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Abstract

Over the past few decades, it has proven extremely difficult to consistently outperform
financial markets. For instance, about 90% of Large Cap funds fail to beat the major
benchmark indices over extended horizons. At the same time, the availability of financial
data has exploded and machine learning (ML) methods have advanced significantly. This
convergence offers a promising opportunity to revisit traditional approaches to return fore-
casting and portfolio construction. Drawing on empirical data from large-scale forecasting
competitions and recent research on ensemble learning, this thesis examines whether com-
bining multiple machine learning models can improve short-term stock return forecasting

and enhance portfolio performance.

Specifically, this thesis develops a set of ML classifiers to predict whether individ-
ual stocks will outperform their benchmark index over the following week. The models
are trained using a walk-forward approach over a long historical period (January 2007-
December 2024), allowing for continuous re-estimation to adapt to changing market
conditions. Particular emphasis is placed on threshold selection strategies, which transform
the continuous results from the combination into binary signals. These thresholds are
optimized according to various criteria and are found to have a significant influence on

trading performance.

The predicted signals are integrated into a portfolio construction framework using
various weights allocations techniques. Of the 544 portfolios constructed, all those that
outperformed the benchmark did so using ensemble machine learning strategies. The best
performing strategy combined a mean-variance portfolio allocation with a filtering-based
covariance estimator and Ledoit-Wolf shrinkage, as well with a trimmed ensemble of ML
models whose threshold was optimized to maximize precision. This configuration results in
a Sharpe ratio of 1.11 and an APY of 19.29%. By comparison, its universe index achieved
a Sharpe ratio of 0.74 and an APY of 14.72% over the same period. Moreover, 11 of the
15 best-performing portfolios used dynamic threshold techniques explicitly designed to

maximize classification precision.

Overall, this research demonstrates empirically the practical potential of ensemble

learning and adaptive thresholding in financial forecasting and portfolio management.
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Introduction

'89.5% of all Large-Caps funds underperformed the SEP 500 over a 15-years

period. "

(SEP Global, 2024)

Nowadays, outperforming the market, i.e. benchmark indices such as the S&P 500 in the
US, is extremely difficult and rare over the long term. Of all Large-Caps funds, 75.25%
underperformed the S&P 500 over 5-years periods and this percentage rises to 84.34% and
even 89.5% over 10-years and 15-years periods respectively (S&P Global, 2024). Although
these results are direct consequences of the market’s complexity and volatility, it underlines
the difficulties inherent in financial forecasting and highlights the need for models capable
of managing the vast and dynamic data of financial markets. Forecasting financial markets

is still a challenging task in data science and finance.

This critical area has major implications for both academics and industry operators.
Forecasting stock returns and creating optimal portfolios are crucial for investors, fund
managers and other stakeholders seeking to efficiently allocate capital and manage risk in
a volatile and uncertain trading environment. For researchers, the complexity of financial
markets challenges existing predictive models and offers a clear motivation to explore new

advanced forecasting techniques.

Traditional statistical methods often fail to capture the complexity and volatility of
financial markets. With the rapid growth in data availability (Graf et al., 2020), Machine
learning techniques have become powerful tools to improve the accuracy and efficiency of fi-
nancial forecasts. Even among machine learning methods, performance varies considerably.
Each technique tends to capture certain patterns well while overlooking others, which can
limit its predictive power and its ability to fully capture complex market dynamics (Htun
et al., 2024). While single models can provide valuable information, their forecasts of-

ten exhibit limitations in terms of reliability and robustness when they are used in isolation.



The integration of several forecasting models in an ensemble learning approach appears
to be a promising way of overcoming these limitations (Atiya, 2020). By combining
different models, it enables us to capture a diversity of signals present in financial data,

thereby improving the stability and accuracy of forecasts.

In this context, the objective of this research thesis is to assess the potential of using
an ensemble of machine learning models for predicting future stock returns in

order to create an optimal portfolio, i.e. one that outperforms a benchmark index.

The theoretical foundations of this thesis are based on several key areas both in finance

and machine learning.

In finance, the efficient market hypothesis (EMH) suggested by Eugene Fama in 1970
serves as a key basis. This hypothesis suggests that all available information is already
accounted for in stock prices (Fama, 1970). In other words, there is never any error in the
valuation of stock prices. Assets are never undervalued or overvalued. In such a situation,
the price of an asset is always equivalent to its theoretical value. The main implication of
this hypothesis is that, if true, it is impossible to make profits on the basis of under- or
over-valued assets. However, EMH often fails to account for short-term irregularities and
the influence of psychological and behavioral factors. Indeed, the EMH assumes that all
individuals act in a rational manner, but actual behavior is influenced by various cognitive
biases, emotions and not unpredictable events directly themselves but the unpredictable
reactions to those (such as the 2008 crisis or the COVID-19 pandemic). The Adaptive
Market Hypothesis (AMH) addresses this limitation by suggesting that market efficiency is
not static (Lo, 2004). It proposes that markets behave in a way that may appear efficient
during certain periods, but at other times, deviate temporarily in unexpected or irregular
ways. These deviations reflect changes in market dynamics, often influenced by changes in

investor behavior, market conditions or external factors.

The portfolio optimization of this thesis is also based on a seminal model in the
financial theory ; The Modern Portfolio Theory (Markowitz, 1952). Markowitz introduced
the concept of the efficient frontier, which identifies the set of portfolios that generate
the maximum expected return for a given level of risk. This theory was pioneering in
portfolio management, as it introduced the idea of optimal diversification. However, the
optimization framework has also been widely criticized due to its unstable solutions (R.
Michaud, 1989). Many researchers have studied the issue and proposed potential solutions,
such as the shrinkage method (Ledoit & Wolf, 2004), on which this thesis will be based.

To address the research question, this thesis will follow an empirical methodology.

Historical stock prices will be collected from sources such as Bloomberg. Several machine



learning models will then be applied to analyze these data and cross-validation techniques
will be used to optimize model parameters and ensure robust forecasting results. Finally,
forecasts will be optimally combined and four different portfolio construction techniques

will be tested and compared to create a dedicated optimal portfolio.

This thesis is organized as follows:

o Chapter 1 and 2 provide a review of the literature on machine learning techniques
applied to stock market return forecasting. Particular attention is given to methods
of combining forecasts, highlighting both the theoretical foundations, motivations

and empirical evidence supporting ensemble approaches.

o Chapter 3 highlights different portfolio optimization techniques. It begins with
the seminal work of Markowitz on Modern Portfolio Theory (Markowitz, 1952).
To address the constraints explained previously, some alternative optimization
techniques are introduced, each designed to improve and enhance the capabilities of

the Markowitz framework to generate robust and optimal portfolios.

o Chapter 4 details the methodological framework adopted in this thesis. It describes
the process of training individual predictive models, combining their results and

systematically varying the classification thresholds applied to the combined forecasts.

 Chapter 5 reports empirical results obtained from a dataset on US equities (NASDAQ-
100). The predictive metrics of individual models and combinations of sets are
evaluated and compared statistically to a random benchmark. The portfolios con-
structed are then compared to a passive investment strategy that replicates the index
of the equity universe under consideration. The analysis includes a comparative
assessment of returns, risk-adjusted performance and the sensitivity of the results to

the threshold parameter governing binary classification decision.

o Finally, the conclusion synthesizes the main findings, discusses the practical and
theoretical limitations of the approach and proposes directions for further research
in the area of stock return prediction and the design of ensemble-based portfolio

strategies.



Machine Learning Models

Machine learning refers to models that automatically learn patterns in data, including
complex relationships often missed by traditional statistical methods. These patterns are

used to make predictions or decisions on future outcomes based on new input data.

Machine learning is based on three fundamental concepts: data, a model and learn-
ing. As an inherently data-driven discipline, its aim is to extract meaningful patterns
from data with a minimum of domain-specific input. A model represents a structured way
of describing the relationship within the data, for example, mapping inputs to outputs
in a regression. Learning is the process by which the model improves its performance on
a task as it is exposed to more data, with the ultimate aim of generalizing well to new,

unseen examples (Deisenroth et al., 2020).

Several recent studies have shown that machine learning techniques may outperform
classical models in stock return forecasting tasks (Gu et al., 2020). Traditional linear
models may have limitations to capture the complex and nonlinear dynamics of financial
markets. In contrast, machine learning models can adapt to high-dimensional data and
discover hidden, complex and implicit interactions between variables/features, making

them well-suited for forecasting tasks under uncertainty.
Theoretical Framework of Machine Learning Models Used

In this thesis, machine learning is used as a predictive tool to classify stocks based on
expected future returns. Although a full discussion of machine learning models is beyond
the scope of this main document, a brief overview is provided here to maintain consistency

in the structure of this thesis.

To give structure to our analysis, we follow a simple and well-known way of organizing
machine learning methods: by separating them based on how they learn from data and

the type of problem they are meant to solve.
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The first distinction is between supervised and unsupervised learning. Supervised learn-
ing is used when we have both input features (such as technical indicators, fundamentals,
or historical prices) and a known target outcome, here, whether a stock will outperform a
benchmark. This is the core of our predictive task. Unsupervised learning, on the other
hand, is applied without any predefined target variable. In our case, we use it primarily
through dimensionality reduction (PCA), to simplify and clean the feature space before

training models.

Another key difference lies in the prediction task itself. While regression aims to
predict a continuous outcome (such as expected return), we formulate our problem as a
binary classification: each stock is labeled 1 if it is expected to outperform over a certain
horizon, and 0 otherwise. This binary framework is closer to the decision-making process

of portfolio managers, who are more interested in rankings than in exact estimates of return.

Based on this framework, we apply a wide range of supervised machine learning models
to generate predictions. These include linear models, tree-based algorithms, support vector

machines, k-nearest neighbors, and neural networks.

While the goal here is to keep this brief overview concise, all the general definitions,
theoretical foundations, and mathematical formulations of each model used are fully
detailed in Appendix A. This includes not only how each algorithm works in practice,
but also the underlying assumptions, the learning mechanisms, and their relevance in a
financial forecasting context. Moreover, if the reader is not familiar with classification
metrics used to analyze the performance of machine learning models, they may refer to

Appendix C for detailed information.

This theoretical base sets the foundation for the ensemble learning strategies developed
in the next chapter, where individual model forecasts are aggregated into a single decision

signal.



Ensemble of Machine Learning Models

In this chapter, the main motivations for using ensembles of machine learning models are
presented. Their typology is reviewed and the different categories considered throughout
the thesis are described, ranging from simple averaging techniques to trimming, screening
and more advanced approaches based on constrained optimization and penalization. Finally,
the concept of threshold selection is introduced, as it constitutes a central element of this

thesis.

2.1 Motivations for Forecast Combination

Combining forecasts from several predictive models has become a keystone in modern
forecasting practice, particularly in financial applications. Several theoretical and em-
pirical studies have demonstrated the value of combining forecasts, both as a safeguard
against model misspecification and as a means of systematically improving out-of-sample

performance. Those motivations are collected in this section.

2.1.1 Mitigating Model Uncertainty

The first and perhaps most important reason for combining forecasts is to protect against
model uncertainty. As Wang et al. (2023) point out, the true process of data generation
is generally unknown and the selection of a single correct model is often impossible. In
their review of over five decades of literature, the authors point out that combining
forecasts allows practitioners to guard against the risk of choosing a misspecified model by
aggregating several plausible alternatives. They note that different models can extract
complementary information from the data, particularly when they are built from distinct

assumptions, data transformations or learning algorithms.

In this sense, combining forecasts is a practical solution to the fundamental limitation

that no single model can consistently dominate across time, data sets or market regimes.
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2.1.2 Variance reduction through diversification

The ability of forecast combinations to reduce error variance has been well established.
Atiya (2020) provides a geometric intuition, represented in Figure 2.1, showing how forecast
combinations can be closer to the true value in Euclidean space than any individual forecast,
particularly when the individual models are diverse in structure and have uncorrelated
forecast errors. The author shows that the mean squared error of the combined forecast can
be strictly lower than that of the best individual model, particularly when the combined

models are accurate and diversified.

Y1

Figure 2.1: Geometrical intuition of forecast combination. The solid lines between the
points (forecasts) u(1),...,u(5) represent the forecast combinations, while the distances along the
dotted lines to the true value y are proportional to the RMSEs of the corresponding forecasts
(Atiya, 2020).

This corresponds to the formal bias-variance decomposition presented by Timmermann
(2006), who explains that while combining forecasts may not substantially reduce bias, it
tends to significantly reduce variance, a desirable trade-off in predictive modeling. His anal-
ysis further shows that this effect is amplified when model errors are not highly correlated,

reinforcing the idea that model diversity is essential to the success of combinations.

2.1.3 Empirical Evidence in Forecasting Competitions and Fi-

nancial Applications

Empirical results strongly support the theoretical argumentation for the combination
previously described. In the M4 competition, a large-scale forecasting challenge in multiple
domains, Makridakis et al. (2018) reported that most of the best-performing methods
were combinations of simpler models. Of the 17 best-performing methods, 12 were fore-

cast ensembles. The authors point out that hybrid methods (combining statistical and
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machine-learning forecasts) have outperformed stand-alone models.

This pattern was reinforced in the more recent M5 Accuracy Competition (Makridakis
et al., 2022), which focused on retail sales forecasting using real-world Walmart data.
Unlike M4, the M5 dataset included both time series data and structured exogenous
variables such as prices, calendar effects and promotions. The best-performing methods
were, again, ensemble-based approaches, particularly gradient boosting frameworks like
Light GBM. Importantly, this highlighted that combining models trained on complementary
information, whether it be time dynamics or exogenous features, leads to substantial gains

in out-of-sample performance.

While M5 did not involve financial returns directly, the lessons are transferable: in
high-dimensional, hierarchical and noisy environments, ensemble strategies systematically
(in a empirical way) outperform individual models. This reinforces their relevance in finan-
cial applications, where market data exhibit similar levels of heterogeneity, non-linearity

and structural variation.

In the context of stocks returns forecasting, Wolff and Echterling (2022) showed that
combining forecasts from various machine learning models led to substantial improvements
in predictive accuracy and Sharpe ratios. Their ensemble models consistently outperformed

individual models as well as equal-weighted market benchmarks.

2.1.4 Regularization and Structural Stability

Another important reason why forecast combinations tend to work well, especially in
finance, is that they help control the complexity of the model. This idea is known as reg-
ularization. In simple terms, regularization refers to techniques that limit the flexibility
or instability of a model, especially when the available data is noisy or limited. Instead of
letting the model chase every small variation in the training data (which often leads to
overfitting), regularization introduces a form of restraint, for instance, by discouraging

large or erratic weights.

In the context of combining forecasts, regularization typically means shrinking the
weights of the combined model toward a more neutral or stable configuration, such as
equal weights or weights based on past performance. This acts as a safety mechanism: if
the data suggests that a certain model should be heavily weighted, the algorithm will still

do so, but cautiously and only when the evidence is strong.

Roccazzella et al. (2022) propose a constrained optimization framework for combining
forecasts that explicitly uses this principle. They penalize combinations that deviate too

far from a chosen reference scheme, such as equal weights or inverse-loss weights. This
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penalty, the regularization term, serves to stabilize the solution and reduce the risk of
putting too much trust in a single, potentially overfit model. Their empirical results
show that such shrinkage-based combinations consistently outperform more aggressive,

unconstrained alternatives.

In this sense, combining forecasts does not just improve accuracy through averaging, it
also improves reliability by controlling how much we “trust” each individual model. That’s
a key reason why combination methods often generalize better out-of-sample than any

single machine learning model.

2.1.5 Limitations

Combining forecasts is not always Risk-Free. While the benefits of forecast combina-
tion are well-documented, it’s important to acknowledge that combining models doesn’t
automatically guarantee better performance. In fact, under certain conditions, ensemble

strategies can lead to worse predictions than even a single well-calibrated model.

As highlighted by Atiya (2020), combining a high-quality forecast with one that is
poorly calibrated or highly biased can lead to degradation in performance, especially if the
bad forecast is not down-weighted. The author stresses the importance of model selection
and the potential danger of including “dragging” forecasts that reduce the overall forecast

quality.

Wang et al. (2023) also remark that correlated forecast errors can limit the bene-
fits of combination. If all models react similarly to a structural break or share the same

inputs and assumptions, then combining them may amplify, rather than cancel, their errors.

This highlights the importance of using more refined combination methods. Techniques
such as trimmed averages (which exclude the worst-performing forecasts), performance-
based weighting, or penalized optimization (as proposed by Roccazzella et al. (2022)) are
particularly useful in reducing the impact of poor models and focusing the ensemble on

robust contributors.

2.2 Typology of Ensemble Strategies

Forecast combination methods can be classified into a few broad categories, depending
on how they group individual forecasts, how weights are assigned and whether or not
learning takes place. The subsequents examples are the ones implemented in the empirical
study. Moreover, in this thesis, the combination problem is formulated similarly to the
optimization problem discussed by Roccazzella et al. (2022), where forecasts are treated

analogously to risky assets in a portfolio. Main of the combination strategies here-bellow
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are derived from their work. However, the methods developed in Roccazzella et al. (2022)

were originally designed for combining point forecasts in a regression setting. In this

thesis, we extend their framework to the classification context, where individual models

produce binary predictions. While the mathematical structure of the aggregation remains

identical, the definition of forecast “loss” and the interpretation of performance metrics

are adjusted accordingly.

Let us denote:

M ={1,...,m} is the set of all individual models,

o~

Y = [}7(1), . ,y<m)] € RV*™ the matrix of forecasts, where each column y¥) € RN

is a vector of N predictions made by model 7,

w € R™ the vector of combination weights, satisfying w; > 0V j=1,...,m and

>ityw; = 1. This formulation ensures that:

— weights can be seen as proportions (of confidence, performance, information),

— the aggregated result remains bounded within the same scale as the original

predictions,

— the solution is interpretable: each model contributes "up to" its weight.

y288 ¢ RY the combined forecasts vector. All combination methods implemented in
this thesis share the same basic structure; the combined forecasts vector is a linear

combination of the individual model predictions, i.e.:
§ = Yw = > w;yt) (2.1)
j=1

Unlike in regression contexts, an additional step is required in classification: the

binarization of the combined forecasts vectors.

Thresholding in classification: In the context of regression-based forecast combi-
nations, no thresholding is needed since the outcome is continuous and directly inter-
pretable. However, in classification problems, the aggregated prediction 3% € [0, 1]
must be binarized to obtain final class decisions. The default threshold is usually set

at 7 = 0.5, treating predictions above 0.5 as class 1.

Yet, this choice is arbitrary and may not reflect the optimal decision boundary in real-
world datasets, especially when class distributions are imbalanced or when precision
and recall need to be balanced. As such, selecting the threshold 7 becomes a crucial
step in classification ensembles and can significantly impact the final performance.

We expand on this idea in Section 2.3.
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e oagg
ol — 1 ify; 2 T (2.2)
0 otherwise
This post-processing step aligns the continuous ensemble output with the binary
nature of the prediction task and ensures consistency across individual and aggregated

model decisions.

The ultimate goal is to find a weight vector w that minimizes forecast error across the N
predicted observations. What distinguishes these methods is how the weights are selected.

Below, one presents the main strategy families and the methods implemented in this thesis.

2.2.1 Averaging-Based Methods

Simple Average (SA)

This method assigns uniform weights to all forecasts:

13
wl=1/m, Vj=ys=—>Y g0 (2.3)
m “
J=1

It is often used as a benchmark and has been shown to perform surprisingly well in many
practical applications (Genre et al., 2013; Smith & Wallis, 2009) Its simplicity avoids
over-fitting and estimation risk, especially when the number of forecasts is large relative

to the available sample size.

Loss-Based Weights (IL)

This method assigns weights inversely proportional to past forecast errors: Let /; be a

historical loss for model j. Then:

0t

=m —1 S}agg = ?W (24)
k=1 Ek‘

U}j =

However, there are various ways to define this historical loss. Since we operate in a
classification framework, where models output binary predictions over {0, 1}, it is nec-
essary to define an appropriate loss function to evaluate model performance and derive
combination weights. Several scoring rules can be used in this context: 0-1 loss (binary

error), Logarithmic loss (cross-entropy), Brier score, precision, recall or even F1-score.

In this thesis, one chooses the mean classification error (0-1 loss) as the proxy for
inverse model quality. Specifically, we compute the average error of each model j over a

validation set:
N

éjzile[@-(j) # yil

=1
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The associated inverse-loss weights are then defined as:

1L 1/ €j
IS R VA 2

This weighting scheme favors models that achieve lower average misclassification rates.
We adopt the 0-1 loss rather than the others for two reasons. First, our classification
problem is nearly balanced across classes (positive class: 48%), negative class: 52%), making
the 0-1 error a reliable and interpretable performance measure (Bishop, 2006; Hastie et al.,
2009). Second, in subsequent methods (e.g., constrained optimization and shrinkage),
we estimate the covariance matrix of model errors, which is naturally defined from the
binary error matrix. Using the same loss function for both performance ranking and error

structure estimation ensures consistency and coherence across the ensemble framework.

2.2.2 Trimming and Screening-Based Methods

Forecast trimming and model screening methods are based on the idea that not all forecasts
in a pool of m candidate models should be included in the final combination. Some may
be too noisy, redundant, or clearly suboptimal. This family of methods seeks to identify
and retain only a subset of reliable forecasts, thereby improving robustness and potentially

reducing forecast error.

Formally, the forecast combination still follows the general structure:

yeE =3 wy¥,  withw; =0ifj¢ A, > w;j=1, w; >0 (2.6)
j=1

=1

where A C M is the set of selected models. The main difference with full-pool ap-

proaches lies in the pre-processing step that determines A.

