, - - -
, Py, -+, Pg obtained from the prediction h,,(X,).

3) Formulation of a selectivity criterion or scoring

phase: The determining point of this model is to find out how
to select the best leaf out of T,,, . We define L, any leaf of
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T,, which have K leaves or portfolios, each represented by the
pair (Y, Xx¥) sub-population of size S = |L,| of the set of the
total population (Y;, X;).

To do this, we will measure the selectivity of a leaf with a
utility function U (x) that the investor will define. This utility
function could be defined as the sum or the mean or a quartile,
etc. As a result, the score for each given leaf or portfolio will
make it possible to choose portfolio Ly, /P, as being the vote
or the selection of T,,,.

Ly /By = arg max U (Tn) (13)

For example, with the maximum of the average return #, we
can express the function as follows:

N ~k
U = 2R (14)
Ly
where S is the size of the subpopulation L, . The score
function may or may not depend, directly or indirectly, on
transformation of the variables used to induce the decision
rules.

4) Portfolio design or aggregation phase: The final
portfolio is built with the collection or set T,, of leaves or
portfolios L} /P, L5 /Py ,-++,Ly /Py, -+, L% /P% , having
maximum utility for M iterations. In other words, each
estimator votes on a leaf or portfolio that is most useful. The
final portfolio P* is obtained by aggregating the M leaves or
portfolios L] /Py, L5 /Py ,+++,Ly /Py, -+, Lx /Px proportional
to their factor ay, ay, -+, a,,, -+, ay in the global learning
model overall. This aggregation process propagates down to the
level of individual stock. That is, the weight or the proportion
w; of the stock or stock i in the sought portfolio P* is
determined as follows:

M i
W, = z n X Om (15)

m=1 am * Sm

Where 6%, = 1 if the stock i € L}, /P;, otherwise 6, = 0, and
Sm the size of the sub-population of the leaf or portfolio
Ly, /P,

To sum up, this approach differs from other previous work
in that the portfolio selection is made on the basis of in two steps
rather than on the selection of n best predictions of the Random
Forest algorithm presented in [14]. First, each decision tree
votes one portfolio at a time. This vote is made on the basis of
a utility function that may or may not be the average of y. Itis
predicted from the application of the rules which result from the
learning phase. Secondly, established on the logic behind
Random Forest, the portfolios voted by m trees are aggregated
to form the final portfolio. In other words, using the conceptual
model of value investor behavior, the final portfolio is the
aggregation of multiple portfolios proposed by a group of
experienced investors. Each investor made his selection on the
basis of fundamental factors that are important to him,
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contributing his own view of the composition of the best
portfolio.

Finally, even if the model already determines by default the
weights of each stock in the portfolio, our approach can also be
used in combination with classic portfolio optimization models
to determine the weights.

I1l.  EMPIRICAL IMPLEMENTATION AND ANALYSIS

As proposed, the detailed approach is essentially based on
fundamental indicators. To do this, the algorithm needs the data
for both training/learning and prediction purposes.

A. Data description and methodology

Data used in this study was collected annually from the USA
Market specifically concerning S&P 500 listed companies from
2012 to 2020 (as described in table 1). It is composed of
essentially fundamental indicators and annual financial
statement components on one side, and close historical prices
collected from YahooFinance and MorningStar websites on the
other.

TABLE I. STRUCTURE OF DATA COLLECTED FROM 2013 70 2019

Year Number Number _of
of stocks | features/variables
2011-12-31 460 59
2012-12-31| 466 59
2013-12-31 476 59
2014-12-31 484 59
2015-12-31 489 59
2016-12-31 492 59
2017-12-31( 492 59
2018-12-31 494 59
2019-12-31( 494 59

As the financial data used here has an annual frequency, we
estimated the target variable y as the average of the returns over
a one-year interval. To determine the portfolio to select at the
beginning of the year (t + 1), we used the hold-out as a
validation method, especially the sliding window approach
described as follow:

e Thetraining data: the average of the returns for the year
(t) of each security is determined to form the target
variable y,. The Random Forest algorithm is trained
with the variables or fundamental factors or financial
ratios extracted at the end of the period (¢t — 1), which
are represented by X;_1).

e The test data: Xy, a set of the fundamental factors or
financial ratios published at the end of the period (t).
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To test the strategy, that is Aggregating Equal-Weight
Predicted Portfolio (AE-WPP), three Random Forest
algorithms were trained for different numbers of estimators
respectively for 30, 300 and 3000 Regression Trees estimators.
To make implementation possible, Python Tools Scikit-Learn
package was used to carry on the procedure as it provides all
necessary features. By default, the resampling numbers of
variables equal \/— where p is the total number of variables.
The strategy will be compared to S&P 500 Index and Equal-
Weight Portfolio (E-WP) of all the S&P listed companies.

B. Results

As seen in Table (2), each year in the period from 2013 to
2020, the procedure has proven to outperform not only the
benchmark S&P 500 Index but also the naive strategy of Equal-
Weight Portfolio (E-WP) for all the companies. On average
AE-WPP generated at least two times the mean return of both
S&P 500 Index and E-WP. However, as consequence it has
higher mean volatility around 25% versus 15% for both S&P
500 Index and E-WP. However globally, it has better risk
remuneration considering the average Sharpe Ratio of around
1.47 for AE-WPP against 1.44 for E-WP and 1.14 for S&P 500.
The table below gives father details on the comparison of the
strategies in each year.