Fixed Proportion Trimming (T-SA-p)

This method implements global model trimming, as opposed to pointwise observation-level
trimming. It excludes a fixed number p of the worst models based on their average error

over a validation set.

Define the set of retained models A = {1,...,m — p} by selecting the m — p models

with the lowest mean errors:

A= argnlinSC{l,...,m}7 |S|=m—p Z éj (27>
JjES

Assign weights as:

|711| ifjeA 28)

wj =
0 otherwise
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Cross-Validated Trimming (T-SA-cv)

Same as fixed trimming, this method selects a subset of models by removing a proportion

of the worst performers. However, rather than fixing the trimming level p manually, the
optimal number of excluded models is chosen via cross-validation. Specifically, a range of
candidate values p € {1,2,..., Pmas} is evaluated on a validation set using the classification
loss previously described and the value of p minimizing the mean classification error is

retained.

This approach increases robustness and adaptiveness, especially when model perfor-

mance varies across times-series or market regimes.

Model Confidence Set (T-mcs-«)
The Model Confidence Set (MCS) procedure, introduced by Hansen et al. (2011), is a
formal statistical method used to identify the subset of models that belong to the set of

superior forecasts with a given level of confidence a.
Let recall that M = {1,...,m} is the initial set of models. The MCS procedure

iteratively tests the null hypothesis of equal predictive ability among models:
Hy E[djk] =0 VJ,/{? c Mt,

where djj, is the loss differential between models j and k. At each step, the model with the
worst performance is removed based on test statistics as t,,., and the process continues

until the null hypothesis can no longer be rejected at level a.

The resulting set M, C M is referred to as the superior set of models at confidence
level a. Then formally:

wj = ﬁ ifj e M. (1.9)

0 otherwise

In our thesis, one implement a simplified bootstrap-based approximation of the Model

Confidence Set (MCS) procedure proposed by Hansen et al. (2011). Specifically, we use a

moving block bootstrap (to account for serial dependence in forecast errors) to resample

the error matrix and compare each model to the current best model using paired t-tests.

A model is retained if it is not significantly worse than the best model in at least 1 — « of

the bootstrap replications. This pragmatic approach, while not strictly equivalent to the

full MCS procedure, captures the same intuition of identifying a subset of robust models

and performs well in practice (Roccazzella et al., 2022).



CHAPTER 2. ENSEMBLE OF MACHINE LEARNING MODELS 14.

2.2.3 Constraint Optimization

The constraint optimization, also called the minimum variance combination strategy treats
forecast aggregation analogously to portfolio allocation. The central idea is to minimize
the variance of the combined forecast error by exploiting the cross-covariance structure
between models, just as in mean—variance portfolio theory where the goal is to minimize

portfolio risk (i.e. variance).

Constraint Optimization - Minimum Variance (C0)

Let V be the forecast error matrix and % the empirical covariance matrix of model errors,

build as: .

The optimal weight vector is then the solution to the following quadratic program:

* : T
W = arg min w xw (2.9)
subject to the simplex constraint:
W= {WGRm:ijO, ijzl} (2.10)
j=1

2.2.4 Penalized Constrained Optimization (COP)

The COP framework extends the minimum variance approach by incorporating a regular-
ization term that penalizes deviations from a reference weight vector w*®f. This makes the
resulting combination both optimal in terms of variance and robust to estimation errors.

One uses the same notation as used in Section 2.2.3.

The optimization problem becomes:
- ; T . ref
W5 = arg min (w Yw+0-d(w,w )) (2.11)

where:
e 0 > 0 is a regularization parameter controlling the strength of shrinkage;
o d(-,-) is a divergence function measuring the distance between w and wre.
Different choices of divergence yield different penalized versions:
« L2 penalty (ridge): d(w,w'™) = ||w — w*{||?

« L1 penalty (lasso): d(w, w™) = ||w — w™||;

» Elastic Net: d(w,w™) = afw — w™|[; + (1 - o) [lw — w™|]3
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« Cross-entropy: d(w,w™) = >ty w;log <$i£f>
i

This approach generalizes classical forecast combination by combining both performance
optimization and structural regularization. It was formalized and applied to forecast
combination by the seminal work of Roccazzella et al. (2022). The reference weight vector

w' is typically set as the ones derived from Section 2.2.1:

o W =wF — Equal Weights (i.e. Simple Average);

e wf =W/l — inverse Loss-Based.

The COP framework offers a natural regularization mechanism, balancing the flexi-
bility of error-based weighting with the stability of shrinkage toward a structured prior
(Roccazzella et al., 2022).

2.2.5 Covariance Shrinkage Optimization (COS)

The COS framework proposes to regularize the combination process not by penalizing
the weights directly, but by stabilizing the covariance matrix 5> used in the optimization.
When the number of observations N is small relative to the number of models m, the
empirical covariance matrix of forecast errors may be poorly estimated. The COS method
mitigates this by shrinking 5 toward a structured target matrix X, leading a more robust

estimate:
Sh= 1=+ A%, Aelo,1] (2.12)

The shrinkage intensity A € [0, 1] governs the trade-off between the empirical covariance
matrix i, which may be noisy in small samples and the structured shrinkage target X,.
A higher value of A puts more weight on the prior, improving stability but introducing
bias. Conversely, a lower A\ allows more flexibility but risks overfitting to estimation noise.
In this thesis, X is selected via cross-validation over a predefined grid, by optimizing
classification performance on a validation set. This empirical tuning approach aligns with
the practical and data-driven nature of the thesis and reflects the common procedure used

in shrinkage-based portfolio optimization.

The final weights are then computed via minimum variance optimization:
* : T
= )y 2.1
W) = arg min w S,w (2.13)
Two structured shrinkage targets are considered:

« COS-E (Equal weights): the target matrix is set to g = I, where 52 := L Y7 57
is a constant and I the identity matrix. This corresponds to the assumption that all
models have equal and uncorrelated forecast errors. In this setting, if the shrinkage

were total (i.e.A = 1), the solution would be equivalent to assigning equal weights to
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all models. The name COS-E reflects this implicit connection to the equal-weighted

baseline.

o COS-IL (Inverse Loss): the shrinkage target is a diagonal matrix ¥y = diag(c?,...,02),

rYm
where each 0]2- is the empirical variance of the classification error of model j. When
computed from 0-1 loss, this target reflects heteroskedasticity in model performance.
If X =1, the solution tends toward inverse-loss weighting, since minimizing under a
diagonal ¥y leads to:

g;

which is equivalent to inverse variance or inverse error weighting. Hence, the
COS-IL label denotes the fact that this target structure approximates the inverse-

loss weighting scheme.

2.3 Threshold Selection in Classification-Based Fore-

cast Combinations

While most ensemble forecasting literature has focused on regression tasks, our setting
requires combining binary forecasts to predict the direction of future stock returns. In this
context, the output of each model gjz-(j ) e {0,1} typically represents a binary classification

)

output. After aggregation, the combined forecast §;? = 3=, wjg]i(j remains a continuous

value in the range [0, 1].

Unlike regression tasks, classification requires transforming these continuous outputs
into binary predictions. A typical practice is to set a threshold of 7 = 0.5, classifying an
instance as class 1 if §;%Y > 7.This practice comes from logistic regression, where it is
assumed that predicted probabilities are calibrated and classes occur in similar proportions.
However, these assumptions rarely hold in financial contexts.In stock prediction, datasets
tend to be imbalanced, and the costs of mistakes can differ between false positives and
missed signals. Consequently, choosing an appropriate threshold 7 becomes a critical step.
The fixed threshold at 0.5 may be suboptimal and even harmful to real-world performance,

especially in a walk-forward evaluation setting.

Some recent studies have emphasized how adjusting thresholds can improve classifi-
cation when classes are unbalanced (Mohammed et al., 2023). In financial forecasting,
some recent works using reinforcement learning ensembles have shown that dynamically
adjusting variance thresholds improves trading performance (Shao et al., 2024). However,

few studies on financial forecast combination address how thresholds should be set.

In this thesis, we formalize the problem of post-combination threshold selection and
propose three practical strategies, in addition to the naive threshold, each designed to

increase the flexibility and robustness of classification ensembles.
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o Naive Threshold (naive): The default rule assigns class 1 if the aggregated
probability exceeds 7 = 0.5. While commonly used (Simonis, 2021), this threshold
assumes symmetric misclassification costs and balanced data, assumptions that might

not hold in real-world financial applications.

« Direct Optimization (OPTI): We solve for 7* = arg max, Caq(7), where Cpq is a
classification metric (e.g., Fl-score, accuracy). This approach requires a validation

set and directly optimizes the chosen performance measure.

o Cross-Validated Thresholding (CV): To prevent overfitting due to limited valida-
tion data (typically 10% in our walk-forward setup), we implement a TimeSeriesSplit

cross-validation. The best 7 is selected based on average metric performance across
the folds.

+ Quantile-Based Thresholding (QTL): In scenarios where no ground truth is
used for threshold tuning, we propose using the empirical distribution of predicted
scores. For instance, setting 7 at the 75th percentile ensures that only the top 25%

of confident predictions are labeled as positive.

Main Takeaways

In this chapter, we clarified the main motivations for adopting ensemble strategies, including
their ability to mitigate model uncertainty, reduce variance and improve both regularization
and structural stability. We have also emphasized that, despite their attractive properties,
ensemble approaches have certain limitations that deserve consideration. In addition, we
have explored in greater depth the typology of ensemble techniques selected for this thesis.
In particular, we emphasized the relevance of mean-based methods, selection and trimming
strategies and more advanced frameworks such as constrained optimization, either with
explicit penalty terms or via covariance shrinkage. Finally, we stressed the importance of
carefully determining threshold selection procedures. In this regard, we examined four main
approaches: a naive method, a direct optimization strategy, a cross-validation procedure,
and a quantile-based criterion. Together, these considerations lay a foundation for the
subsequent implementation and empirical evaluation of ensemble models in predicting

future stock returns.



Portfolio Optimization

This chapter addresses the problem of portfolio optimization from a non-traditional angle.
Rather than estimating future returns or relying on parametric assumptions, we take a
classification-based approach: each year, we train machine learning models; both individual
and ensemble-based, to predict whether a stock is likely to outperform or underperform a

benchmark over the coming week.

These models are used in a walkforward setting: at the start of each year, they are
trained on past data to generate binary predictions for the investment horizon ahead.

Based on these predictions, we select a subset of assets classified as likely outperformers.

The focus of this chapter is on how to allocate capital among these selected assets using
robust and data-driven methods. Importantly, we do not estimate expected returns, we
only compute the empirical covariances based on past returns. Therefore, we restrict our
attention to portfolio optimization techniques that either do not require return forecasts

or are explicitly designed to handle such classification-based settings.

Moreover, if the reader is not familiar with back-testing metrics used to analyze the

performance of portfolios, they may refer to Appendix C for detailed information.

We will review and apply four main allocation strategies:

Equally Weighted Portfolio (EW)

Mean-Variance Portfolio (with a focus on its minimum variance form)

A shrinkage approach

A filtering approach

A combined approach
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3.1 Equally Weighted Portfolio

The equally weighted portfolio (EW) assigns the same weight to each asset in the selected

universe. Formally, for a portfolio consisting of N assets, the weights ;! are given by:

1
%:N’ fori=1,....N

This approach does not rely on any statistical estimates of expected returns or co-
variances. As such, it is often used as a benchmark in empirical studies of portfolio
performance. Despite its simplicity, the equally weighted portfolio has shown surprisingly
strong out-of-sample performance relative to more sophisticated optimization methods.
For instance, DeMiguel et al. (2009) demonstrate that, across a wide range of datasets and
investment settings, EW often outperforms mean-variance portfolios that rely on estimated

inputs.

In our context, the EW strategy is applied to the subset of assets classified as likely
to outperform the benchmark over the subsequent period, based on machine learning
predictions. The use of EW on a filtered set of assets allows us to combine the predictive

power of classification models with the robustness of a non-parametric allocation scheme.

3.2 Risk-Based Portfolio

3.2.1 Mean-Variance Portfolio

The mean-variance optimization framework, introduced by Markowitz (1952), defines the
portfolio selection problem as a trade-off between expected return and risk, where risk
is measured by the variance of portfolio returns. The investor selects weights v € RY to

solve the following quadratic optimization problem:

. T
min 7y Dy
subject to ' pu = Ly (3.1)
N

Z%:l

i=1
where p € RY is the vector of expected returns, 3 € RV*¥ is the covariance matrix of

asset returns, and p, is the target return.

Since the true values of p and ¥ are unknown, they are typically estimated from

historical data. Let R € RT*" denote the return matrix, where each row corresponds to a

We use here the notation 7 to clearly differentiate those weights from the one used during the
combination phase of the forecats
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time observation and each column corresponds to an asset. Denote by r; the t-th row of

R, i.e., the vector of returns of all N assets at date ¢:

f= ;; r (3.2)
$i= S (o= i~ )’ (3.3)

These estimators are simple and unbiased under the assumption that asset returns are
independently and identically distributed. In the context of our work, this estimation is
carried out only for the subset of assets that have been classified as likely to outperform

the benchmark, using past return vectors for covariance estimation.

Issues with Mean-Variance method, the estimators

Despite its elegant formulation, the mean-variance approach is notoriously sensitive to
estimation error, especially in i and 3, as demonstrated in both theoretical and empirical
studies.

As discussed by R. O. Michaud (1989), small perturbations in the input estimates
can lead to large shifts in the optimized portfolio weights, an issue known as “error
maximization”. This is particularly problematic in high-dimensional settings, where the

number of assets IN approaches or exceeds the number of observations T'.

Jagannathan and Ma (2003) argue that the sample covariance matrix performs poorly
in these settings, resulting in portfolios that are not well diversified and highly unstable
out-of-sample. The condition number of )y may also be extremely high, leading to numeri-

cal instability when inverting the matrix in the optimization routine.

Moreover, DeMiguel et al. (2009) show that these estimation errors frequently result
in optimized portfolios performing worse than simple naive strategies such as the equally
weighted portfolio. Kan and Zhou (2007) further emphasize that the utility loss caused by
parameter uncertainty can be substantial, and that investors may benefit from adopting

estimation-robust alternatives.

These limitations highlight the importance of using estimation methods that improve
the stability of empirical covariance matrices in practice. In the following sections, we

explore two such approaches: shrinkage estimators and eigenvalue filtering techniques.
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3.2.2 Shrinkage

As highlighted in the previous section, the sample covariance matrix 3 can perform poorly
in high-dimensional settings due to its sensitivity to estimation noise. To mitigate this
issue, shrinkage methods propose combining the sample estimator with a structured and

more stable target matrix. The general form of a shrinkage estimator is:

Siw =00+ (1 -6

where © is the shrinkage target (e.g., identity matrix, constant covariance matrix),
and ¢ € [0, 1] is the shrinkage intensity parameter.

Ledoit and Wolf (2004) develop an analytically optimal shrinkage estimator that
minimizes the mean-squared error (MSE) between the true covariance matrix and its
estimate. Their estimator is particularly well-suited for large-dimensional portfolios, where
the sample covariance matrix becomes unstable or even singular. The shrinkage intensity

0 is data-driven and adapts to the concentration of eigenvalues in the sample.

Shrinkage is computationally efficient, improves the conditioning of the covariance
matrix, and leads to more stable out-of-sample portfolio weights. As emphasized in Ledoit
and Wolf (2003), the approach delivers performance close to the true (but unobservable)
optimal portfolio. However, although shrinkage techniques improve stability by shrinking
noisy sample estimates toward a structured target, they do not fully correct for the
distortions present in the eigenstructure of the covariance matrix. This is especially
problematic when dealing with a large number of assets. Therefore, we now turn to

spectral filtering methods

3.2.3 Filtering

An alternative way to improve the stability of covariance estimates is to employ Random
Matrix Theory (RMT), which provides a formal framework for distinguishing noise from
signal in large correlation matrices. In practice, the filtering procedure is typically applied
to the correlation matrix rather than directly to the empirical covariance matrix 5. Let
D denote the diagonal matrix containing the standard deviations of each asset on the
diagonal, i.e., D = diag(\/i s e m> Then the empirical correlation matrix is
given by
C=D'ED.

Random Matrix Theory provides a theoretical reference to distinguish noise from signal
in such correlation matrices. Specifically, the theory states that for a correlation matrix
constructed from N standardized random time series of length T', the eigenvalue distri-

bution converges to the Marchenko-Pastur distribution as N,T — oo, provided that

1< % < 4+00. Under these assumptions, the limiting density of expected eigenvalues A is



CHAPTER 3. PORTFOLIO OPTIMIZATION 22.

bounded within the interval A € (1 — %)2 , (1 + @)2 .
A Ap

Therefore, considering our empirical correlation matrix C, any eigenvalue that lies
between A\_ and A\, can be considered as arising from noise. Conversely, any eigenvalue
exceeding A, can be interpreted as containing genuine signal. Accordingly, we can

decompose the empirical correlation matrix as:

~ ~

C=CM + oW
noise signa

where C(™ .= Dian<hy i Ui v, with v; denoting the eigenvector associated with the i-th
eigenvalue, and C® .= C — CW. In our implementation, we retain only the signal
component C'®), effectively projecting the correlation structure into the subspace spanned

by the significant eigenmodes. Finally, we recover a filtered covariance matrix:
Sﬁltelred =D é(s) D.

Pioneering work by Pafka et al. (2004) and further extended by Bun et al. (2017) has
demonstrated that such spectral cleaning leads to more robust covariance estimators,

especially when combined with shrinkage and regularization.

3.2.4 Combination of Shrinkage and Filtering

In our setting, we further regularize the filtered covariance matrix by shrinking it towards
the Ledoit—Wolf shrinkage estimator. Concretely, the final estimator is computed as the

combination:

i\3ﬁnal = (1 - 5) iﬁltered +0 ZAJLVV?

where $1w denotes the Ledoit—Wolf shrinkage target and § = 0.3, fixed arbitrary, controls
the balance between the two approaches. This hybrid estimator thus combines the benefits
of spectral noise reduction with shrinkage regularization, improving both the stability and
the reliability of the covariance estimates used in portfolio optimization. It is this method
that is refer as FILTERING in the further results.



Empirical Methodology

This chapter describes how the models were tested to identify if a stock is likely to
outperform or underperform an index and build portfolios based on this predictions. It
relies on the theoretical foundations discussed in Chapters 1, 2 and 3. The approach
includes four main steps: preparing the dataset, training the models, creating the portfolios,

and assessing their performance.

4.1 Dataset Construction

4.1.1 Universe

For this analysis, we focus on the stocks included in the NASDAQ-100 index. This
index represents the 100 largest non-financial companies listed on the NASDAQ Stock
Market, ranked by market capitalization. The time horizon of the forecasts extends from
January 2007 to December 2024. The NASDAQ-100 is known for its heavy exposure
to technology and growth-oriented companies such as Apple, Microsoft, and NVIDIA,
which makes it particularly interesting for prediction tasks due to its higher volatility and

innovation-driven price dynamics.

We select this index for several reasons. First, the stocks that constitute the NASDAQ-
100 are highly liquid, which means it is more reasonable to assume that trading activities
based on model predictions would not significantly impact prices. Second, as a large-cap

benchmark, it reflects realistic investment constraints faced by institutional investors.

The NASDAQ-100 index is reviewed and rebalanced by NASDAQ every quarter, with
constituents added or removed according to predefined eligibility criteria. To build our
dataset in a way that reflects these changes over time, we use the actual historical compo-
sition of the index as it evolved. Because our out-of-sample predictions cover a full year
ahead, we fix the set of constituents to those included in the index at the start of each

year.
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Given the evolving nature of the index, we were careful to ensure that no stock was
included in the dataset before its actual inclusion date in the index, or after its removal,
strictly aligning the universe to what would have been known at the time. Additionally,
we required that each stock have sufficient historical price data available to be included in
the initial training window in which it appears. This condition ensures that models are

trained on complete and consistent data.

This methodology avoids survivorship bias! and reflects the constraints of a realistic,
real-time investment strategy. The historical constituents and historical price data are
sourced from Bloomberg L.P. (2024). Figure 4.1 shows the evolution of the number of

securities included in the index over time.
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Figure 4.1: Evolution of NASDAQ-100 index composition and annual turnover
between 2006 and 2024. The blue solid line indicates the total number of stocks included in
the index each year, while the yellow dotted line shows how many of these stocks had at least
four years of historical data at the time of analysis. The red bars represent annual turnover,
measured by the number of new stocks entering the index. Over the entire period, more than 80%
of the components had sufficient historical data, enabling a solid retrospective analysis. Turnover
remains moderate but constant, reflecting the dynamic nature of the index’s composition.

4.1.2 Technical Analysis Features

This thesis focuses solely on features derived from price and volume dynamics, what is com-
monly referred to as technical analysis. This choice is both practical and methodological.
First, technical indicators are available for all stocks across time, without requiring point-

in-time accounting data. Second, they can capture market behavior such as momentum,

! Arises when analyses include only the entities that have “survived” until the end of the observation
period, while excluding those that have disappeared (e.g., delisted or failed companies). It leads to an
overstimation of performance.
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reversals or volatility, which are often hard to quantify using fundamentals alone.

The raw data comes from Bloomberg L.P. (2024). It includes daily close and volume
information for each stock. To improve comparability across assets and reduce computa-
tional load, we aggregated the data to a weekly frequency. Inspired by the methodology of
Wolff and Echterling (2022), we extract the last available price as of each Wednesday to
represent the weekly close, and sum the daily volumes from the previous Thursday to that
day. This approach helps avoid start-of-week and end-of-week effects, which are commonly

observed in financial time series and may bias short-term return signals.

Once the weekly time series are built, a wide range of technical features are computed.
These include both classic indicators, such as moving averages, volatility bands or relative
strength indices and more statistical ones such as skewness or rolling regression slopes.
Table 4.1 describe each of those 34 technical indicators. For more information on the

meaning of each, please refer to Appendix D.

Indicator (daily data, pre-resampling) Period (Days)

log(Price / SMAs0100.200) 50, 100, 200
log(Price / EMA50’1007200> 50, 100, 200
MACD level and signal -

MACD crossover binary indicator -

Relative Strength Index (RSI) 14

log(Price / Upper Bollinger Band) 20

log(Price / Lower Bollinger Band) 20
Indicator (weekly data, post-resampling) Period (Weeks)
Weekly return 1

Excess return (vs index) 13 & 26
Lagged stock return 13 & 26 & 52
Price momentum 13 & 26 & 52
Beta (stock vs index) 13 & 26
Rolling return volatility 13 & 26
Return / Volatility (Sharpe proxy) 13
Return-volume correlation 13
Regression slope (linear trend of price) 13 & 26
Weekly RSI 13

Return skewness 13 & 26

On-Balance Volume (OBV) -

Dollar trading volume -

Table 4.1: Description of the technical indicators. Indicators with a specified period are
computed using a backward-looking rolling window covering the stated number of weeks. Indicators
without a defined period are computed using the available data at the time of observation. All
indicators based on daily data are computed prior to resampling the data to a weekly frequency.
The computations are performed using the TA-Lib Python library.



CHAPTER 4. EMPIRICAL METHODOLOGY 26.

Most of these features are inspired by previous work in the literature, especially
the frameworks presented by Wolff and Echterling (2022) and Kakushadze (2016), who
highlight how price-based indicators can effectively signal future return patterns. For
missing values, we fill them with the last value known at the time. We end up with a
data matrix X of dimensions (259,202 x 34), containing all computed technical indicators
for the full stock-week observations. However, this matrix is not directly used to train
the models. To avoid any form of look-ahead bias and ensure consistency over time,
all preprocessing steps, including standardization and dimensionality reduction,
are performed strictly within each rolling training window. Specifically, each feature is
standardized in its respective window to maintain temporal comparability. Subsequently,
a Principal Component Analysis (PCA) is applied within the same window to reduce the
dimensionality of the feature space, while retaining 95% of the original variance. These
transformations result in a final matrix X which is then used as input for each model

training window.

4.2 Model Training

To evaluate our stock selection models in a realistic and forward-looking setting, we adopt
a walk-forward strategy using rolling five-year windows. At each iteration, the entire
window is split chronologically into three segments: 70% is used to train the base models,
10% to calibrate the threshold 72 and the several ensemble model methods, and the final
20% is reserved for evaluation. This ensures that all performance metrics are computed on
strictly out-of-sample data, while maintaining temporal consistency. This procedure is
detailed in Figure 4.2.

During the 70% training phase, we perform hyperparameters optimization for each
model using a Randomized Grid Search with 2-fold time series cross-validation. For each
model, we sample 10 hyperparameters combinations from a predefined grid and select the

one that achieves the highest average accuracy across the folds.

Before model training, each training rolling window is passed through a consistent
preprocessing pipeline. All input features are standardized by removing the mean and
scaling to unit variance, again based only on the training portion. Finally, we apply
Principal Component Analysis (PCA) to reduce the dimensionality of the input space,
retaining the number of components that preserve 95% of the total variance. This results
in a transformed feature matrix X, which serves as input to the machine learning models
described in Chapter 1. The window is then advanced by one year, and the process is
repeated from 2007 to 2024, resulting in 18 rolling evaluations that mimic real-world model

deployment.

2The meaning of this threshold is well described in Section 2.3
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Figure 4.2: Walk-forward strategy for model training. Fach window is split chronologically

into 70 % for training base models, 10 % for calibrating the threshold T and tuning ensemble
methods, and 20 % for out-of-sample evaluation.
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Figure 4.3: Detail of the hyperparameter tuning stage. A randomized grid search over
10 sampled parameter combinations with 2-fold time-series cross-validation performed on the 70%
training segment. FEach training fold is composed of 2 years of observations.

The simulations were executed on a computer equipped with an Intel Core i7 proces-
sor. To further enhance computational performance, we leveraged the CuML library to
take advantage of the NVIDIA GeForce RTX GPU present in the machine. This GPU
acceleration significantly reduced the processing time of machine learning models.

4.3 Portfolio Construction Approach

Once we have trained the stock selection models (individuals and ensembles), we use their
predictions for one year. This corresponds to 52 purchase recommendations per model and
per ticker over the whole year. Since our models forecast relative out-performance over
the next week, we execute trades every Wednesday to both match the prediction horizon

and contain transaction costs. The weekly process is as follows:

1. Load Signals. We identify the potential of each asset by fitting individual ML

classification models exploiting usual technical variables. This leads to binary
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variables, identifying whether the net weekly return of each asset is likely up or down.
Next, we combine those predictions to form an aggregate up/down forecast for each
asset depending on the threshold strategy selected. We Retrieve this week’s “buy”

or “no-buy” signals for each tickers.

2. Exit Weak Positions. Calculate last week’s realized returns on all current holdings.

Exit any position that did not receive a fresh “buy” signal.

3. Form Selection. Define the current investable universe as all stocks flagged “buy”

this week, i.e. class 1 (including both survivors and newly recommended names).

4. Estimate Risk. Since our models produce only buy/no-buy signals and not quanti-
tative return forecasts, we do not have model predicted returns. Therefore, we proxy
portfolio risk using historical data: for the current selection, ones collects four years

of weekly returns and compute the sample covariance matrix.

5. Optimize Weights. Solve a nonnegative weight (we do not permit short-selling)

optimization under four schemes:

« Equal Weight (EW): 7; = 1/N.

o Minimum-Variance (MV):

mvin Y8y st.1'y=1,y>0.

« Shrinkage (SHRINKAGE): Replace ¥ with a Ledoit-Wolf shrinkage estimator 3
before solving MV.

« Filter-Based (FILTERING): Replace ¥ with a filtered covariance matrix obtained
through Random Matrix Theory. Eigenvalues below the Marchenko-Pastur
threshold are removed before solving. It is then shrinked to the Ledoit-Wolf
estimator at 30% (i.e. § = 0.3)

6. Rebalance. Compare target weights v* to current allocations, then trade to adjust
positions. We include Interactive Brokers’ commission schedule (June 2024): $0.005

per share (minimum $1, maximum 1% of trade value).

This procedure is applied on a weekly basis for each individual model and their ensemble
combinations, and results are then compared to a passive investment in the NASDAQ-100
index. Accordingly, we adjust the benchmark performance to account for the fees associ-

ated with such a product, specifically using the cost structure of one of the oldest available
ETFs, the Invesco EQQQ Nasdag-100 UCITS ETF (Invesco, 2024).

As for the risk-free rate used in Sharpe and other risk-adjusted metrics, we compute it
as the average value of the 3-month Euribor between 2007 and 2024. Lastly, we assume
an initial portfolio of $10 million, which ensures that all simulated strategies are free from

liquidity constraints or market impact considerations.
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4.4 Performance Evaluation

The performance evaluation approach depends on the specific task being assessed, whether
it concerns prediction or portfolio performance. For evaluating the predictive power of
classifiers, we rely on standard metrics: accuracy, which measures the overall propor-
tion of correct predictions; precision, which quantifies how many predicted positives
are actually correct; recall, which captures how many actual positives were successfully
identified; and the F1l-score, which provides a harmonic mean of precision and recall.
Unless otherwise specified, accuracy is used as the main reference metric for comparing

classification performance between models (such as hyperparameters optimization...).

For evaluating portfolio performance, we rely on several well-known backtesting metrics
that capture both return and risk aspects. Among them, the Sharpe Ratio, which
measures risk-adjusted return relative to the risk-free rate, the Annualized Performance
Yield (APY), which reflects the average yearly growth rate of the portfolio and annual-
ized volatility, which captures the standard deviation of returns. In addition, we assess
downside risk through metrics such as Maximum Drawdown, Value at Risk (VaR),
and Conditional Value at Risk (CVaR). Finally, we also consider the Win Rate, the
proportion of weeks with positive returns, as well as the average gain and average loss
to further analyze the distribution of weekly performance. Together, these indicators offer
a clear perspective on the profitability and stability of the tested strategies. Appendix C

described in details all the indicators and metrics described here over.
4.5 Robustness Tests

At the end of our results, we also performed several robustness checks to test how sensitive
our findings were to changes in the initial assumptions and parameters. Specifically, we
varied the training and testing time windows to assess whether the best-performing models
remained consistent over different historical periods. We also increased transaction costs
to evaluate the impact of higher trading expenses on performance metrics. Finally, we
modified the optimization criteria used for hyperparameters selection, replacing the default
metric with alternative evaluation measures, to observe whether this influenced the ranking
and stability of the models. The detailed analyses of the robustness tests are available in

Appendix E.

Main Takeaways

In summary, this chapter presented the empirical methodology used throughout thesis.
We described the construction of the dataset based on the dynamic composition of the
NASDAQ-100, the extraction of technical indicators and the resampling procedures. We
then detailed the rolling walk-forward training process based on a 70%-10%-20% reparti-

tion, the model calibration steps, and the portfolio optimization approaches combining
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different weighting schemes. Finally, we outlined the metrics used to evaluate both predic-
tive and portfolio performance and how robustness tests were implemented to analyze the
sensitivity of our results. Together, these components define a robust framework designed

to test machine learning and ensemble strategies in a realistic, out-of-sample setting.



Results, Interpretations and Discussions

This chapter presents the main empirical findings of the study.We begin by evaluating the
classification performance of each individual model using standard evaluation metrics. We
then assess the performance of the ensemble models, starting with the naive threshold
strategy. Following that, a dedicated section focuses on the threshold investigation strategy,
illustrating how changes in this approach lead to shifts in performance results. The overall
goal is to identify which individual and ensemble models generalize best over time and

under varying market conditions.

We then evaluate the financial value of these predictions through portfolio construction.
Several allocation strategies are tested, combined with different thresholding methods, to
determine whether predictive signals can translate into superior out-of-sample returns. All

results are benchmarked against the NASDAQ-100 index, through a passive investment.

Finally, we highlight the best-performing configurations and discuss the broader patterns

observed across models and strategies.

5.1 Classification performance

5.1.1 Individual Models

Let’s remind all individual models used in this thesis in Table 5.1. Once all models
are trained and tuned through the walk-forward validation scheme, we evaluate their
classification performance across time. Rather than reporting only aggregated metrics, we
provide a boxplot representation (Figure 5.2) of the four key evaluation metrics. Models
are ordered by decreasing median accuracy, allowing for a fair comparison of their typical
predictive performance, while preserving the temporal variation in their behavior. This

graphical representation enables us to assess both the central tendency and the dispersion
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of each model’s performance over out-of-sample periods!.

In addition, it’s important to consider class imbalance in the initial dataset. Although
the classes are not extremely unbalanced, the proportion of stocks outperforming the
benchmark can vary significantly over time, as illustrated in Figure 5.1. For this reason,
accuracy alone can be misleading, and complementary measures such as recall and precision

are essential to get a comprehensive picture of predictive effectiveness.

Global Distribution of Classes Proportion of Outperformers Over Time

Underperform 51.5% L% Outperform

Proportion (Class 1)
© o © o o
=~ S o 3] 3]
[\ ~ (=1 N w
o ] o ] o

0.425

0.400

Figure 5.1: Distribution of target classes. The left pie chart displays the global distribution
of the binary target variable across the entire out-of-sample period (test set). The bar chart on the
right shows the annual proportion of “Outperform” labels (class 1), revealing temporal variability
in class imbalance across years.

Model Family Model Abbreviation
Penalized Logistic Regression Ridge
Lasso
ElasticNet
Tree-Based Models DecisionTree
RandomForest
GradientBoosting
XGBoost
Kernel Methods SVM
Instance-Based Learning KNN
Neural Networks MLP

Table 5.1: List of Individual Forecasting Models

Overall, the models exhibit performance in line with the expectations for financial

prediction tasks, where signal-to-noise ratios are notoriously low. As shown, most mod-

IThis approach is particularly relevant in the financial context, where model performance can vary
considerably according to market conditions. Observed dispersion is therefore not a defect, but a
characteristic that reflects the way in which models adapt, or fail to adapt.
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Figure 5.2: Boxplot of classification metrics for each individual model. The models
are evaluated over all out-of-sample periods using a walk-forward validation scheme. This
representation highlights both the central tendency and the dispersion of predictive performance
across models and time. Indeed, more information about the dispersion of the metrics in front of
the years are available in Figure F.1. Moreover, the same data but ordered in decreasing order of
the mean accuracy is available in Figure F.2.

els consistently outperform the random baseline in terms of accuracy, which generally
fluctuates around 50%. Our findings about accuracies are in line with the ones in the
previous empirical studies of Simonis (2021) and Wolff and Echterling (2022). Notably,
ElasticNet, Lasso, and Ridge top the list in terms of median accuracy. However, all of
the three display greater dispersion, suggesting sensitivity to regime changes. In contrast,
models such as GradientBoosting, KNN, XGBoost and the MLP neural network show tighter

interquartile ranges across all metrics, indicative of more stable performance over time.

Moreover, it highlights that simpler linear models like Lasso, Ridge, and ElasticNet
yield huge dispersion, yet they still achieve better median accuracy than more complex
classifier such as neural network (MLP). Notably, the DecisionTree stands out as the worst
performer, with its median scores across metrics barely exceeding random guessing but a
wide recall interquartile range that reflects instability across time but also periods with

high performance.

A consistent pattern across models is the imbalance between precision and recall:
while precision tends to be around 50% and stable across the years recall remains lower
and volatile, meaning many true outperformers are missed. This reflects a conservative
selection bias, where models prefer to issue fewer, but more reliable, positive signals. Such

behavior is typical in financial prediction tasks, where the risk of overtrading due to false
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positives might penalize more than missing some true opportunities.

The F1-score, which harmonizes both metrics, provides a more balanced view of
model performance. In this regard, KNN, XGBoost, GradientBoosting and RandomForest

stand out, indicating they offer the best trade-off between precision and recall.

These observations reinforce the importance of using multiple metrics when evaluating
financial prediction models. Models with moderate accuracy but high F1-score and low
dispersion, such as KNN or XGBoost, can nevertheless provide very useful and actionable
signals. This also justifies the use of ensemble methods to combine the complementary

strengths of different classifiers, as one will see in the next section 5.1.2.

Interestingly, model rankings shift slightly when evaluated by mean accuracy rather
than median (see F.2). RandomForest come out on top in terms of average accuracy
performance, suggesting they may generalize more consistently over time, even if their
central tendency is lower. However, whether these models, or any others, truly outperform
a random baseline remains to be formally assessed (i.e., accuracy = 50%, precision &
48.5%2, recall =~ 50%, under balanced class distribution). To that end, we now turn to
aggregated predictions and conduct statistical testing to determine whether the observed
differences are significant across all out-of-sample periods. These results are available in
Table 5.2.

The results indicate that all models, excepts SVM, KNN, DecisonTree and XGBoost,
achieve accuracy and precision scores that are statistically significant at conventional levels
based on one-sided binomial tests. The McNemar test® further supports the conclusion

that these models generate prediction patterns that differ from random guessing.

Beyond individual performance, it is also relevant to assess how the models’” predictions
relate to each other when aggregated over time. It is summarized in Figure F.3. Regularized
linear models (Ridge, Lasso, ElasticNet) consistently exhibit near-identical predictions,
regardless of the metric used. Tree-based models and neural networks display more
heterogeneous behavior, with weaker alignment both with each other and with linear
models. This suggests that differences in prediction patterns are primarily explained by

model families, rather than by randomness in the data or training process.

2Directly linked to the class 1 distribution in Figure 5.1
3The McNemar test assesses whether two models make different errors on the same data set, by testing
whether the cases in which one succeeds and the other fails are balanced.
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McNemar
Model Accuracy Precision Recall F1 p-value
(Sig.Level)
RandomForest 50.89%" 49.13%™" 45.64% 47.32% o
Elasticnet 50.89%**  49.10%*** 43.76%  46.27% ok
Lasso 50.89%**  49.09%*** 43.77%  46.28% otk
Ridge 50.89%**  49.09%**  43.76%  46.27% okok
MLP 50.58%*** 48.84%*  47.91% 48.38% ek
GradientBoosting ~ 50.52%** 48.78%*  47.41%  48.08% ok
SVM 50.42%** 48.58% 44.32%  46.35% *
KNN 50.34%* 48.57% 46.84%  47.69% -
DecisionTree 50.19% 48.45%  48.14%  48.29% -
XGBoost 50.18% 48.44% 48.13%  48.29% -

Table 5.2: Performance metrics and statistical tests for each model, based on aggregated
out-of-sample predictions. Significance stars (¥, <*¥7 ) indicate results that are statistically
significant at the 0.1%, 1%, and 5% levels respectively, based on one-sided binomial tests against a
random baseline classifier (accuracy = 50%, precision = 48.5%, recall = 50%). The final column
reports McNemar test p-values evaluating whether each model’s prediction pattern significantly
differs from random guessing.

5.1.2 Ensemble Models

This section starts by comparing the performance of ensemble models against each indi-
vidual base model. This provides a first indication of whether the combination strategy

can outperform standalone predictors.

We then turn to a broader comparison of all ensemble methods using firstly the naive
strategy for threshold selection and also using Simple Average Forecast (SA), a simple
equal-weight combination of the predictions, as a baseline to assess the relative perfor-
mance of more advanced techniques such as trimmed means, loss-based weighting, and
constrained optimization. All the combination models used are summarized in Table 5.3
This baseline-centered evaluation allows for a clearer interpretation of gains attributable

to each combination strategy.

Importantly, one also emphasizes the role of the classification threshold, which is
often overlooked in the ensemble learning literature that primarily focuses on regression
settings for combination predictions. Unlike in regression, classification performance is
highly sensitive to the choice of this threshold 7. In first comparisons, we applied a naive
default threshold of 0.5 (i.e., assigning class 1 to linear combination results above 0.5),

which is commonly used in binary classification. However, as we will show, exploring
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alternative thresholding strategies can significantly affect the comparative performance of

ensemble methods.

Combination methods Acronym Weights computation
Standard methods

Simple average forecast SA wh

Loss-based weighted average forecast IL wit

Constrained optimization co P(X)

Trimmed averages

Trimmed simple average T-SA-p 1/card(M,) it i € M,,, 0 otherwise

Trimmed simple average via cross-validation T-SA-CV  1/card(M,) if i € M, 0 otherwise

Trimmed-MCS simple average T-MCS-a«  1/card(M,) if i € M,, 0 otherwise

CO with shrinkage to w”

COP with L1 penalty COP_L1¥  argming, w'Ew + §||w — WE||;

COP with L2 penalty COP_L2F  argming, w'Xw + §||lw — WF||2

COP with EN penalty COP_ENF  argming, w'Xw+d {&HW —wWE + (1 —a)||w— WEHg]
COP with EN penalty + Shrinkage to 0 COP_EN arg ming w' Lw + 0 [a||wl|; + (1 — a)||w][3]

COP with cross-entropy COP_CE” arg miny, w'Yw + 3§ 27, w; In (JVUE)

CO shrinkage with reference w” cos® w(Ef\% )

CO with shrinkage to W'’

COP with L1 penalty COP_L1'L  argming w'Xw + §|lw — WL,

COP with L2 penalty COP_L2/L  argmin, w'Xw + §||lw — Wi

COP with EN penalty COP_EN'E  argming, w' Xw+4 [a”w — W+ (1 —a)]w— w3
COP with cross-entropy COP_CEl  argming w'Xw + 327, w;In (v:,‘}g)

CO shrinkage with reference w!” cos’t P(EL)

Table 5.3: List of the considered forecast combination methods. Minimization is
performed over W, i.e., the non-negative weight space. For the theoretical framework behind
all combination models, the reader may refer to Chapter 2. The notation card(-) denotes the
cardinality of a set. 3 denotes the covariance matrix of the errors, computed trough the 10%
combination test set. For the elastic net divergence measure, we set o = 0.8 based on Roccazzella
et al. (2022). We estimate the penalties § via 5-fold cross validation both.

The comparative plot in Figure 5.3 clearly shows that many ensemble methods out-
perform the simple average (SA) model in terms of accuracy. Surprisingly (or perhaps
not), in terms of Fl-score, the SA method remains one of the top-performing combination
techniques under the naive threshold 7 = 0.5. This aligns with findings in the literature
suggesting that equally weighted averages often perform as well as, or even better than,
more sophisticated methods depending the metric examined (DeMiguel et al., 2009; Goyal
& Welch, 2008).

This robustness may be partly due to the limited sample size used for model combina-

tion: only about 10% of the sliding window is allocated for weight estimation, corresponding
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Figure 5.3: Performance of ensemble forecasts. This plot shows the average performance
of all considered ensemble combination methods, evaluated on the aggregated predictions over all
walkforward test sets. A fized naive classification threshold of 7 = 0.5 is used. Models are
sorted in ascending order based on their accuracy. The dashed vertical lines represent statistical
significance thresholds at the 5%, 1%, and 0.1% levels respectively from the left to the right,
calculated under the null hypothesis of a random classifier (accuracy = recall = 50%, precision =
48.5%). Note that recall and accuracy share the same statistical threshold in this setting. The SA
model is included and serves as a comparative reference, not as a baseline. Individual models
performance are also included as a first comparative reference. All detailed metrics are available
in Table 5.4

to around 30 observations per test fold. In such conditions, complex weighting schemes

are prone to overfitting or underfitting.

Compared to individual models, SA also performs remarkably well, ranking between

Lasso and MLP in terms of accuracy. Interestingly, models like ElasticNet, Lasso, and
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Ridge achieve high precision individually, but suffer from very low recall and F1 scores.
In contrast, almost all combination models improve both recall and F1 score over these

individual models, with one exception: T-SA-1, which fails to enhance these metrics.