TABLE II. BACKTESTING PREDICTED AGGREGATING EQUAL-WEIGHT
PorTFOLIO (PAE-WP) FROM 2013 TO 2020

Ossgnaton vear | \rbers o | et | sharpe Mean oy
2013 |30 0.5554 2.6242 (0.4592 |0.175
AE-WPP 300 0.4964 2.545 10.4185 [0.1644
3000 0.4786 2.4631 (0.4065 |0.1651
E-WP 0.3727 2.7352 10.3253 [0.1189
SP 500 0.2639 2.2287 (0.2411 |0.1082
2014 |30 0.4498 1.5149 |0.4097 |0.2704
AE-WPP 300 0.4103 1.4614 |0.379 |0.2593
3000 0.4159 1.4659 |0.3836 |0.2616
E-WP 0.2002 1.5957 {0.1904 |0.1193
SP 500 0.1239 1.0894 |0.1237 |0.1135
2015 |30 0.0763 0.474 (0.093 |0.1963
AE-WPP 300 0.116 0.6567 |0.1296 |0.1974
3000 0.1028 0.6018 10.1172 |0.1947
E-WP 0.04 0.3352 (0.0509 |0.1519
SP 500 -0.0069 0.0325 (0.005 |0.1552
AE-WPP 2016 (30 0.1625 0.8812 10.1699 [0.1928
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300 0.15 0.809 |0.16 |0.1978
3000 01538  |0.8202 |0.1636 |0.1995

E-WP 01854  |1.2589 |0.1811 |0.1439
SP 500 01124  |0.886 |0.1154 |0.1303
2017 |30 02447 |1.7822 |0.229 |0.1285

AE-WPP 300 02004  |1.6032 |0.1913 |0.1193
3000 02174 |1.7007 |0.2057 |0.1209

E-WP 02418 |2.9979 |0.2211 |0.0738
SP 500 01842  |2:5949 |0.1726 |0.0665
2018 |30 0036  |0.2668 |0.0718 |0.2692

AE-WPP 300 00756 |0.4033 |0.1116 |0.2767
3000 0.1065  |0.5052 |0.1407 |0.2786

E-WP 00518 |02542 [0.0408 |0.1603
SP 500 00701 {03439 [0.0587 |0.1706
2019 |30 09403 |2.3135 |0.7139 |0.3086

AE-WPP 300 10418  |2.4039 |0.7688 |0.3198
3000 10614  |2.4096 |0.7796 |0.3235

E-WP 03304 |2.3346 |0.2048 |0.1263
SP 500 02871 |2.0014 |0.2614 |0.125
2020 |30 12505  |1.9064 |0.9376 |0.4918

AE-WPP 300 11907  |1.8807 |0.9006 |0.4788
3000 12422 |1.9174 |0.9258 |0.4829

E-WP 0149 |0.5663 |0.2048 |0.3617
SP 500 01529  |0.5861 |0.2022 |0.3449
Mean |30 0.4656 | 1.4704 |0.3855 |0.2541

AE-WPP 300 04601  |1.4704 |0.3824 |0.2517
3000 04723 |1.4855 |0.3003 |0.2534

E-WP 01835  |1.4462 |0.1785 |0.157
SP 500 01309  |1.1456 |0.1328 |0.1518

Finally, we present the ten most important features in 2020
(TABLE I11) among all 59 features available.

34


http://www.ijceds.com/

6

— IJCEDS

TABLE IIl. TOP TEN FEATURE IN 2020
Features Importance

Revenue 0.096314
Operating income in pct 3-year | 0.064819
average
Operating cash flow 0.039483
Operating income pct 5-year | 0.038452
average
Operating income pct year over | 0.037944
year
Cap spending 0.030685
Debt to equity 0.027306
Payable’s period 0.02726
Revenue pct year over year 0.022682
Operating income pct 10-year | 0.021999
average

IV. CONCLUSION

This paper examined a portfolio construction through
training and rules-based learning procedures to predict stocks
which fit to belong to the best performing portfolio. The
empirical test makes use of daily data from the Standards and
Poor’s 500 listed companies and their financial statements data
and financial ratios, with the Random Forest Algorithm and
Decision Tree as base model.

Random Forest Algorithm is well-known to be a robust
model when it comes to prediction as it applies a double
resampling procedure on observations and features reduce
overfitting and generally outperform Decision Trees. AE-WPP
provides a means to take advantage of the understanding of how
different features interact with the target variable (mean returns)
but also classify them according to their ability to partition or
properly split the population. That recursive splitting procedure
leads to pure partitions or leaves from which the best leaf that
maximizes the mean return is chosen to be equal-weight
portfolio. Lastly, these individual equal-weight portfolio are
aggregated to get the Aggregating Equal-Weight Predicted
Portfolio (AE-WPP) as the final predicted portfolio.

As seen previously, the backtesting strategy has proven that
the algorithm is promising and can systematically outperform
the benchmark from 2013 to 2020. The practical challenge that
one can face is the number of stocks or stocks that composed
Aggregating Equal- Weight Predicted Portfolio (AE-WPP), as it
can contain atomic weights and may demand a big size
investment amount. Future improvements still remain such as
improving the algorithm by fixing the minimum weights to
avoid very small allocation in the final portfolio.
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