Model rankings also shift depending on the metric used. For instance, T-SA-4 does
not achieve the highest accuracy, but stands out as the only model to exceed statistical
significance threshold (5%, 1%, or 0.1%) across all four metrics, indicating strong balance
and robustness. The reader may refer to Figure F.8, F.9, F.10 for other metrics ranking

visualizations.

From a statistical perspective, all ensemble models significantly outperform the random
baseline in terms of accuracy, capturing the strengths of the best individual models. Preci-
sion seems to be more difficult to improve; almost half of ensemble models still achieve
a significant level on this measure, although they often lag behind the best individual

Machine Learning classifiers in terms of precision.

Overall, a consistent trend emerges: ensemble models tend to trade precision for
improved recall, an advantageous shift when false negatives are more critical. This reflects
a common trade-off in ensemble learning: gains in recall and generalization may come at

the expense of sharper class boundary precision.

To complement this analysis, one now turns to a heatmap comparing each ensemble
model directly against the SA baseline in Figure 5.4. This visual enables a metric-by-metric
inspection and highlights which models most consistently outperform the equal-weight

ensemble method.

Overall, most ensemble models struggle to outperform the SA benchmark in terms of
recall, underlining the surprisingly strong recall of the simple average when used with a
naive threshold. Nonetheless, a few models manage to exceed this baseline while maintain-
ing solid results on other metrics such as accuracy and F1-score. One notable exception
is T-MCS-50, which, although it achieves a clear improvement in recall, does so at the

expense of a significant drop in both precision and F1-score.

To complement the analysis of aggregated scores, Appendix F, Figure F.6 shows the
year-by-year performance distribution of each ensemble model. This boxplot reveals
that, despite strong average results, many methods display substantial variability across
walk-forward periods, especially in recall and Fl-score. Such dispersion underscores
the importance of assessing temporal stability alongside point estimates when evaluating
models. Additionally, we find that ensemble predictions are moderately correlated (typically
above 0.6), except for the trimmed Model Confidence Set (T-MCS-«), which shows lower

correlations around 0.45 (see Figure F.5).
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Figure 5.4: Relative performance of ensemble forecasts compared to the SA baseline.
This heatmap displays the average relative score of each ensemble model compared to the simple
average forecast (SA), A value above 1 indicates that the model outperforms SA on the given
metric. All results are computed using a fixed threshold T = 0.5 over the aggregated predictions
from all walk-forward test sets.

Weights Investigation

To gain an even deeper understanding of the behavior of the ensemble forecasting models,
it is relevant to investigate how the different base classifiers are weighted within these
combinations. Although some information is inevitably lost due to the need to average
weights across multiple years or models, this analysis can still reveal interesting structural
patterns. It is also important to note that weight importance does not necessarily correlate
directly with final model performance, as the classification threshold is selected only after
the weights have been applied. Therefore, the interpretation should remain exploratory

rather than strictly causal.

Figure 5.5 shows which base models most often receive the highest weight in ensem-
bles each year. RandomForest, DecisionTree, and KNN frequently dominate. While the
predominence of RandomForest is expected given its high average accuracy, the frequent
dominance of DecisionTree is more surprising, as it generally ranks among the weakest
models overall (see Figure 5.2). This may be because DecisionTree performs well on the
small validation subsets (10% per fold) used to fit weights, or because its performance
varies widely, occasionally reaching high scores that the combination schemes capture. Con-
versely, ElasticNet is never dominant in any ensemble-year combination, which highlights

how base models with stable but moderate performance may be consistently under weighted.
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Model Accuracy Precision Recall F1 score McNemar
T-SA-3 50.97%** 49.17%**  44.67% 46.82% otk
IL 50.82%**  49.01%*** 43.78% 46.25% otk
T-SA-1 50.88%**  48.99%** 43.51% 46.09% ok
T-SA-CV 50.78%**  49.01%*** 45.69% 47.29% otk
COP_L1*F 50.77%***  48.99%** 45.69% 47.29% otk
COS* 50.76%*  48.97%** 44.90% 46.85% ok
COP_L1'2 50.71%**  48.89%* 43.87% 46.24% otk
COP_EN 50.71%**  48.92%** 45.22% 47.00% ook
COS!E 50.70%***  48.86% * 43.67% 46.12% otk
COP_L2F 50.69%**  48.89%* 44.54% 46.61% otk
COP_L2F  50.69%**  48.88%* 44.53% 46.61% ok
COP_CEf 50.69%**  48.86%* 43.89% 46.25% ok
COP_EN'E  50.67%**  48.85%* 44.06% 46.33% ok
CO 50.67%***  48.88%* 45.63% 47.20% ok
COP_CEf  50.66%**  48.83%* 43.90% 46.23% ok
COP_EN¥  50.64%**  48.81%* 44.16% 46.37% /
SA 50.64%**  48.92%** 48.77% 48.84% ok
T-SA-2 50.63%**  48.93%** 49.50% 49.21% ook
T-SA-4 50.61%***  48.97%*  52.09%** 50.48%" *
T-MCS-50 50.47%** 48.79%* 50.02% 49.39% ok
T-MCS-20 50.35%* 48.51% 44.61% 46.48% /

Table 5.4: Performance metrics and statistical tests for each combination model,
based on aggregated out-of-sample predictions. Statistical significance stars (‘¥**7, <7 7)
indicate results that are statistically significant at the 0.1%, 1%, and 5% levels respectively, based
on one-sided binomial tests against a random baseline classifier (accuracy = 50%, precision =
48.5%, recall = 50%). The final column reports McNemar test significance, evaluating whether
each model’s prediction pattern significantly differs from random guessing. We observe that only
the COP_EN® and T-MCS-20 models are not significant in terms of McNemar test. A fized naive
classification threshold of T = 0.5 is used.

The averaged perspective in Figure 5.6 complements this analysis by showing the mean
weights attributed to each base model by each ensemble strategy across all years. We can
clearly see that ElasticNet receives always zero weight in the T-MCS-50 and T-MCS-20
ensembles, despite achieving strong overall performance. This reinforces the idea that
its predictive errors may concentrate in specific parts of the validation set, which then
strongly penalize its weight in the allocation process. Interestingly, Ridge, Lasso, and
ElasticNet (all regularized linear models) are generally assigned lower weights. This
is consistent with their high pairwise correlation (see Figure F.3), suggesting that the
ensemble strategies detect redundancy in these forecasts and diversify away from them. It

also explains the few dominant positions that one observes in Figure 5.5.

Figure F.11 further examines the relationship between average model weights and
standalone predictive performance across several metrics. A positive linear trend appears
clearly between average weight and recall, suggesting that ensembles might implicitly

favor models that tend to capture more positives. Somewhat counterintuitively, we also
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Figure 5.5: Frequency of Top-Weighted Models in Ensembles. This plot shows how
often each individual model received the highest weight (labeled as dominant) across all ensemble
combinations and years.

observe a slightly negative correlation between weight and accuracy, although ensemble
models tend to perform better overall (looking at the aggregated predictions) in terms of
accuracy and worse in recall. This reveals a trade-off inherent in the way validation sets
are constructed, only 10% of the data is used for weight fitting in each fold. This limited
view may skew weight allocations, especially when paired with walk-forward validation and
small sample sizes. Still, this bias seems partially corrected when evaluated out-of-sample,

where ensemble performance is generally more balanced.

Finally, Figure 5.7 visualizes the year-over-year evolution of the average weight given
to each base classifier across all ensemble strategies. It highlights how different models
gain or lose importance depending on the year, likely reflecting shifts in market dynamics
or data structure. The fact that dominant models vary so frequently supports the idea
that the ensembles are successfully adapting to changing patterns, capturing temporal

dependencies and model relevance over time.

Threshold Investigation for Ensemble Models

In our classification problems, the choice of the threshold 7 used to convert the continuous
output of ensemble models into binary class labels has a direct and often critical impact
on performance (see Section 2.3 for more details). In our context, although the combined
predictions are not necessarily probabilistic in nature (as they result from various linear
combinations of binary base predictions), they still yield continuous values in the interval

[0, 1], which can be interpreted as scores reflecting the strength of support for class 1
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Figure 5.6: Average Weights Assigned to Individual Classifiers by Ensemble Models
This heatmap displays the average percentage of weight allocated to each base classifier by each
ensemble strategy across all years. It highlights how some ensemble models tend to consistently
favor certain individual learners, such as while others distribute weights more evenly. This view
allows for a direct comparison of allocation behavior across ensemble types. A fixed naive
classification threshold of T = 0.5 is used.

As detailed in Section 2.3, instead of relying on the naive default threshold of 7 = 0.5,
which may be inappropriate in financial prediction, we evaluate three alternative strate-
gies: optimized (0PTI), cross-validated (CV), and quantile-based (QTL) thresholds. These
methods are designed to better adapt the decision boundary to the data distribution and

the specific performance objectives (in terms of dedicated metrics).

This analysis aims to quantify the marginal improvement achievable through more

refined thresholding rules and to identify which ensemble methods are most sensitive to 7
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Figure 5.7: Yearly Distribution of Average Ensemble Weights with Confidence
Intervals

This line plot shows the average weight assigned to each individual model by ensemble methods
for every year, along with confidence intervals reflecting inter-method variability. The figure
highlights the strong year-to-year fluctuations in model importance: different classifiers dominate
in different years, suggesting that no single model consistently outperforms across time. This
pattern likely reflects the low signal-to-noise ratio of financial markets, where model performance
can vary greatly depending on shifting market conditions and structural changes in the data.

adjustment.

These findings confirm that threshold selection is far from a trivial detail, it is, in
fact, a key lever for improving classification outcomes in ensemble settings. While the
naive threshold of 7 = 0.5 offers a convenient baseline, our results demonstrate that more
informed strategies can lead to meaningful performance gains. Interestingly, each thresh-
olding method carries its own behavioral signature observable in Figure 5.9: quantile-based
thresholds consistently favor high-confidence predictions, OPT offers targeted optimization
tailored to the metric of interest and CV exhibits greater robustness through distributional

smoothing.

Moreover, we observe that OPT, QTL, and CV generally outperform the naive strategy
in terms of accuracy and precision. However, this improvement often comes at the cost
of significantly reduced recall, and consequently, a lower F1 score. This suggests a ten-
dency to favor high-confidence true positives while neglecting false negatives, which, in a
financial context, translates to missing potentially profitable opportunities (i.e., overlooked

outperformers).

It is also important to note that both CV and OPT are intrinsically dependent on the
performance metric chosen during optimization. As shown in Figure F.12, optimizing for

recall can indeed yield very high recall values, but at the expense of precision and overall
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Figure 5.8: Performance of Thresholding Strategies Across Ensemble Models and
Evaluation Metrics

This figure compares the performance of four thresholding strategies across all ensemble models
and four evaluation metrics. Each cross represents the score obtained by a given ensemble method
under a specific thresholding approach. The dashed vertical lines represent statistical significance
thresholds at the 5%, 1%, and 0.1% levels (from left to right), computed using a one-sided binomial
test under the null hypothesis of a random classifier (i.e., accuracy = recall = 50%, precision
= 48.5%). This visualization highlights the potential performance gains from fine-tuning the
decision threshold and illustrates how different metrics and ensemble methods respond differently
to threshold adjustments. Comparative tables with detailed metric are available in Table G.2 and
Table G.3. CV and OPTI without subscript refer to an accuracy optimization.

accuracy. This trade-off emphasizes the importance of aligning thresholding strategies

with business objectives and evaluation priorities in our portfolios.

In sum, the threshold investigation enriches our understanding of ensemble calibration
and highlights a new dimension that is both impactful and often overlooked in financial

classification pipelines.

5.2 Portfolio Evaluation and Backtesting

While the previous sections focused on the predictive performance of individual and ensem-
ble classifiers, we now turn our attention to their practical value through the construction
and evaluation of portfolios. The central question is whether better classification trans-

lates into superior financial performance. To answer this question, we explore various

0.450

0.500



CHAPTER 5. RESULTS, INTERPRETATIONS AND DISCUSSIONS 45.

3.0 Method
[ CV
2.5 OPT
[1 Quantile
2.0
g
z
g 15
A
1.0
0.5
0.0
0.0 0.2 0.4 0.6 0.8 1.0

Threshold Value

Figure 5.9: Distribution of aggregated threshold values. The QTL method (75th percentile)
concentrates around 0.7, reflecting a systematically high threshold selection. The OPT method shows
higher density near 0.4 and 0.75, with limited presence at the extremes, indicating a preference
for intermediate thresholds. In contrast, the CV method yields a more uniform distribution, with
notable peaks at the extreme values, indicating greater variability in selected thresholds. Obuviously,
the naive method is not represented here since its distribution is constant.

portfolio construction techniques, ranging from simple equal-weighted (EW) allocations to
more sophisticated mean-variance optimization methods (MV), including variants based on
shrinkage (Shrinked_MV) and an hybrid method using eigenvalue filtering with shrinkage
(FILTERED). Each strategy is applied consistently to all forecast combination models and
thresholding approaches to ensure comparability. All portfolios are benchmarked against
the Nasdaqg-100 index to assess whether model-based allocations can consistently outper-

form the market.

In total, the analysis involves 21 forecast combination models, 10 individual classifiers,
6 distinct thresholding strategies?, and 4 portfolio construction methods. This yields a
total of 21 x 6 x 4410 x 4 = 544 distinct portfolio trajectories. To facilitate interpretation
and improve readability, we focus primarily on the top 15 portfolios based on Sharpe Ratio.
Additional analyses are also presented to evaluate whether certain combination methods,
thresholding schemes, or portfolio construction techniques systematically lead to superior
performance compared to the NASDAQ-100 index ® However, all the Tables with detailed
results are available for the reader in Appendix G. Interestingly, the portfolios generated
by MV and shrinkage-based methods are often very similar, likely because non-negativity

constraints in MV act as an implicit form of regularization, much like shrinkage itself (Ma

4Depending the metric we choose to optimize, generally accuracy but it can be expand to precision or
recall for instance

SWhile alternative baselines such as an equally-weighted random selection of stocks could have been
considered, our objective here is to assess whether model-driven strategies can outperform the market
itself, a feat reportedly missed by over 90% of traders, as discussed in the Introduction.
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& Jagannathan, 2003).

Firstly, Figure 5.10 displays the cumulative returns obtained by the individual models
under each of the four portfolio allocation strategies. It clearly illustrates that relying
solely on individual machine learning models is not enough to outperform the benchmark.
This reinforces the financial relevance of combining forecasts through ensemble methods,
which aim to aggregate complementary predictive signals and reduce the limitations of

any single model, as it is observed hereafter.
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Figure 5.10: Cumulative returns of individual classifier portfolios by allocation
strategy Fach subplot shows the evolution of the portfolio value over time for one of the four
allocation methods: Equal Weight (EW), Mean-Variance Optimization (MV), Shrinked MV, and
Filtering. All individual models are included in each allocation scheme. Results highlight that no
individual model under any allocation strategy is able to consistently outperform the Nasdaq-100
benchmark (black dashed line), further reinforcing the need for ensemble-based forecasts to extract
financial value. To reminder threshold techniques without any subscripts take the accuracy metric
as reference.

Secondly, looking at the top 15 performing portfolios in Table 5.5, one immediately
sees that all of them are generated from ensemble forecasting models. Interestingly, the
equal-weighted (EW) strategy is the only portfolio construction method that does not
appear in this top list, suggesting it may lack the flexibility or responsiveness required to
fully exploit the information contained in forecast combinations. Among the optimization
methods, the filtering-based allocation clearly dominates, appearing in the majority of

top-ranked portfolios.
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Portfolio Eﬁii‘}?:ée Threshold SR AI;]Y ‘[/%1] ?73 \[’%E]{ CVaR ‘[7%{

FILT. T-SA-1 OPTIpppe 1.11 19.29 16.26 -29.30 -3.19 -5.02 59.59
FILT. COP EN® OPTlpgse 110  19.07 16.24 -29.68 -3.17  -498  58.96
FILT. SA  OPTIpgme 1.08 1834 1586  -20.64 -3.07 -4.71 57.14
FILT. IL OPTlpgrsc 108 1853 16.10 -30.19 -3.16 -481  57.36
FILT. COP EN'  OPTlpgse 100 1678 1584 -30.32 -3.24  -487  57.78
FILT. COP L1F OPTlpgse 100 17.25 1634 -31.17 -342  -4.96  57.68
FILT. T-SA-3  OPTIpgpe 099 1675 16.00 -3891 -3.18  -5.02 58.21
FILT.  T-SA-CV  OPTIprmc 0.97 1680 1647 -38.90 -3.36  -5.18 5853
FILT. I  OPTlie 097 17.08 16.81 -35.37 -3.28 -530 58.21
MV T-SA-1  OPTlpgse 095 1574 1559  -36.19 -3.09  -5.06  59.17
FILT. T-SA-3 NAIVE 095 1560 1554 -38.12 -3.06  -4.95 58.42
FILT. SA  OPTLice 095 1673 1679  -34.69 -3.35  -529  57.68
FILT. T-SA-2 NAIVE 093 1472 14.99 -31.61 -3.03 -471  59.06

SHRINK. T-SA-1  OPTIpgpe 093 1524 1561 -36.56 -3.26  -5.16  59.81

MV  COP EN® OPTIpgse 092 1525 15.68 -37.43 -3.32  -5.08 59.17
INDEX NASDAQ-100 0.7) 14.72 19.7 -51.53 -4.66 -6.79 61.73

Table 5.5: Top 15 of portfolios ranking by their Sharpe Ratio. We observe that the first
portfolio in term of sharpe ratio is also the one that has the highest APY.

In terms of ensemble methods, the T-SA-1 strategy stands out as the TOP-1 portfolio,
especially when used with a classification threshold optimized based on precision (OPTpggc).
Remarkably, the simple average combination (SA) still ranks third overall (an observation
that aligns with previous findings in the literature suggesting that equal-weighted com-
binations often perform surprisingly well despite their simplicity (Simonis, 2021)). This
once again highlights that more complex weighting schemes do not always lead to better
financial outcomes. The COP_EN method completes the top three, offering a more refined

alternative through shrinkage-based constrained optimization for the ensemble strategy.

Beyond the combination and allocation methods, these results also underscore the
crucial role played by the classification threshold. Among the top 8 portfolios, all rely on
thresholds optimized according to precision. By contrast, when using a naive threshold of
7 = 0.5, the best Sharpe Ratio achieved is only 0.95 (compared to 1.11 when the threshold
is optimized) representing a relative improvement of over 17%. This alone justifies deeper
attention to threshold calibration in financial classification. One may wonder whether this
performance differential could be largely absorbed by transaction costs; this question is

further explored in Appendix B, where detailed cost analysis is provided.



Moving beyond individual top-performing portfolios, it is also interesting to evaluate
which portfolio construction or thresholding methods tend to outperform the benchmark
more frequently across the entire universe of tested portfolios. Observing Figure 5.11
and starting with the Sharpe Ratio, we observe that none of the portfolios using the EW
allocation method manage to exceed the benchmark consistently. In contrast, portfolios
based on the filtering allocation method show much stronger results, with nearly 40%
outperforming the NASDAQ-100 in terms of Sharpe ratio.

What’s more, we clearly see the benefits of the mean variance strategy to allocate
our portfolios. Indeed, every portfolio build with those methods (i.e., Filtering, MV and

Shrinked_MV) beat the index in terms of annualized volatility.

However, regarding maximum draw-down, the trend is reversed: EW-based portfolios
are those that outperform the index most frequently. This may be due to the fact that
market indices like the NASDAQ-100 are weighted by market capitalization, which can
amplify losses during crises, while equal-weighted strategies diversify risk more uniformly.
Although EW is less effective in terms of Sharpe ratio and APY, it actually performs best
across other risk metrics such as win rate and average gain. This suggests that while
EW may not generate superior risk-adjusted returns, it tends to offer more robustness in

turbulent market conditions.

Figure 5.12 presents a similar analysis, this time focusing on thresholding strategies.
While the naive threshold does not yield the highest Sharpe Ratio, it is the most frequently
associated with portfolios that outperform the index overall in this metric. However, in
terms of APY, the threshold optimized on precision clearly leads, producing the highest
proportion of outperforming portfolios. Interestingly, thresholding choice appears to have
limited influence on metrics such as maximum drawdown and average loss. That said,
optimizing thresholds for recall leads, as expected, to portfolios with higher recall, and
consequently slightly improved win rates. Notably, this is the only thresholding strategy
that manages to beat the market on win rate, reinforcing the earlier finding that it captures
more positive signals, at high costs: lower precision and so lower sharpe ratio and APY,

leading to an average gain that never beats the benchmark.

To conclude those results, we perform another similar analysis but focusing on ensemble
methods in Figure 5.13. We observe that the ensemble method that tends to beat the
benchmark most often is also the T-SA-1. Furthermore, deeper analysis are performed

such as investigation on portfolio maximum size in Appendix B.
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Figure 5.11: Percentage of portfolios beating the Nasdaqg-100 by allocation method
This figure compares the percentage of portfolios that outperform the Nasdaq-100 on each back-
testing metric, grouped by portfolio optimization method. Filtering clearly stands out for Sharpe
Ratio and APY, while Equal Weight performs better on downside-risk measures such as mazximum
drawdown, average loss, and CVaR. This highlights a trade-off between mazimizing returns and
minimizing losses across allocation methods.
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Figure 5.12: Percentage of portfolios beating the Nasdag-100 by thresholding method
This chart shows the proportion of portfolios that outperform the benchmark according to each
evaluation metric, grouped by thresholding strategy. Thresholds optimized on precision (OPT_PREC)
tend to yield the highest Sharpe and APY walues, while naive and recall-optimized thresholds
show better win rate and CVaR. These results confirm that threshold calibration plays a key role
i financial performance, especially when optimizing for specific risk-return trade-offs. CV and
OPTT without h subscript refer to an accuracy optimization.
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Figure 5.13: Percentage of portfolios beating the Nasdaqg-100 by ensemble method
This chart shows the proportion of portfolios that outperform the benchmark according to their
sharpe ratio, grouped by ensemble methods and allocations strategies.
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Conclusion

The objective of this thesis was to investigate whether the ensemble learning framework
proposed by Roccazzella et al. (2022), originally developed for regression-based forecast
combinations, could be extended to classification tasks in financial time series. More
specifically, we investigated whether these techniques could improve the prediction of
future stock returns and lead to the creation of optimal portfolios capable of outperforming

standard market indices.

To address this question, Chapter 1 introduced the theoretical background of machine
learning classifiers applied to financial data. Chapter 2 presented ensemble learning
strategies and adapted the original constrained and penalized optimization methods to
the classification setting; These combinations aggregate the binary results of several clas-
sifiers and produce a continuous prediction signal. However, in classification problems,
an essential but often overlooked step comes next: transforming these continuous signals
into binary decisions via a threshold. This conversion determines whether an action is
classified as outperforming or not, and therefore whether it enters the portfolio. This
nuanced but critical aspect of the methodology has become a central focus of our study.
Chapter 3 reviewed portfolio construction frameworks. Given that our classifiers do not
produce explicit expected returns, we opted for a simplified mean-variance framework
using historical covariances. Chapter 4 detailed the empirical design using walk-forward
simulations based on NASDAQ-100 constituents, relying solely on technical indicators.
Chapter 5 presented the results: Random Forest stood out among the individual models
in terms of average accuracy, but simpler models like logistic regression also performed
well, despite more pronounced dispersion. Tree-based and MLP classifiers demonstrated
greater stability but lower average performance. Still, only 7 out of 10 classifiers were

significantly better than a random model, based on McNemar tests.

Ensemble models provided markedly improved results. Using a naive threshold of
7 = 0.5, all ensemble forecasts achieved statistically significant accuracy. Yet, we observed
a consistent trade-off: while precision increased, recall and F1-score often dropped,
indicating that many true positives were being missed. To address this limitation, we
explored more sophisticated thresholding techniques, such as optimizing for precision or

accuracy or using quantile-based thresholds. These approaches significantly improved
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both accuracy and precision across most models. However, they further decreased recall.
Conversely, in scenarios where the threshold was optimized for recall, we observed remark-
ably high recall scores, at the expense of precision. This duality clearly highlighted
thresholding as a critical hyperparameter, with direct implications for both predictive

classification quality and the financial returns of the portfolio that stem from it.

In fact, the threshold selection after forecast combination emerged as a key decision
point that can dramatically shift the balance in portfolio performance: backtesting was
performed on each of the 544 generated portfolio and none of the individual classifiers
produced portfolios that outperformed the NASDAQ-100 benchmark. Conversely, several
ensemble-based strategies did, clearly demonstrating the value of forecast combination
in portfolio construction. Portfolio using a threshold decision based on an optimization
of the precision metrics performed the best in terms of sharpe ratio and APY. The best
performing strategy combined a filtering-based covariance estimator with Ledoit-Wolf
shrinkage and a trimmed ensemble (T-SA-1) using a precision-optimized threshold. This
configuration achieved a Sharpe Ratio of 1.11 and an APY of 19.29%, compared to 0.74
and 14.72% respectively for the NASDAQ-100 index.

A meta-analysis of the impact of thresholding strategies and portfolio optimization
choices revealed that fewer than 20% of the generated portfolios managed to outperform
the benchmark index in terms of annualized performance. This result confirms the
intrinsic difficulty of extracting exploitable signals from noisy financial markets, even
when using ensemble learning techniques. Interestingly, the analysis also showed that
different thresholding strategies favor different financial objectives. For instance,
the thresholding method based on precision optimization (0PTIppgc) yielded the highest
proportion of portfolios that beat the market in terms of APY. In contrast, the naive
threshold (7 = 0.5) resulted in the largest number of portfolios achieving a superior Sharpe
Ratio compared to the benchmark. Moreover, we observed that some financial metrics
such as maximum drawdown, volatility and average loss, were only a few affected
by the choice of threshold.

Limitations and Directions for Future Researches

Despite these encouraging results, several limitations must be acknowledged. These also

suggest interesting directions for future work:

o Limited input features and individual classifier models. The models used in
this study rely only on technical indicators to generate predictions. While these are
widely used in practice and often effective at capturing price action, they ignore other
market dimensions. Adding fundamental data such as valuation ratios, earnings
revisions, debt levels, as well as alternative sources like sentiment scores from news or
social media (Morelle, 2022), could improve the models. Exploring more diverse and

expressive models, such as long short-term memory (LSTM) architectures (K. Chen
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et al., 2015), could also better capture temporal dependencies.

o Simplified handling of taxes and real-life constraints. Although we accounted
for transaction fees, we did not model the impact of capital gains taxation, which can
significantly reduce net returns. Taxation policies vary greatly across jurisdictions.
Moreover, we assumed that it was possible to buy fractional shares, which simplifies
portfolio construction but not always reflecting real trading conditions. Enforcing
integer share quantities transforms the portfolio optimization problem into a mixed-
integer quadratic program, which is NP-hard and significantly more complex to solve
(Bienstock, 1996).

o Execution assumptions and slippage. Throughout the backtests, we assumed
trades were executed at the official daily closing price. However, in real markets,
especially near the close, execution prices may deviate significantly due to bid-ask
spreads and limited liquidity. This may lead to optimistic estimations of both returns
and volatility. A more realistic simulation would model execution costs more precisely

by using intraday data for instance.

o Single-path backtesting. The simulation used in this thesis only followed one
historical path, the actual sequence of past market data. As a result, our findings are
inherently dependent on this particular realization of events, and may not generalize
to future or alternative market conditions. More robust evaluation methods, such
as Combinatorial Purged Cross-Validation (CPCV) introduced by de Prado (2018),
multiple alternative paths to better assess performance stability. Additionally, recent
advances in generative modeling, such as GANs introduced by Goodfellow et al.
(2014), could allow the simulation of synthetic yet statistically plausible market

scenarios, opening new opportunities for scenario-based validation.

« Hardware and temporal limitations. The experiments were run on a modern
machine (Intel i7 CPU and NVIDIA RTX GPU), which obviously did not exist
during the earlier years of our backtesting period. This creates a methodological
inconsistency: our models assume access to computational tools and algorithms
that were unavailable at the time. The same limitation applies to the benchmark
passive investment in the NASDAQ-100. Moreover, this researches was reduced to
weekly observations due to computational costs, limiting the potential of technical

indicators data.

Overall, this thesis highlights that ensemble learning, when combined with carefully
calibrated thresholds and robust portfolio design, can lead to significant improvements
in both statistical and financial terms. Among the various design choices, the threshold
mechanism stands out as one of the most influential factors, as it directly determines
how predictive signals are translated into investment actions, which ultimately impacts

portfolio performance.
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Appendices



Additional Information On Machine Learning Models

Machine learning refers to models that automatically learn patterns in data, including
complex relationships often missed by traditional statistical methods. These patterns are

used to make predictions or decisions on future outcomes based on new input data.

Machine learning is based on three fundamental concepts: data, a model and learn-
ing. As an inherently data-driven discipline, its aim is to extract meaningful patterns
from data with a minimum of domain-specific input. A model represents a structured way
of describing the relationship within the data - for example, mapping inputs to outputs
in a regression. Learning is the process by which the model improves its performance on
a task as it is exposed to more data, with the ultimate aim of generalizing well to new,

unseen examples (Deisenroth et al., 2020).

Several recent studies have shown that machine learning techniques can outperform
classical models in stock return forecasting tasks (Gu et al., 2020). Traditional linear
models (such as AR, MA or even ARIMA) often struggle to capture the complex and
nonlinear dynamics of financial markets. In contrast, machine learning models can adapt
to high-dimensional data and discover hidden, complex, implicit interactions between
variables/features, making them well-suited for forecasting tasks under uncertainty.

This chapter presents the classical individual machine learning models used to forecast
future stock returns. The prediction issued from those models will further be combined
using ensemble techniques. Therefore, the purpose here is not to exhaustively describe
each model, but rather to highlight their key differences, role, nature and show how they

can? be complementary within a forecast ensemble framework.

A.1 Overview of Modeling Paradigms

Before looking at specific machine learning algorithms, it’s important to clarify the

fundamental modeling paradigms that define how machine learning systems work. Machine
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learning methods can be classified into several categories, depending on the nature of the
data, the form of relationships they can capture and the type of outcome they aim to
predict. This section presents three key distinctions: supervised and unsupervised learning,

linear and nonlinear models, and classification and regression tasks.

A.1.1 Supervised vs Unsupervised

Supervised Learning

Supervised learning is a fundamental paradigm in machine learning in which the
algorithm is trained on a dataset composed of input—output pairs, denoted as (X,y) =
{(xi,9:) | i = 1,..., N} where y; is the i output and the vector x; is the " input of
dimension D. Each input vector x;, also referred to as a feature vector, predictor or
independent variable, is associated with a known output label y; also called the response
or target (M. M. Lépez de Prado, 2020). The primary goal of supervised learning is to
establish a mapping, f : RP*Y — RN between input and output, enabling the accurate

prediction of unseen data in the future.

In this context, learning is performed by minimizing a loss function L(g,y), which
quantifies the difference between the model’s predictions 3§ and the actual results y.
Common examples of loss functions include mean squared error for regression tasks and
cross-entropy for classification. Through an iterative optimization process, the model
adjusts its parameters to minimize the loss on the training data. However, the overall goal
is not simply to achieve a good fit on the training set (which can lead to overfitting)), but

to effectively generalize to unseen data (Barbierato and Gatti, 2024).

This learning paradigm is particularly relevant in financial applications, where historical
data (such as firm fundamentals, technical indicators, or macroeconomic variables) serve as
input features, and future returns or performance labels (e.g., outperform/underperform)
are used as outputs. In this thesis, supervised learning is employed to classify stocks
according to their expected future performance, forming the foundation for forecast combi-

nation and portfolio construction strategies.
Unsupervised Learning

In the case of Unsupervised learning, we again have access to a data set X = {x; | i =
1,..., N} but it works only on those input data, with no associated target label, i.e. y,.
The main objective is to discover patterns, groupings or latent structures in the data,
without being explicitly asked what to look for. In this context, learning takes place
through the model’s ability to organize the data on the basis of internal similarities or

statistical properties, rather than comparing its results with known output.
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Two of the most common approaches to unsupervised learning are clustering and
dimensionality reduction. Clustering involves dividing the data set into subsets (i.e.
clusters) so that observations within the same group share common characteristics. More
formally, the model attempts to find a partition C' = {¢1,ca, ..., cx} of the data that
minimizes the dispersion D within each cluster. The standard formulation of this objective

is

ménz > D(z, ;) (A.1)

=1 TEC;
where y; is the centroid of cluster ¢;, and D(x, y;) is a distance metric such as the Euclidean
or Mahalanobis distance (Jain et al., 1999; MacQueen, 1967).

The second major application, dimensionality reduction, aims to represent complex,
high-dimensional data using a reduced number of variables while retaining the essential
information. This is particularly useful in financial datasets, where indicators often present

high correlations.

In financial research, these techniques have numerous applications. Clustering may
be used to identify homogeneous groups of securities based on return profiles (Pearson,
1895), while PCA can be employed to extract unobserved risk factors that influence asset
returns (Fan et al., 2011). In this thesis, we use unsupervised learning in to identify latent
structures in the feature space (e.g., using PCA) serving as a preprocessing step prior to

supervised forecasting models.

A.1.2 Linear vs Non-Linear

Machine learning models can also be distinguished according to their ability to capture the
complexity of relationships between inputs and outputs. Linear models, such as linear
regression or logistic regression, assume a direct and additive relationship between features
and the target variable. These models are fast, interpretable and tend to generalize well
in high-dimensional spaces with relatively low signal-to-noise ratio. However, they are
limited in their ability to capture non-linear interactions or dependencies, which are often

present in financial markets (Gu et al., 2020).

In contrast, non-linear models, such as decision trees, random forests, growth gradient
machines or neural networks, allow for more flexible relationships. It includes interactions
between variables themselves. They are therefore better suited to capturing the complex
and often non-linear structure of financial data. However, they also tend to be more prone
to over-fitting, and generally require more careful tuning and regularization (M. Lépez
de Prado, 2018).
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A.1.3 Classifier vs Regressor

Another important distinction in modeling concerns the tasks of regression and classifi-
cation. Regression involves predicting a continuous numerical outcome, such as the
future performance of a stock. Classification, on the other hand, involves classifying input

data into discrete categories.

1 if the condition is met
Y; = 1{.} = )
0 otherwise
In finance, binary classification problems are often used to predict whether a stock will
outperform or underperform a given benchmark over a defined period (Wolff & Echterling,

2022).

In this thesis, the prediction task is formulated as a binary classification problem: each
stock is labeled as 1 if it is expected to outperform a fixed benchmark (e.g., the NASDAQ
index) over the next week, and 0 otherwise. This approach is in line with recent literature
showing that classification models often outperform regression models in ranking-based
portfolio strategies (Gu et al., 2020; Simonis, 2021). Moreover, it mirrors how real-world
portfolio managers think: they are less interested in predicting the exact return of a stock,

and more focused on ranking assets to identify the best relative performers.

A.2 Supervised Learning Algorithms for Binary Clas-

sification

In this thesis, we implement a diverse range of supervised machine learning algorithms
for binary classification. The goal is to predict whether a stock will outperform a given
benchmark over the next period, based on a set of input features. Below, we describe the
core categories of models used, including mathematical formulations where appropriate to

better understand the foundation of the model.

A.2.1 Regularized Linear Models

Regularized linear models extend logistic regression to prevent overfitting and improve gen-
eralization. This section will briefly summarize the lectures notes of Jaggi and Flammarion
(2020). The basic logistic regression model assumes a linear relationship between x;
and y; and it predicts the probability of a binary outcome using a sigmoid activation:

1
P(y; = 1|, w) = o(x] w) = [pp—_

(]

(A.2)

Our goal with logistic regression is to estimate the weight vector w that maximizes
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the probability that the observed data was generated by the model. Given that our
dataset is composed of independent observation pairs (x;,y;), we aim to maximize the
likelihood L that these observations were produced by the model. In practice, this is done
by minimizing the negative log-likelihood, which provides an estimate for the optimal

weights.

LU (w) = — 221 [y,- log (O‘ <X2—W>) + (1 —y;)log (1 -0 (xjw))} (A.3)

1=

We select the vector of weights w* such that:

w* = argmin £X%(w) (A.4)

w
However, this linear relationship can be extended to a polynomial form to capture
potential non-linear dependencies between variables. This augmentation, however, may

introduce risks of underfitting or overfitting.

Hence, to control model complexity and to reduce the possibility of over-fitting, we

can add a penalty, Q(w), to the initial objective function of the Logistic regression (A.3):

min LA (w) = min L (w) + Q(w)
We consider three types of regularization:
« Ridge (L2 Regularization): Q(w) = 3||w|[3
« Lasso (L1 Regularization): Q(w) = \||w||;
« Elastic Net (combine both): Q(w) = a)||w||; + (1 — a)3||w]|3

where A is a hyperparameter that controls the strength of the regularization that we find
through cross-validation. « represents the mixing ratio, how we balance between the L1

and L2 penalties.

A.2.2 Tree-Based Models

Tree-based models are initially non-parametric learners' that can capture nonlinear rela-
tionships and high-order interactions between variables. They are particularly useful in
financial contexts, where the functional form of the relationship between inputs and the

target may be unknown or non-linear.

1One precises initially because the number of parameters grows with the data and thus the model is
non parametric. However, since we cap its size for regularization numerically, it could be considered as a
parametric one
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e Decision Tree Classifier constructs a tree by recursively splitting the feature
space. At each internal node, the algorithm selects the feature and threshold that

minimizes a given impurity measure, such as the Gini impurity:

Gy =1-3 1} (A.5)

where py is the proportion of class £ samples in node t. It easures the frequency at
which a randomly chosen element would be incorrectly labeled. There is also other
impurity measure such as the cross-entropy H,, (Friedman, 2001).

Decision trees are interpretable but tend to overfit, especially when deep (Breiman
et al., 1984)

« Random Forest builds an ensemble of decision trees trained on bootstrapped
samples of the data. To reduce correlation between trees, a random subset of features
is selected at each split. The final prediction is obtained by majority vote among all

trees:

g = mOde(gla g% ceey gT) <A6>

Random forests reduce variance and improve generalization compared to a single
tree (Breiman, 2001)

o Gradient Boosting builds an ensemble of decision trees sequentially, where each

tree tries to correct the mistakes of the previous one:

Fi(x) = Frt(x) + nie(x) (A7)
Fu(0) = o) + 3 sl (3 (A8)

where hy(x;) is the tree fitted to residuals, M the total number of boosting iterations
and 7 is the learning rate. The output is a score, which is passed through a sigmoid

function to convert it to a probability and class is by applying a threshold:

1

Ply; = 1fxi, w) = ()

(A.9)

 XGBoost is an optimized implementation of Gradient Boosting Decision Trees
designed for speed, scalability, and performance (T. Chen & Guestrin, 2016). XG-
Boost builds an ensemble of trees sequentially, where each new tree tries to minimize

the residual error, it refines gradient boosting with regularization and sparse-aware
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optimizations:

n A K 1
LO) =3 Uysn i) + 2 Qfe), AU =T + Al (A.10)
i=1 k=1
where, f; € F is a decision tree and F the space of all trees. [(y;,3;): is the loss
function (e.g. log-loss for our classification problem). T" is the number of leaves and

v, A are the regularization parameters.

A.2.3 Support Vector Classifiers

Support Vector Machines (SVMs) are powerful supervised learning models originally
introduced by Cortes and Vapnik (1995). In classification settings, the Support Vector
Classifier seeks to find the optimal separating hyperplane ? that maximizes the margin

between two classes. Formally, the hard-margin SVC solves:

1
min o |[w||*  subject to y; (wixi+b) >1 (A.11)
Hence, hard-margin assumes that the data is perfectly separable. It has some limitations
since it does not tolerate noise or overlap between classes. In practice, soft margins are
preferred, allowing some misclassifications in exchange for better generalization. It leads

to a regularized hinge loss formulation:

1 N
min §||WH2 +C> max (O, 1- inTxi) (A.12)

i=1

where C' is the regularization strength.

With the use of kernel functions (e.g., RBF, polynomial), SVCs can handle non-linear
decision boundaries, which is particularly relevant for financial data classification (Huang
et al., 2005).

A.2.4 k-Nearest Neighbors (KNN)

The k-Nearest Neighbors (KNN) classifier is a simple, non-parametric algorithm. In the
context of classification, the algorithm operates on a simple yet intuitive principle: an
unlabeled observation is assigned the most common class among its & closest neighbors in

the feature space.

Given a set of labeled training observations, the k-NN algorithm classifies a new data
point by computing the distance (typically Euclidean, but other metrics such as Manhattan

or Minkowski are also possible) between the new observation and all training samples.

2A hyperplane in R” is a flat (n — 1)-dimensional surface defined by w2z +b =0
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It then selects the k observations with the smallest distances and determines the most
frequent class label among them. This label is then assigned to the new data point.

Formally:

g = mode {y; : x; € Ni (xq)},  d(xi,%q) =[x — Xq“z (A.13)

N (x,) represents the ensemble of the k nearest neighbors of z,. The number of neighbors
k is a key hyperparameter and can be selected via cross-validation. A small & makes
the classifier sensitive to noise, while a large smooths out local structures. KNN does
not require training. As a lazy learning algorithm, k-NN does not require a training
phase in the traditional sense, but stores the entire dataset and performs computations
at inference time, which can be computationally expensive. It is also sensitive to feature

scaling. Still, it is used in finance for its intuitive behavior in local prediction tasks (Zhang
et al., 2007).

A.2.5 Neural Networks (MLP)

Among the various machine learning models available for classification, neural networks,
particularly multilayer perceptrons (MLPs), have proven to be highly effective at
modeling complex and non-linear relationships between input variables and target labels.
In the context of financial forecasting tasks, such as predicting the direction of stock
returns, MLPs have the advantage of being universal function approximators, capable of
capturing intricate patterns that traditional linear models may overlook Goodfellow et al.,
2016.

@ () @)
bl bl bl
(1) (L)
0 Wiy IS w? ) Wi w
1,K-1 1,1
" f(xn)
0 (€] () @)
*D XK XK Xk
—_ L , |
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Structure of the MLP Neural Networks. Input features of dimension D. We have here L
hidden layers of dimension K



CHAPTER A. ADDITIONAL INFORMATION ON MACHINE LEARNING MODEGS.

An MLP is a type of feedforward neural network composed of fully connected
layers of interconnected units called neurons. Their general structure is illustrated in the

figure here over and is divided in three main types of layers.

o Input layer: This layer takes in the input raw features of the dataset. Each neuron

in this layer represents a different feature.

« Hidden layers: These intermediate layers are where most of the learning takes
place. Each neuron performs a weighted linear combination of the inputs it receives,
adds a bias term b,(f), and applies a non-linear activation function ¢(z) such as ReLU,

tanh, or sigmoid. The output of neuron k in layer [ is given by::

) = ¢(Zwlal o) (A.14)

where wl(l,l represents the weighted edge from node 7 in layer (I — 1) to the node k in

layer [. This stage, where data moves through the network to produce an output, is

known as forward propagation.

o Output layer: For classification tasks, the output layer typically uses a sigmoid

activation function to output probabilities associated with each possible class.

A central question is what precisely defines the “right” weights and biases for a neural
network. After the network has produced an output, it becomes necessary to assess
how close this prediction is to the actual label. This is done through a loss function
(e.g., Mean Squared Error or Cross-Entropy), which quantifies the prediction error. The
process of adjusting the weights and biases to reduce this error is carried out through a
method called backpropagation. In this process, the initial values of wl(l,l and b,(cl) are
progressively adjusted through optimization, with the goal of minimizing the loss and

improving predictive accuracy.

A.3 Unsupervised Algorithms

A.3.1 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is an unsupervised learning technique widely used for
dimensionality reduction. Its main objective is to transform a set of possibly correlated
input variables into a new set of uncorrelated variables, called PRINCIPAL COMPONENTS,
which are ordered such that the principal components retain most of the variance present

in the original dataset.
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In the context of financial modeling, PCA has been used to extract latent factors from
stock returns, simplify high-dimensional feature spaces, or reduce noise in large correlation
matrices. As pointed out by Simonis (2021), such techniques can be helpful to prevent
overfitting when dealing with many input features, particularly in portfolio optimization

or predictive stock selection tasks.

More formally, it is done through this process: Let X € R”*N be a matrix representing
N observations and D features, centered such that each column has zero mean. PCA seeks
a new basis of orthogonal vectors {ej, e, ..., €4}, with d < D, where the data is projected

in order to maximize variance:

maximize V(Xe) = e’ Se subject to |le]| =1 (A.15)

w

Here, S = %XTX is the empirical covariance matrix of the original data set. The
solution is obtained by computing the eigenvectors of S; the directions associated with
the highest eigenvalues define the most informative axes. The projection of the data along
the first K eigenvectors gives a compressed version of the data, while retaining most of its

original structure.

In practice, we do not retain all d principal components. Instead, we select a number
K < d such that a proportion ¢% of the total variance in the data is preserved. Using the
diagonal entries of S (or of the singular value matrix in SVD), the value of K is chosen as
the smallest integer such that:
Zgzl Skk > %
>n=1Sun
This ensures that the reduced representation retains the most informative structure of

the data while significantly reducing dimensionality.



Additional Investigations

B.1 Investigation on portfolio composition

It may be interesting to study the allocation features of each portfolio. We conducted an
in-depth analysis of the composition of each portfolio based on the portfolio optimization

method used.

Turnover represents the frequency and intensity of rebalancing over time; higher
turnover indicates that the portfolio requires more frequent adjustments, which can lead

to higher transaction costs.

The weekly standard deviation of portfolio weightings reflects the variability of the
weightings assigned to each asset from period to period. A higher standard deviation
suggests that the allocation is more volatile and that the optimizer frequently transfers

capital between positions.

Finally, the Herfindahl index defines the overall level of concentration in the portfolio.
Lower Herfindahl index values indicate greater diversification among assets, while higher

values reveal a stronger concentration of the allocation in a smaller number of positions.

In our results, the turnover rate generally varies between 0.2 and 1.6, with lower
turnover levels associated with more stable APY outcomes. The weekly standard deviation
of the portfolio weights ranges approximately from 0.005 to 0.04, reflecting varying degrees
of allocation volatility. Finally, the Herfindahl Index spans from around 0.05 (highly diver-

sified allocations) to over 0.3 (more concentrated, yet still reasonably diversified, portfolios).
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Figure B.1: APY versus average weekly turnover by optimization technique. This
figure shows, for each optimization method, the relationship between average weekly turnover and
annualized performance (APY). For turnovers below 1, performances are relatively stable and
show limited dispersion. In contrast, when turnover exceeds 1, the variability of returns increases.
Although no clear or systematic pattern emerges from the distribution of points, the average APY

tends to be slightly higher
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Figure B.2: Distribution of the weekly standard deviation of portfolio weights by
optimization technique. This figure shows the dispersion of asset weights, measured by the
weekly standard deviation, for each optimization method. Obviously, Equal Weight portfolios
display more homogeneous and less volatile allocations over time, while Filtering and Minimum
Variance approaches exhibit higher variability in weight adjustments, reflecting more dynamic
reactions to changing market signals.
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Figure B.3: Distribution of the Herfindahl Index by optimization technique. It shows
the distribution of the Herfindahl Index, which measures the degree of portfolio concentration.
Equal Weight portfolios stand out with lower concentration and greater diversification, whereas
Minimum Variance and Filtering methods tend to produce more concentrated portfolios, with
dominant allocations across a smaller set of assets.



CHAPTER B. ADDITIONAL INVESTIGATIONS 74.

B.2 Investigation on cost transactions

In this section, we look into how transaction costs affect portfolio performance. It’s a fair
question to ask whether financial costs linked to trading really matter and as we know,
when building and optimizing portfolios, these costs can play a critical role. To get a clear
picture, we start by taking the Top 15 portfolios and compare their performance with and

without transaction fees.

Overall, the results show that transaction costs do have an impact, but the effect stays
relatively small. Take the best-performing strategy, for instance: with the FILTERING
approach and T-SA-1 combination, the APY drops from 20.20% to 19.29%, which is a
decrease of just 0.91 percentage points. That’s about a 4.5% relative drop in APY. As
for the Sharpe ratio, it goes from 1.15 to 1.11, a 3.4% decline. So yes, there’s definitely a
cost, but the reduction in performance stays manageable. What’s more, in Figure B.4, we
also observe that total transaction costs tend to increase as APY and Sharpe ratio rise. A
deeper analysis in Figure B.5 confirms this trend, revealing a positive linear correlation

between APY and transaction costs, as well as between the Sharpe ratio and costs.

PortfolioTech Combination Threshold APYHRE APYTER A APY SRWithout  GRWith A SR
(%] %] K
FILTERING T-SA-1 OPTIprec 20.20 19.29 -0.91 1.15 1.11  -0.05
FILTERING COP_EN¥ OPTIpgrec 19.95 19.07 -0.88 1.14 1.10 -0.05
FILTERING IL OPTIprec 19.41 18.53 -0.88 1.12 1.08 -0.05
FILTERING SA OPTIprec 19.17 18.34 -0.83 1.12 1.08 -0.04
FILTERING COP_L1/F OPTIprec 18.07 17.25 -0.82 1.04 1.00 -0.04
FILTERING IL OPTIzcc 18.05 17.08 -0.97 1.01 0.97 -0.05
FILTERING T-SA-CV OPTlprec 17.71 16.80 -0.91 1.01 0.97 -0.05
FILTERING COP_ENZ  OPTlpgpgc 17.60 16.78 -0.82 1.04 1.00 -0.04
FILTERING T-SA-3 OPTIprec 17.64 16.75 -0.89 1.04 0.99 -0.05
FILTERING SA OPTIzcc 17.69 16.73 -0.96 1.00 0.95 -0.05
FILTERING COS'~ OPTIprec 16.83 15.97 -0.86 0.94 0.89 -0.04
EW COP_EN? OPTIzcc 17.49 15.75 -1.74 0.80 0.73 -0.07
MV T-SA-1 OPTIpgrec 16.65 15.74 -0.91 1.00 0.95 -0.05
FILTERING T-SA-CV OPTIscc 16.52 15.63 -0.89 0.96 0.91 -0.05
FILTERING COP_L1* OPTIprec 16.45 15.62 -0.83 0.95 0.91 -0.04
Table B.1: Impact of transaction costs on portfolio performance. The comparison

between annualized returns (APY) and Sharpe ratios (SR) with and without costs shows that
performance decreases slightly. For example, the best-performing strategy without costs (20.20%
APY) loses only 0.91 points, which is around a 4.5% drop, while the Sharpe ratio falls by about
3.4%.
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Figure B.4: Top 15 Combinations by Total Transaction Cost This figure shows the 15
portfolio combinations with the highest total transaction costs, expressed in millions of USD. The
T-SA-1 method clearly dominates with the largest cost, highlighting its intensive trading activity.
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Figure B.5: Average Transaction Costs by PortfolioTech and Threshold - This figure
displays the average total transaction costs (in millions of USD) grouped by portfolio construction
methods (left) and thresholding strategies (right). The EW and FILTERING methods appear to
incur higher average costs among portfolio techniques, while thresholding based on OPTIxcc and
OPTIprecision tends to be more costly than alternatives like OPTIREcALL-
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Figure B.6: Relationship between Performance Metrics and Transaction Costs — The
left panel shows a strong positive correlation between annualized performance (APY) and total
transaction costs, suggesting that higher-performing portfolios tend to incur higher trading costs.
The right panel depicts a weaker but still visible positive relationship between the Sharpe ratio
and total costs, indicating that more efficient portfolios often require more active rebalancing.
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B.3 Investigation on maximum portfolio size

One also decided to investigate in more depth the influence of a parameter K, imposing a
maximum portfolio size, on financial performance. Indeed, until now, the number of assets

in our portfolios was not explicitly limited.
To address this, one identified two possible methods.

First, we could introduce a binary variable and thereby impose an additional cardi-
nality constraint in the optimization problem during portfolio construction. The general

formulation of the optimization problem without cardinality constraint is given by:

n
i=1

However, adding a constraint on the cardinality, such as limiting the number of non-zero
weights, would make the problem NP-complete and therefore computationally very difficult

to solve in practice.

Consequently, we chose an alternative approach that is simpler and more tractable.
After solving the initial optimization problem without cardinality constraints, we select
the K assets with the highest weights and re-standardize the weights relative to this new
selection. This method allows us to control the effective size of the portfolio while avoiding

the complexity associated with mixed-integer programming.

K Mean Active Assets Min Active Assets Max Active Assets

5 4.86 1.93 d
10 9.36 2.67 10
20 17.28 3.97 20
40 28.70 6.02 40
50 32.46 6.19 20
60 35.18 6.28 60

Table B.2: Average, minimum, and maximum number of active assets in portfolios
for each value of K.
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K Technique Combination Threshold APY Sharpe Mean Active Assets
5 FILTERING T-SA-1 OPTI_PRECISION 19.180  1.089 4.77
5 FILTERING COP_EN_E OPTI_PRECISION 18.960  1.082 4.79
5 FILTERING IL OPTI_PRECISION 18480  1.066 4.78
10 FILTERING T-SA-1 OPTI PRECISION 19.320  1.107 9.05
10 FILTERING COP_EN_E OPTI_PRECISION 19.070  1.097 9.13
10 FILTERING IL OPTI_PRECISION 18460  1.072 9.03
20 FILTERING T-SA-1 OPTI_PRECISION 19.290  1.107 16.27
20 FILTERING COP_EN_E OPTI_PRECISION 19.060 1.097 16.80
20 FILTERING IL OPTI_PRECISION 18.520 1.076 16.14
40 FILTERING T-SA-1 OPTI_PRECISION 19.290  1.107 25.50
40 FILTERING COP_EN_E OPTI PRECISION 19.070  1.098 27.48
40 FILTERING IL OPTI_PRECISION 18530  1.077 26.07
50 FILTERING T-SA-1 OPTI PRECISION 19.280  1.107 28.06
50 FILTERING COP_EN_E OPTI PRECISION 19.070  1.098 30.35
50 FILTERING IL OPTI_PRECISION 18530  1.077 29.21
60 FILTERING T-SA-1 OPTI PRECISION 19.280  1.107 29.70
60 FILTERING COP_EN_E OPTI PRECISION 19.080 1.098 32.25
60 FILTERING IL OPTI_PRECISION 18530  1.077 31.47

Table B.3: Top 3 portfolios with the highest APY for each value of K. It can be clearly
observed that the APY and Sharpe ratio do not vary substantially depending on the mazximum
portfolio size K. This is mainly due to the bias introduced by selecting only the top K highest
weights, which already capture most of the financial performance, while the additional assets
primarily contribute to reducing the portfolio variance (i.e., the overall risk). However, it is also
noticeable that as K increases, the number of active assets converges towards a value around 30,
illustrating that the effective diversification tends to stabilize beyond this threshold.



Additional Information On Metrics and Performance

Evaluation

Classification Metrics

In order to assess the predictive performance of the models, we compute standard classifi-

cation metrics. These are based on four quantities:

True Positives (TP): correct predictions of the positive class.
True Negatives (TN): correct predictions of the negative class.
False Positives (FP): instances predicted positive but actually negative.

False Negatives (FN): instances predicted negative but actually positive.

From these, we define:

Accuracy: proportion of all predictions that are correct. It measures the overall
rate at which the model correctly identifies whether a stock will outperform or

underperform the benchmark.

TP +TN
TP+TN+ FP+ FN

Accuracy =

Limitation: Accuracy can be misleading when the classes are imbalanced. For
example, if most stocks underperform, a model always predicting “underperform”

can still achieve high accuracy without ever identifying a winner.

Precision: proportion of predicted positives that are actually positive. It mea-
sures how many of the stocks predicted to outperform did indeed outperform the

benchmark.

TP
TP+ FP

Precision =
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Limitation: Maximizing precision can lead the model to be too conservative and
select very few stocks, which may reduce potential profits by missing many true

outperformers.

e Recall: proportion of actual positives that are correctly identified. It measures the

ability of the classifier to find all the stocks that will outperform the benchmark.

TP

Recall = ——+
T TP EN

Limitation: Focusing only on recall can result in predicting many stocks as outper-

formers, increasing false positives and lowering the quality of recommendations.

e F1 Score: harmonic mean of precision and recall. It provides a balanced metric
that accounts for both the ability to detect outperforming stocks and the reliability

of these positive predictions.

Pl 9 Precision x Recall

" Precision + Recall

Limitation: The F1 score does not take into account true negatives, so it may

overlook the overall accuracy and can be sensitive to class imbalance.

We therefore observe that it is essential to report all these measures in order to obtain
a complete picture of the classifier’s performance. This is particularly crucial because we
do not know in advance which type of error, such as a false positive or a false negative,
will have the greatest financial impact. For example, missing out on a stock that actually
outperforms could result in significant opportunity costs for the portfolio, while incorrectly
predicting that a stock will outperform when it does not could result in unnecessary losses.
Reporting on all indicators allows us to understand these trade-offs and evaluate the

model’s behavior in different scenarios.

Example

Consider the following example with 10 predictions:

» Balanced dataset: 5 positives and 5 negatives.
y_true = [1,1,1,1,1,0,0,0,0,0]

y_predicted = [1,0,1,1,0,0,1,0,0,0]

Here:
TP=3, TN=4, FP=1,6 FN =2.
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Metrics:

Accuracy = 0.7, Precision = 0.75, Recall =0.6, F1 = 0.6667.

o Imbalanced dataset: 8 negatives and 2 positives.

y_true = [1,1,0,0,0,0,0,0,0,0]
y_pred = [0,0,0,0,0,0,0,0,1,0]
Here:
TP=0, TN=7, FP=1, FN =2.
Metrics:

Accuracy = 0.7, Precision =0, Recall=0, F1=0.

Despite the same accuracy, the second classifier fails completely to detect positives,

illustrating why accuracy alone is misleading on unbalanced data.

Backtesting Metrics

After selecting stocks, we evaluate the economic performance of the resulting portfolios.
Let r; denote the return of the portfolio in period ¢ for t = 1,...,7T and 7 its mean. We
define V; as the initial value of the portfolio at the beginning of the backtest and Vi as its

final value.

e Total Return:
_Vr =V

R
Vo

e Annualized Return: measures the returns obtained over a specific period of time,

converted to a one-year period. This scaling allows us to compare the returns of any

VT 1Y
AR = () 1
Vo

where Y is the number of years in the backtest.

asset over a given period.

« Win Rate: It measures the fraction of positions that yielded a positive return:
1 T
WER =3 Lo
t=1

« Average Gain / Loss: when we make a profit or suffer a loss, this is given by:

AG — Z'f’tl{rt>0}7 AL — Zrtl{rt<0}
> im0 > <oy
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e Annualized Volatility: measures the dispersion of the returns around their mean,

X(re—=71)?* =
= _—
Oann T_1 X K

where K is the scaling factor (e.g., 252 for daily data).

e Value at Risk (VaR) is the maximum expected loss of a portfolio over a given
time period and confidence interval. Let L1 be the random variable representing the
loss of a portfolio over a period of length T. The VaR at confidence level 1 — « is
defined as the smallest number VaR;_, such that:

IP{LT < VaRl_a} >1—a

This means that with probability at least 1 — «, the loss will not exceed VaR;_,.

« Conditional Value at Risk (CVaR) measures the average loss incurred beyond
the VaR threshold. It provides additional information about the tail risk, quantifying

how severe the losses can be when they exceed VaR:

CV@lea = ’T|_l Z LT

Lr>VaRi_q
o Sharpe Ratio: measures the average returns obtained in excess of a risk-free asset
per unit of volatility.

f—’/’f

SR =

g

where 7 is the risk-free rate.

These metrics allow us to quantify not only the returns but also the risks and efficiency

of the strategies.



D

Financial Interpretation of Technical Indicators
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Indicator

Financial Meaning

log(Price / SMA)

log(Price / EMA)

MACD level and signal

MACD crossover

RSI

log(Price / Upper Bollinger Band)

log(Price / Lower Bollinger Band)

Measures the deviation of the current price relative to
its simple moving average; indicates short-term trends
or overbought /oversold conditions.

Similar to SMA but gives more weight to recent observa-
tions; captures more reactive price trends.

Captures momentum by comparing short-term and long-
term exponential moving averages; used to identify
bullish or bearish momentum.

Binary signal indicating whether the MACD line has
crossed the signal line, often used as a buy /sell trigger.
Measures the speed and change of price movements;
values above 70 often signal overbought conditions, below
30 oversold.

Indicates proximity of price to the upper volatility band;
can highlight overextension.

Indicates proximity of price to the lower volatility band;
can highlight potential undervaluation.

Weekly return

Excess return (vs index)
Lagged stock return

Price momentum

Beta (stock vs index)

Rolling return volatility
Return / Volatility (Sharpe proxy)
Return-volume correlation
Regression slope (price trend)
Weekly RSI

Return skewness

On-Balance Volume

Dollar trading volume

Captures raw return over the past week; basic perfor-
mance measure.

Measures outperformance relative to a benchmark index
over the period.

Historical return over the past periods, used to assess
persistence or mean reversion.

Cumulative return over the specified period; positive
momentum often signals continuation.

Measures the stock’s sensitivity to market movements;
higher beta implies higher market risk.

Captures recent variability of returns; a proxy for risk
or uncertainty.

Simplified risk-adjusted return measure; higher values
are preferable.

Indicates whether rising volumes coincide with rising
returns; can signal strength of trends.

Estimates the linear trend in price; positive slope implies
upward drift.

Same as daily RSI but computed on weekly data;
smoother and longer-term overbought /oversold signals.
Measures asymmetry of return distribution; positive skew
can imply frequent small losses and occasional large gains.
Cumulative measure of volume adjusted for price direc-
tion; tracks whether volume confirms price trends.
Total trading value; proxies liquidity and investor inter-
est.

Financial Interpretation of Technical Indicators. Fach indicator provides specific insights
into price trends, volatility, momentum, or liquidity.



E.1 Hyperparameters

Robustness tests

. Ensemble APY Vol DD VaR WR
Portfolio Method Threshold SR (%] (%] (%] (%] CVvaR (%]
FILT. T-SA-CV  QUANTILE 0.88 14.03 15.21 -33.72 -3.12 -4.83 58.85
FILT. T-SA-CV ~ NAIVE 0.87 1399 15.23 -33.68 -3.11 -4.83  58.74
FILT. T-SA-CV  OPTLccan 0.87 1396 15.23 -33.68 -3.11 -4.83  58.74
FILT. T-SA-CV ~ CV 0.87 1394 1523 -33.72 -3.11 -4.83  58.74
FILT. T-SA-CV  OPTlpgecision 087 1393 1523 -33.72 -3.11 -4.83  58.74
FILT. T-SA-4 CV 0.86 13.74 15.12 -29.75 -3.06 -4.67  58.10
FILT. T-SA-CV  OPTI 0.86 13.79 1520 -33.72 -3.13 -4.82  58.85
FILT. T-SA-4 QUANTILE 0.86 13.67 15.12 -29.75 -3.06 -4.67  58.10
FILT. T-SA-4 OPTI 0.86 13.67 15.15 -29.75 -3.06 -4.70  58.10
FILT. T-SA-4 NAIVE 0.86 13.66 15.15 -29.75 -3.06 -4.70  58.10
FILT. T-SA-4 OPTI,ccau 0.86 13.66 15.14 -29.75 -3.06 -4.70  58.10
FILT. T-SA-4 OPTIpgrecrsion 0.86  13.65 15.15 -29.71 -3.06 -4.70  58.10
FILT. T-SA-2 NAIVE 0.85 1354 15.07 -36.30 -3.13 -4.80  59.17
FILT. T-SA-2 OPTI,ccau 0.85 13.52 15.07 -36.30 -3.13 -4.80  59.17
FILT. T-SA-2 QUANTILE 0.85 13.51 15.07 -36.37 -3.13 -4.80  59.17

INDEX NASDAQ-100 0.74 14.72 19.7 -51.53 -4.66 -6.79 61.73

Table E.1: Robustness test around hyperparameters optimization. This table shows the
top 15 portfolio rankings when hyperparameter optimization is performed using precision score
instead of accuracy.

In this robustness test, we changed the evaluation metric used for hyperparameters

tuning from accuracy to precision. This modification had a significant impact on the model

selection and final portfolio rankings. Unlike the previous configuration, most portfolios in

the top 15 are now based on trimmed simple average (T-SA) combination methods, with

T-SA-CV emerging as the best-performing custom ensemble. This suggests that T-SA

strategies are particularly consistent and resilient in financial forecasting tasks, even when

the optimization criterion is modified.
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Despite these changes, one key element remains stable: the FILT.-based portfolio
optimization method (FILT.) consistently dominates the top rankings. This highlights
its robustness across different model configurations and confirms its contribution to the

overall performance of the strategies.

However, it is important to note that, although some portfolios still outperform the
benchmark in terms of Sharpe ratio, none of them surpass it in terms of absolute perfor-
mance (APY). This result suggests that optimizing models based solely on precision may
not fully capture the opportunity cost or the magnitude of return differences, especially in

a financial context where ranking errors have asymmetric impacts.

E.2 Fees
. Ensemble APY Vol DD VaR WR
Portfolio Method Threshold SR (%] (%] (%] (%] CVvVaR (%]
EW CcO OPTI,ccan 0.13 1.59 19.89 -56.06 -4.67 -7.03 57.78
EW COP_EN OPTI,ccan 0.07 0.32 19.92 -59.05 -4.78 -7.08  57.78
EW COP_L2 E  OPTILccan 0.02 -0.71 1990 -55.75 -4.73 -7.06  57.04
EW COP_L2 IL OPTleequ -0.05 -2.05 1993 -59.14 -4.76 -7.08  56.72
EW COP_CE E OPTl.eeu -0.14 -3.84 1997 -63.30 -4.83 -7.15  54.80
EW COP_CE_IL OPTI.eequ -0.17 -428 1998 -67.19 -4.80 -7.14  55.01
EW COS_ 1L OPTLccan  -0.19  -4.77 1994 -66.75 -4.76 -7.13  55.44
EW COP_EN_IL OPTI.cean -0.23 -542 1993 -71.18 -4.83 -7.18  54.80
EW COP_EN_E OPTl.eau -024 -5.63 1995 -66.79 -4.83 -7.16  54.37
EW COS_E OPTLccan -0.26  -6.02 19.93 -74.40 -4.81 -7.16  55.22
EW COP_L1 IL OPTILeeau -0.30 -6.70 19.89 -76.97 -4.80 -7.19  54.37
Shrinked . MV CO OPTLccan  -0.32  -3.87 1279 -54.75 -3.30 -4.44  51.60
MV CO OPTLecau  -0.38  -4.51 1279  -60.26  -3.23 -4.41  50.85
EW COP_L1 E  OPTLewn -0.38 -821 1985 -79.20 -4.83 -7.18  53.30
Shrinked MV COP_EN OPTLccan -0.43  -520 1291 -64.79 -3.34 -4.54  50.53
INDEX NASDAQ-100 0.7, 14.72 19.7 -51.53 -4.66 -6.79 61.73

Table E.2: Robustness test around fees. This table shows the top 15 portfolio rankings
when fees is changed and constantly is 1% of traded value.

As expected, the increase in transaction costs has a significant impact on portfolio
performance. Given the high frequency of reallocations in our strategy (weekly), these
costs accumulate quickly and significantly reduce returns. This robustness test clearly
shows that most portfolios underperform the benchmark index and that almost all of them

have a negative annualized performance (APY).

These results highlight a major limitation of high-turnover strategies in realistic market

conditions. While some models may generate good signals in theory, their profitability



can be entirely offset by frictions such as transaction costs. This underscores the need to
directly incorporate cost considerations into model and portfolio design, particularly in

cases of frequent rebalancing.

E.3 Time period

. Ensemble APY Vol. DD VaR WR

Portfolio Method Threshold SR (%] (%] (%] (%] CVaR (%]
FILT. T-SA-3 QUANTILE 0.96 13.34 12.86 -20.75 -2.50 -4.16 43.18
FILT. T-SA-3 CV 0.96 13.32 1286 -20.75 -2.50 -4.15  43.18
FILT. T-SA-3 OPTL, ccan 0.96 13.31 12.86 -20.75  -2.50 -4.16  43.18
FILT. T-SA-3 NAIVE 0.96 13.31 12.86 -20.75  -2.50 -4.16  43.18
FILT. T-SA-3 OPTI 0.96 13.31 12.86 -20.75  -2.50 -4.16  43.18
FILT. T-SA-3 OPTlprecrsron  0.96 13.28 12.86 -20.75  -2.50 -4.15  43.18
FILT. T-SA-CV QUANTILE 0.92 12.57 12.65 -19.24 -2.51 -4.09 42.75
FILT. T-SA-CV OPTI 0.92 1256 1265 -19.24 -2.51 -4.09  42.75
FILT. T-SA-CV CV 0.92 1255 12.65 -19.24 -2.51 -4.09  42.75
FILT. T-SA-CV NAIVE 0.92 12.55 12.65 -19.24  -2.51 -4.09 42.75
FILT. T-SA-CV OPTL, ccan 0.92 12.55 12.65 -19.24  -2.51 -4.09 42.75
FILT. T-SA-CV OPTlprecrsion  0.92 12.53 12.65 -19.24  -2.51 -4.09 42.75
FILT. COP L1 E OPTIL ccan 0.91 12.39 12.56 -21.12 -2.71 -4.20  43.60
Shrinked MV T-SA-CV OPTI 0.91 11.67 11.86 -19.04 -2.43 -4.06  44.46
Shrinked MV T-SA-CV QUANTILE 0.91 11.67 11.86 -19.04 -2.43 -4.06  44.56
INDEX NASDAQ-100 0.64 12.48 19.98 -35.24 -4.94 -7.15 62.02

Table E.3: Robustness test with 2010-2022 period. This table shows the top 15 portfolio
rankings when the time period is adjusted to 2010-2022. The benchmark index is also shifted
accordingly.

A final robustness test is performed to assess how results change when the period
under consideration is modified. Naturally, overall returns and volatilities are influenced
by specific market conditions during the new period. However, the main objective is to
observe whether the best-performing portfolios remain associated with similar optimization

approaches and threshold choices.

Once again, we find that the best-performing portfolios are systematically constructed
using the Filtering (FILT.) optimization method, confirming its robustness across all
periods. In addition, ensemble models based on combinations of truncated averages
continue to dominate the rankings. With regard to threshold selection methods, the results
appear to be more diverse among the top 15. It should be noted that precision-based
threshold optimization is no longer overrepresented, suggesting that its previous dominance

may have been specific to the initial period.
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Figure F.1: Yearly evolution of classification metrics. The figure shows the yearly out-of-
sample performance of each model for four key metrics: accuracy, precision, recall, and F1-score.
Each line corresponds to a specific model, allowing a visual assessment of its temporal behavior.
While most models exhibit fluctuations over time, metrics such as accuracy and recall appear
relatively stable. In contrast, metrics like recall and F1-score show more pronounced volatility,
reflecting the challenges of maintaining consistent classification performance in financial time
series.
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Figure F.2: Boxplot of classification metrics (sorted by mean accuracy) Same as
Figure 5.2, this plot shows the distribution of classification metrics across all out-of-sample years,
using a walk-forward validation. Here, models are sorted by decreasing mean accuracy instead
of median. This ordering highlights that linear models such as ElasticNet, Lasso, and Ridge
achieve higher average accuracy than more complex models like MLP or GradientBoosting,
despite having slightly lower median performance. In this case, and RandomForest exhibits the
best mean accuracy.
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Figure F.3: Similarity between model predictions across all test periods. The matrices
show the pairwise similarity between model outputs using four complementary correlation metrics.
Pearson’s correlation captures the linear association between prediction vectors, while Cohen’s

Kappa coefficient adjusts for random agreement.

Jaccard similarity focuses on the overlap

of positive predictions, and Hamming distance quantifies the overall proportion of divergent
predictions. Regularized linear models (Ridge, Lasso, ElasticNet) consistently exhibit near-
identical predictions, regardless of the metric used. This is also confirmed when we look at the
year-by-year correlation in Figure F.4. Tree-based models and neural networks display more
heterogeneous behavior, with weaker alignment both with each other and with linear models. This
suggests that differences in prediction patterns are primarily explained by model families, rather
than by randomness in the data or training process.
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Figure F.4: Yearly Pearson (Phi) Correlation Between Model Predictions This figure
shows the year-by-year correlation (Phi coefficient) between model predictions based on out-of-
sample walk-forward validation. The color intensity ranges from light (low correlation, ¢ ~0) to

dark blue (high correlation, ¢ ~ 1)
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Figure F.5: Correlation between aggregated ensemble forecast predictions This figure
shows the correlation between model aggregated predictions based on out-of-sample walk-forward
validation. The color intensity ranges from light blue (low correlation, ¢ =~ 0) to dark red (high
correlation, ¢ ~ 1)
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Figure F.6: Distribution of ensemble model performance across years. This boxplot
tllustrates the annual dispersion of accuracy, precision, recall and F1-score for each ensemble
method. This visualization highlights the greater year-to-year variability for most models. The
wider interquartile ranges and presence of outliers suggest that while some methods achieve strong
average performance, their stability over time may be limited.
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Figure F.7: Relative performance of ensemble and individual forecasts, sorted by
precision. This figure displays the average performance of all ensemble and individual models,
sorted in ascending order based on their precision score. Each point corresponds to the score
over the aggregated predictions, using a fixed classification threshold T = 0.5. Dashed vertical
lines represent statistical significance thresholds (5%, 1%, and 0.1%) relative to a random baseline
(accuracy = recall = 50%, precision = 48.5%).
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Figure F.8: Relative performance of ensemble and individual forecasts, sorted by
precision. This figure displays the average performance of all ensemble and individual models,
sorted in ascending order based on their precision score. Each point corresponds to the score
over the aggregated predictions, using a fixed classification threshold T = 0.5. Dashed vertical
lines represent statistical significance thresholds (5%, 1%, and 0.1%) relative to a random baseline
(accuracy = recall = 50%, precision = 48.5%).
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Figure F.9: Relative performance of ensemble and individual forecasts, sorted by
recall. This figure displays the average performance of all ensemble and individual models,
sorted in ascending order based on their recall score. Fach point corresponds to the score over
the aggregated predictions, using a fized classification threshold T = 0.5. Dashed vertical lines
represent statistical significance thresholds (5%, 1%, and 0.1%) relative to a random baseline
(accuracy = recall = 50%, precision = 48.5%).
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Figure F.10: Relative performance of ensemble and individual forecasts, sorted by

F1Score.

This figure displays the average performance of all ensemble and individual models,

sorted in ascending order based on their F1 score. Fach point corresponds to the score over
the aggregated predictions, using a fized classification threshold T = 0.5. Dashed vertical lines
represent statistical significance thresholds (5%, 1%, and 0.1%) relative to a random baseline
(accuracy = recall = 50%, precision = 48.5%).
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Figure F.11: Relationship Between Average Weights and Individual Model Perfor-

mance

This set of scatter plots illustrates how the average weight assigned to each base model across all
ensemble methods and years correlates with its standalone performance on four metrics: accuracy,
precision, recall, and F1-score. While some models like MLP or KNN tend to receive high weights
and also achieve strong F1 and recall scores, others such as Ridge or Lasso are consistently
under-weighted despite competitive precision. However, since those models were highly correlated,
it means that together joins it has a higher weight than average models.
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Figure F.12: Performance of Thresholding Strategies Across Ensemble Models and

Evaluation Metrics based on Recall optimization

This figure compares the performance of four thresholding strategies across all ensemble models
and four evaluation metrics. Each cross represents the score obtained by a given ensemble method
under a specific thresholding approach. The dashed vertical lines represent statistical significance
thresholds at the 5%, 1%, and 0.1% levels (from left to right), computed using a one-sided binomial
test under the null hypothesis of a random classifier (i.e., accuracy = recall = 50%, precision
= 48.5%). This visualization highlights the potential performance in recall when we switch the

optimization from accuracy to a recall approach.
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Figure F.13: Distribution of the mean thresholding value by ensemble model
The boxplots illustrate the variability of the threshold selection across methods, highlighting
substantial dispersion within and between models. This variability suggests that the choice of
thresholding approach can significantly impact the resulting ensemble performance and requires
careful calibration.



Additional Tables

model Predicted 0 Predicted 1 % of class 1
XGBoost 43964 40593 48.01
DecisionTree 43964 40593 48.01
MLP 44475 40082 47.40
GradientBoosting 44839 39718 46.97
KNN 45150 39407 46.60
RandomForest 46598 37959 44 .89
SVM 47277 37280 44.09
Lasso 48125 36432 43.09
Ridge 48130 36427 43.08
Elasticnet 48139 36418 43.07

Table G.1: Distribution of predicted classes (0 and 1) across models. The last column
reports the percentage of predicted positive classes (1) out of the total number of predictions.
This table highlights potential class imbalance or bias in model outputs.



ACCURACY PRECISION

model NAIVE Cv OPT QTL NAIVE Cv OPT QTL
CO 50.67%**  50.71%** 51.09%** 51.33%™* | 48.83%*  48.94%** 49.11%™* 49.43%***
COP_CE® | 50.65%** 51.12%** 51.15%** 51.27%** | 48.72%  49.47%** 49.37%*** 49.29%***
COP_CE'™F | 50.68%** 51.02%** 51.16%** 51.24%** | 48.76%  49.43%*** 49.47%** 49.21%***
COP_EN 50.71%*  50.77%** 50.96%** 51.34%** | 48.87%*  49.07%**  48.94%*  49.48%***
COP_ENE | 50.63%** 51.23%** 51.04%** 51.26%** | 48.69%  49.39%*** 49.29%***  49.22%***
COP_ENL | 50.66%** 51.28%** 51.05%** 51.16%** | 48.73%  49.27%** 49.25%**  49.05%***
COP_L1F | 50.76%** 51.08%** 51.20%** 51.20%** | 48.91%* 49.16%** 49.44%*** 49.18%***
COP_L1'E | 50.70%**  51.12%** 51.22%** 51.28%** | 48.78%*  49.17%*** 49.47%** 49.25%***
COP_L2F | 50.69%** 50.99%** 51.20%** 51.28%** | 48.80%*  49.39%*** 49.22%***  49.32%***
COP_L2M | 50.69%** 51.05%** 51.20%** 51.28%** | 48.80%*  49.51%** 49.31%** 49.32%***
COSs® 50.75%**  51.10%*** 51.24%** 51.20%™** | 48.87%*  49.17%** 49.15%™* 49.13%***
COS'E 50.68%** 51.14%*** 51.15%™* 51.30%™* | 48.76%  49.51%** 49.35%™* 49.29%***
IL 50.81%** 51.43%*** 51.23%™* 51.28%™* | 48.88%*  49.29%** 49.18%** 49.23%***
SA 50.63%* 51.43%** B51.27%** 51.34%"* | 48.83%*  49.51%™* 49.20%** 49.30%***
T-MCS-10 50.34%*  50.68%*  50.49%*  50.58%** | 45.71% = 48.91%*  45.92% 48.80%*
T-MCS-20 50.47%*  50.59%** 50.73%*** 50.81%** | 48.67% 48.719%*  48.81%*  48.82%*
T-MCS-50 | 50.80%*** 51.14%*** 50.97%*** 51.12%*** | 48.91%* 49.21%** 48.99%** 49.16%***
T-SA-1 50.62%**  51.01%** 50.89%* 51.04%™* | 48.82%*  49.24%**  48.94%*  49.15%***
T-SA-2 50.96%**  50.95%** 50.93%* 51.03%** | 49.08%*** 48.99%**  48.97%*  49.00%**
T-SA-3 50.61%* 50.91%** 50.70%** 51.02%* | 48.85%*  48.95%**  48.88%*  48.91%**
T-SA-4 50.78%** 51.19%** 51.16%™* 51.14%** | 48.95%*"  49.24%** 49.11%™* 49.16%***
T-SA-CV 34.69% 45.81% 36.17% 30.85% 34.88% 46.36% 38.30% 37.47%

Table G.2: Comparison of performance metrics depending on the threshold strategy (1/2)
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RECALL F1

model NAIVE CV OPT QTL | NAIVE CV OPT QTL

CO 45.77%  34.21% 32.50% 26.09% | 46.58% = 32.66% 34.15% 33.86%
COP_CE®P 44.08%  33.71% 30.22% 25.66% | 45.29%  32.92% 33.19% 33.41%
COP_CE™ | 44.07%  34.93% 29.96% 25.50% | 45.26% 33.71% 32.63% 33.27%
COP_EN 45.37%  32.718% 31.22% 25.86% | 46.35% 32.20% 33.61% 33.67%
COP_EN?® 44.32%  33.00% 33.41% 25.74% | 45.35%  32.34% 36.03% 33.48%
COP_EN'L | 44.24%  32.06% 35.64% 25.46% | 45.31%  31.59% 37.89% 33.16%
COP_L1% 45.89%  31.21% 31.65% 27.63% | 46.36%  31.05% 35.09% 35.05%
CopP_L1'F 44.06%  31.05% 31.10% 25.47% | 45.23%  30.72% 34.58% 33.22%
COP_1.2% 44.66%  35.23% 31.92% 25.79% | 45.83% 33.30% 34.46% 33.54%
Cop_ 12t 44.65%  34.03% 34.37% 25.68% | 45.82%  32.51% 36.98% 33.46%
COSs* 45.12%  32.12% 30.47% 26.76% | 45.95%  31.72% 33.84% 34.35%
COS'E 43.86%  33.01% 32.08% 25.68% | 45.14%  32.32% 34.40% 33.44%
IL 43.94%  30.61% 32.70% 25.25% | 45.12%  30.13% 35.88% 32.99%
SA 48.91%  30.84% 32.52% 27.50% | 47.76%  30.12% 35.79% 34.78%
T-MCS-10 45.11%  43.04% 40.50% 45.63% | 44.82%  45.22% 42.47% 46.74%
T-MCS-20 50.36%*  43.74% 40.15% 41.54% | 48.55%  44.69% 43.08% 44.36%
T-MCS-50 43.68%  35.90% 35.15% 29.70% | 44.99%  33.78% 38.21% 36.52%
T-SA-1 49.64%  37.34% 39.03% 31.34% | 48.17%  35.36% 40.82% 37.74%
T-SA-2 44.81%  37.38% 38.35% 33.79% | 45.81% 36.77% 39.14% 39.54%
T-SA-3 52.23%*  36.34% 39.60% 32.05% | 49.52%* 36.56% 41.23% 38.24%
T-SA-4 45.82%  34.69% 36.18% 30.85% | 46.36%  34.88% 38.31% 37.47%
T-SA-CV 34.69%  45.81% 36.17% 30.85% | 34.88%  46.36% 38.30% 37.47%

Table G.3: Comparison of performance metrics depending on the threshold strategy (2/2)
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YortfolioTech Combination  Threshold SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.
ILTERING T-SA-1 OPTIprgc 111 1929 16.26 -29.30 -3.19 -5.02 59.59 1.70 -1.67
‘ILTERING COP_EN E OPTIprgc 1.10 19.07 16.24 -29.68 -3.17 -4.98 58.96 1.70 -1.64
ILTERING IL OPTIprpc 1.08 18.53 16.10 -30.19 -3.16 -4.81 57.36 1.74 -1.58
ILTERING SA OPTIprpc 1.08 18.34 1586 -29.64 -3.07 -4.71 57.14 1.71 -1.54
‘ILTERING COP L1 IL OPTIprgc 1.00 17.25 16.34 -31.17 -3.42 -4.96 57.68 1.72 -1.64
ILTERING IL OPTI 0.97 17.08 16.81 -35.37 -3.28 -5.30 58.21 1.73 -1.68
ILTERING T-SA-CV OPTIprepc 0.97 16.80 16.47 -38.90 -3.36 -5.18 58.53 1.68 -1.65
ILTERING COP_EN IL OPTIprgc 1.00 16.78 15.84 -30.32 -3.24 -4.87 57.78 1.66 -1.60
ILTERING T-SA-3 OPTIprrpc 099 16.75 16.00 -3891 -3.18 -5.02 58.21 1.65 -1.61
‘ILTERING SA OPTI 0.95 16.73 16.79 -34.69 -3.35 -5.29 57.68 1.74 -1.66
[LTERING COS IL OPTIprgc 0.89 1597 17.16 -32.60 -3.44 -5.45 56.61 1.79 -1.71
W COP_EN E OPTI 0.73 1575 21.93 -54.81 -4.50 -7.21 59.49 2.14 -2.34
VIV T-SA-1 OPTIprepc 0.95 15.74 1559 -36.19 -3.09 -5.06 59.17 1.59 -1.62
ILTERING T-SA-CV OPTI 0.91 15.63 16.38 -38.90 -3.24 -5.13 58.85 1.65 -1.68
[LTERING COP_ L1 E OPTIprgc 091 1562 16.36 -29.80 -3.44 -5.10 56.93 1.72 -1.65

Table G.4: Top 15 Portfolio by APY ranking

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.
NASDAQ-100 0.75 14.95 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COS_IL 0.58 12.27 22.55 -53.23 -4.80 -7.61 56.82 2.19 -2.39
COP_EN_E 057 1201 2258 -53.37 -4.89 -7.67 57.68 2.17 -2.45
COP_EN_1IL 0.55 1148 2258 -53.37 -4.94 -7.73 57.46 2.17 -2.45
COS_E 0.54 11.28 22.61 -53.23 -5.16 -7.67 56.93 2.19 -2.42
COP_CE_IL 0.53 10.78 2256 -54.69 -5.05 -7.61 56.72 2.17 -2.44
T-MCS-20 0.52 9.98 20.50 -58.98 -4.38 -6.92 59.70 1.89 -2.25
T-MCS-50 0.52 991 20.47 -57.62 -4.38 -6.87 59.06 1.91 -2.22
COP_CE_E 051 1053 22.62 -58.10 -4.84 -7.60 56.82 2.17 -2.46
T-SA-4 0.51 10.18 21.60 -60.44 -4.58 -7.36 59.06 2.02 -2.39
COP_EN 0.51 10.41 23.00 -57.27 -4.76 -7.82 58.00 2.15 -2.50
CcO 0.50 10.40 23.05 -59.51 -4.72 -7.85 5821 2.15 -2.50
T-SA-1 049 9.76 22.08 -58.99 -4.74 -7.46 56.50 2.14 -2.42
COP_L1_E 0.47 9.36 22.66 -53.37 -4.93 -7.83 57.04 2.13 -2.46
COP_L1 IL 047 937 2271 -53.92 -493 -7.72 57.04 2.14 -2.50
T-SA-2 046 9.07 22.11 -56.98 -4.73 -7.50 57.25 2.11 -2.43
IL 0.46 9.16 22.56 -53.23 -4.89 -7.68 55.76 2.19 -2.48
SA 0.44 881 2298 -53.23 -4.89 -7.78 b55.54 2.20 -2.49
T-SA-CV 043 847 2226 -57.02 -4.62 -7.73 57.25 2.09 -2.43
T-SA-3 043 832 21.63 -57.02 -4.69 -7.48 59.06 1.99 -2.44
COP_L2 E 040 7.74 22.64 -54.13 -497 -7.87 56.61 2.11 -2.48
COP_L2 IL 040 7.68 22.66 -54.13 -4.96 -7.82 56.72 2.11 -2.49

Table G.5: Backtest Metrics for EW with thresholds selection CV. All data are expressed in %
except the Sharpe Ratio.
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SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27

T-MCS-20 0.62 11.56 19.04 -56.13 -4.12 -6.49 56.93 1.84 -2.14
T-SA-4 0.61 11.88 20.41 -56.68 -4.48 -6.97 60.34 1.92 -2.27
T-SA-CV 0.60 11.87 2044 -57.73 -4.39 -7.01 60.02 1.93 -2.26
T-SA-3 0.60 11.79 20.54 -57.73 -450 -6.99 60.02 1.94 -2.29
CcO 0.58 11.36 20.39 -56.52 -4.34 -6.99 60.87 1.89 -2.30
T-SA-2 0.58 11.38 20.45 -57.04 -4.57 -7.05 60.02 1.92 -2.27
COP_EN 0.58 11.21 20.41 -56.79 -4.42 -7.00 60.66 1.90 -2.30
SA 0.57 11.04 2045 -56.40 -4.49 -7.01 5991 1.92 -2.27

COP_L2_E 0.56 10.96 20.44 -57.03 -4.34 -7.01 5991 1.93 -2.28
COP_L2_1IL 0.56 1097 2047 -56.68 -4.34 -7.02 59.81 1.93 -2.27
COS_1IL 0.56 10.88 20.59 -58.00 -4.58 -7.12 59.70 1.94 -2.28
T-SA-1 0.56 10.85 20.67 -57.10 -4.61 -7.15 59.70 1.94 -2.30
COP_CE_E 0.56 1081 20.55 -57.67 -4.45 -7.08 59.38 1.95 -2.26
COP_CE_IL 0.55 10.66 20.57 -57.47 -4.52 -7.09 59.49 1.94 -2.27

T-MCS-50 0.55 10.53 20.24 -56.13 -4.43 -6.92 60.45 1.87 -2.27
COP_EN_E 055 10.59 20.53 -57.28 -4.54 -7.05 59.70 1.93 -2.28
COP_L1_E 0.55 10.57 20.53 -57.36 -4.54 -7.11 60.13 1.91 -2.29
COS_E 0.54 1049 2049 -5742 -442 -7.07 5991 1.91 -2.28
IL 0.54 10.52 20.64 -58.20 -4.59 -7.12 59.17 1.95 -2.27

COP_L1_1IL 054 1044 20.55 -57.83 -4.46 -7.10 59.59 1.93 -2.27
COP_EN_IL 0.53 10.28 20.53 -57.99 -443 -7.07 59.59 1.93 -2.28

Table G.6: Backtest Metrics for EW with thresholds selection NAIVE. All data are expressed
in % except the Sharpe Ratio.
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SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COP_EN_E 0.73 1575 2193 -54.81 -4.50 -7.21 59.49 2.14 -2.34
COP_EN_IL 0.72 1531 21.66 -54.68 -4.44 -7.16 60.23 2.08 -2.35

SA 0.63 13.00 21.64 -54.68 -4.37 -7.22 57.68 2.12 -2.31
COS_E 0.63 13.15 22.04 -54.68 -4.68 -7.31 58.21 2.15 -2.40
T-MCS-20 0.63 11.82 19.32 -58.98 -4.04 -6.47 56.82 1.86 -2.14
IL 0.62 12.89 21.65 -55.11 -4.47 -7.22 57.68 2.12 -2.32
COS_IL 0.62 13.15 2229 -54.68 -4.67 -7.51 57.25 2.17 -2.36
COP_CE_E 0.62 1288 2198 -58.17 -4.55 -7.24 57.57 2.15 -2.32
T-SA-4 0.62 1231 20.76 -58.66 -4.57 -6.99 60.02 1.96 -2.29
COP_EN 0.62 13.20 22.86 -57.32 -4.69 -7.68 58.64 2.16 -2.41

COP_L2_1IL 0.62 12,60 21.51 -54.13 -4.51 -7.19 58.64 2.07 -2.32
COP_L1_IL 061 1276 2211 -54.68 -4.42 -7.48 58.32 2.11 -2.36
COP_L1_E 0.61 1271 22.09 -54.81 -4.43 -7.49 58.64 2.10 -2.38

CO 0.60 12.63 22.22 -55.80 -4.84 -7.46 58.74 2.10 -2.39
T-SA-1 0.60 12.04 21.26 -56.63 -4.38 -7.11 59.06 2.04 -2.32
T-SA-3 0.58 11.51 21.06 -55.56 -4.63 -7.17 59.70 1.98 -2.34
T-SA-CV 0.57 11.52 21.44 -55.56 -4.45 -7.29 58.53 2.05 -2.36

COP_CE_IL 0.57 11.60 21.98 -55.09 -4.56 -7.23 56.40 2.18 -2.34
COP_L2_E 0.55 11.19 21.92 -57.32 -466 -7.30 57.36 2.11 -2.35
T-MCS-50 0.55 10.63 20.52 -57.62 -4.37 -6.87 59.38 1.92 -2.23
T-SA-2 0.54 10.63 20.99 -56.22 -4.70 -7.16 59.28 1.98 -2.31

Table G.7: Backtest Metrics for EW with thresholds selection OPTI. All data are expressed in
% except the Sharpe Ratio.
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SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27

T-SA-1 0.71 14.64 21.16 -54.63 -4.36 -7.11 58.64 2.08 -2.30
COP_EN_E 0.68 14.06 21.23 -54.88 -4.30 -7.16 57.68 2.10 -2.27
T-SA-3 0.67 13.61 2091 -55.56 -4.35 -7.09 59.59 1.99 -2.35
IL 0.67 13.76 21.27 -55.98 -4.35 -7.13 57.89 2.11 -2.32

COP_L1_1IL 0.66 13.58 21.07 -55.47 -4.38 -7.09 57.57 2.09 -2.26
COP_L1_E 0.66 13.47 21.15 -55.35 -4.31 -7.13 bH7.57 2.09 -2.28
COP_EN_IL 0.65 13.10 20.98 -55.15 -4.34 -7.09 57.89 2.05 -2.30

SA 0.65 13.20 21.22 -55.47 -4.38 -7.10 57.89 2.09 -2.32
T-SA-4 0.63 12.67 20.80 -58.66 -4.46 -7.01 58.85 2.00 -2.26
COP_CE_IL 0.62 1286 22.06 -55.59 -493 -7.30 55.97 2.22 -2.36
COS_1IL 0.61 12,52 21.63 -55.35 -449 -7.30 56.50 2.15 -2.30
T-SA-CV 0.61 1236 21.31 -55.56 -4.39 -7.23 58.74 2.04 -2.34
COS_E 0.60 1229 21.43 -55.35 -4.39 -7.25 56.61 2.13 -2.28
T-SA-2 0.60 11.90 20.90 -57.41 -4.45 -7.09 58.64 2.01 -2.30
COP_CE_E 059 1222 2181 -55.91 -456 -7.30 55.86 2.17 -2.34
CcO 0.59 11.74 20.78 -56.87 -4.56 -7.19 59.38 1.99 -2.35
T-MCS-50 0.57 11.15 20.72 -57.62 -4.38 -6.89 58.96 1.96 -2.23

COP_L2_E 0.54 10.80 21.21 -55.79 -4.37 -7.32 56.61 2.09 -2.32
COP_L2_1IL 0.54 10.78 21.21 -54.90 -4.38 -7.31 56.50 2.10 -2.30
COP_EN 0.52 10.24 21.12 -57.77 -4.44 -7.42 57.14 2.03 -2.36
T-MCS-20 0.52 9.98 20.50 -5898 -4.38 -6.92 59.70 1.89 -2.25

Table G.8: Backtest Metrics for EW with thresholds selection OPTIprgpc. All data are
expressed in % except the Sharpe Ratio.
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SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
CcO 0.61 11.78 19.88 -53.31 -445 -6.86 60.98 1.86 -2.25
COP_EN 0.61 11.77 19.88 -53.36 -4.44 -6.85 61.09 1.85 -2.26
COP_L2_E 0.61 11.64 19.90 -53.35 -445 -6.87 61.30 1.84 -2.27
COP_CE_IL 0.60 11.60 1990 -53.48 -445 -6.85 61.30 1.84 -2.27

COP_L2_1IL 060 11.54 1990 -53.59 -444 -6.86 61.30 1.84 -2.27
COS_1IL 0.60 11.55 19.92 -54.12 -444 -6.87 61.19 1.85 -2.27
COP_CE_E 0.60 11.52 1990 -53.30 -4.48 -6.86 60.98 1.85 -2.26
COP_EN_IL 060 11.43 1989 -53.56 -4.44 -6.85 61.41 1.84 -2.28
COP_L1_IL 060 1142 1989 -53.75 -444 -6.86 61.94 1.82 -2.32
COP_EN_E 059 1142 1989 -53.40 -444 -6.84 61.19 1.84 -2.27
COP_L1_E 0.59 11.39 19.89 -53.89 -444 -6.87 61.73 1.83 -2.30
COS_E 0.59 11.38 19.90 -54.12 -4.44 -6.87 61.41 1.83 -2.28
T-SA-1 0.59 11.26 19.94 -54.12 -448 -6.87 61.30 1.84 -2.28
IL 0.58 11.19 19.89 -53.75 -4.44 -6.85 61.41 1.83 -2.28
SA 0.58 11.16 19.90 -54.12 -4.44 -6.86 61.41 1.83 -2.29
T-SA-4 0.58 11.20 20.03 -54.50 -4.54 -6.90 60.45 1.88 -2.25
T-SA-2 0.57 10.88 19.98 -54.75 -4.43 -6.89 60.87 1.85 -2.27
T-SA-3 0.56 10.78 19.99 -54.83 -4.47 -6.90 60.66 1.85 -2.26
T-SA-CV 0.56 10.76 19.95 -54.83 -4.47 -6.88 60.98 1.84 -2.27
T-MCS-50 0.55 10.53 20.24 -56.13 -4.43 -6.92 60.45 1.87 -2.27
T-MCS-20 0.51 9.72 20.23 -56.13 -443 -6.94 59.81 1.88 -2.25

Table G.9: Backtest Metrics for EW with thresholds selection OPTI RECALL. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 110.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27

COP_L2_1IL 0.63 1280 21.24 -56.70 -4.57 -7.26 60.77 1.97 -2.36
COP_L2_E 0.62 1256 21.23 -58.90 -4.57 -7.25 60.45 1.98 -2.34
COP_EN 0.57 1147 21.14 -58.13 -4.47 -7.22 60.77 1.94 -2.37
COS_E 0.57 11.46 21.24 -56.87 -4.53 -7.19 59.28 2.01 -2.31
CcO 0.57 11.38 21.07 -59.21 -4.27 -7.23 60.87 1.94 -2.38

COP_EN_IL 056 1145 21.68 -58.17 -4.50 -7.24 59.06 2.03 -2.32
COP_L1_1IL 0.6 11.37 21.61 -56.17 -4.72 -7.28 58.74 2.04 -2.29
COP_EN_E 056 11.17 21.39 -56.87 -4.70 -7.29 59.17 2.02 -2.32
COP_CE_E 056 11.18 2141 -58.78 -4.72 -7.31 59.06 2.02 -2.31
COP_L1_E 0.55 1098 21.13 -55.74 -4.73 -7.21 59.70 1.98 -2.33
COP_CE_IL 055 11.06 21.35 -57.21 -4.73 -7.29 59.06 2.01 -2.31

T-SA-4 0.55 10.83 20.86 -60.44 -4.54 -7.08 58.64 1.98 -2.24
SA 0.55 10.88 21.23 -58.03 -4.76 -7.28 59.17 2.00 -2.31
COS_1IL 0.54 10.77 21.60 -57.18 -4.97 -7.32 59.28 2.03 -2.35
T-SA-2 0.54 1046 20.81 -57.16 -4.49 -7.15 59.59 1.95 -2.31
T-SA-3 0.54 1042 20.69 -57.26 -4.62 -7.08 59.28 1.95 -2.28
IL 0.53 10.57 21.38 -56.97 -4.82 -7.27 58.74 2.02 -2.31
T-MCS-50 0.53 10.11 2043 -57.62 -443 -6.90 59.91 1.89 -2.25
T-SA-CV 0.52 10.09 20.68 -57.26 -4.66 -7.10 58.64 1.96 -2.25
T-MCS-20 0.50 952 20.44 -5898 -4.38 -6.93 59.81 1.88 -2.26
T-SA-1 0.50 9.64 21.00 -56.40 -4.55 -7.28 59.38 1.96 -2.33

Table G.10: Backtest Metrics for EW with thresholds selection QUANTILE. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 111.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27

COP_EN_E 061 1091 1792 -36.76 -3.51 -6.09 58.00 1.69 -1.87
COP_CE_E 0.61 1049 17.12 -43.49 -3.55 -5.85 57.04 1.67 -1.83
COP_CE_IL 0.59 1031 1744 -37.21 -3.64 -5.94 56.93 1.68 -1.84
T-SA-4 0.59 982 16.64 -4294 -3.39 -5.45 57.04 1.62 -1.70
SA 0.59 1041 18.02 -36.76 -3.67 -6.04 56.50 1.73 -1.92
IL 0.58 10.29 1789 -36.76 -3.67 -6.00 56.61 1.72 -1.91
T-SA-1 0.57 956 16.73 -48.96 -3.65 -5.52 56.72 1.65 -1.82

COP_L1_IL 056 989 1786 -37.15 -3.68 -6.04 56.93 1.73 -1.93
COP_L2 IL 056 9.68 1741 -38.07 -3.55 -5.87 57.89 1.63 -1.89
COP_EN_IL 056 9.77 1787 -36.76 -3.52 -6.18 57.68 1.68 -1.89

COS_1IL 0.56 9.77 1789 -36.76 -3.59 -6.19 57.78 1.67 -1.89
COP_L2_E 0.56 9.58 1747 -38.07 -3.61 -5.92 58.21 1.63 -1.92
T-SA-CV 0.55 923 17.00 -41.04 -3.37 -5.64 57.04 1.61 -1.77
T-MCS-20 0.54 8.05 1437 -4420 -296 -4.79 58.21 1.40 -1.55
T-SA-2 0.53 896 1691 -42.28 -3.63 -5.61 5H7.78 1.63 -1.85
COS_E 0.52 911 1795 -36.76 -3.90 -6.29 57.46 1.68 -1.90
CcO 0.52 9.21 1841 -46.09 -3.93 -6.28 57.89 1.69 -1.91
COP_EN 0.51  9.00 18.29 -44.92 -397 -6.20 57.89 1.67 -1.91
T-MCS-50 0.51 7.61 14539 -42.74 -3.22 -4.82 5842 1.41 -1.59
COP_L1_E 0.51 879 1798 -36.76 -3.61 -6.21 57.14 1.69 -1.92
T-SA-3 049 796 16.21 -41.04 -3.42 -5.38 57.89 1.55 -1.75

Table G.11: Backtest Metrics for MV with thresholds selection CV. All data are expressed in
% except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 112.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

T-SA-CV 0.83 1272 1442 -43.18 -3.20 -4.70 59.28 1.46 -1.51
T-SA-2 0.83 12.66 14.37 -40.21 -3.15 -4.72 59.70 1.44 -1.51
T-SA-3 0.83 1274 14.65 -43.18 -3.21 -4.83 59.38 1.47 -1.54
T-SA-1 0.80 1240 14.74 -42.12 -3.15 -4.92 60.13 1.45 -1.58
COS_E 0.80 12.09 14.35 -41.85 -3.15 -4.74 60.13 1.43 -1.56
COP_L1_1IL 080 1210 1442 -4254 -3.17 -4.73 60.23 1.44 -1.57
COP_L1_E 0.80 12.06 14.40 -41.85 -3.13 -4.79 60.13 1.43 -1.56
SA 0.79 11.89 14.27 -40.58 -3.13 -4.76 59.28 1.43 -1.51
COP_EN_IL 0.79 1193 1442 -4294 -3.17 -4.73 60.23 1.44 -1.58
COP_L2_E 0.78 11.83 1444 -43.15 -3.15 -4.72 5991 1.44 -1.56
COP_CE_E 0.78 11.76 14.37 -42.09 -3.14 -4.77 60.23 1.43 -1.57
COP_CE_IL 0.78 11.78 1443 -42.84 -3.13 -4.78 60.23 1.43 -1.58
COP_L2_1IL 077 11.74 1448 -43.21 -3.15 -4.74 60.02 1.44 -1.57
CO 0.77 11.64 14.37 -44.22 -3.15 -4.74 59.06 1.45 -1.52
COP_EN_E 077 11.64 14.39 -4282 -3.16 -4.75 60.13 1.43 -1.57
T-SA-4 0.76 11.47 14.35 -41.49 -3.05 -4.69 58.42 1.45 -1.49
IL 0.76 11.70 14.74 -43.92 -3.16 -4.95 59.81 1.45 -1.58
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COP_EN 0.74 11.18 14.36 -42.79 -3.14 -4.73 5H8.74 1.45 -1.51
COS_1IL 0.73 11.03 14.51 -44.40 -3.15 -4.85 60.34 1.43 -1.61
T-MCS-50 0.56 8.06 13.84 -42.84 -297 -4.64 58.42 1.37 -1.52
T-MCS-20 0.54 758 13.38 -43.42 -286 -4.51 54.69 1.37 -1.48

Table G.12: Backtest Metrics for MV with thresholds selection NAIVE. All data are expressed
in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 113.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

IL 0.87 1488 1642 -35.36 -3.44 -5.27 58.96 1.63 -1.69
SA 0.86 14.69 16.41 -34.62 -3.44 -5.27 58.64 1.63 -1.68
T-SA-CV 0.82 13.54 15.77 -40.47 -3.27 -5.10 59.28 1.54 -1.65
COP_EN_E 0.79 1354 16.60 -34.89 -3.45 -5.39 59.38 1.62 -1.71
T-SA-4 0.79 1243 15.13 -4248 -3.11 -4.91 57.78 1.52 -1.51
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COS_E 0.75 1281 16.70 -34.62 -3.59 -5.58 58.64 1.64 -1.77
COP_EN_IL 0.75 1250 16.24 -34.62 -3.47 -5.38 60.02 1.57 -1.73
COS_IL 0.74 1285 16.97 -34.62 -3.51 -5.72 58.74 1.63 -1.78
T-SA-1 0.73 1190 15.82 -4149 -3.14 -5.17 58.64 1.55 -1.64
COP_EN 0.73 1280 17.28 -44.92 -3.52 -5.78 59.59 1.63 -1.80
T-SA-2 0.71 11.29 1531 -40.33 -3.11 -5.10 59.17 1.49 -1.61
T-SA-3 0.70 11.22 15.39 -40.47 -3.27 -5.11 58.74 1.52 -1.63

COP_L2_IL 0.68 1094 1561 -3848 -3.47 -5.19 58.42 1.53 -1.65
COP_CE_IL 0.65 11.08 16.96 -36.13 -3.71 -5.59 57.04 1.68 -1.79

COP_L1_1IL 063 1091 1713 -34.62 -3.75 -5.80 58.10 1.64 -1.79
COP_L1_E 0.63 10.85 17.05 -34.62 -3.86 -5.84 58.96 1.61 -1.82
COP_L2_E 0.63 1048 16.30 -45.25 -3.51 -5.43 5/8.21 1.57 -1.74
COP_CE_E 0.62 10.54 16.74 -43.19 -3.62 -5.58 57.14 1.65 -1.73
CO 0.61 10.39 17.07 -44.49 -3.63 -5.83 58.64 1.60 -1.79
T-MCS-20 0.58 834 13.85 -44.20 -287 -4.62 55.01 1.39 -1.51
T-MCS-50 0.55 829 14.65 -42.74 -3.22 -4.83 58.42 1.43 -1.59

Table .13: Backtest Metrics for MV with thresholds selection OPTI. All data are expressed
in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 114.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

T-SA-1 0.95 15.74 1559 -36.19 -3.09 -5.06 59.17 1.59 -1.62
COP_EN_E 092 1525 1568 -37.43 -3.32 -5.08 59.17 1.58 -1.64
T-SA-3 0.91 14.68 15.20 -40.47 -3.11 -4.95 58.53 1.54 -1.57
IL 0.90 14.82 15.72 -38.33 -3.21 -5.03 57.46 1.63 -1.59
SA 0.87 14.22 1552 -37.77 -3.15 -4.97 57.57 1.59 -1.57
T-SA-CV 0.85 14.14 15.82 -40.47 -3.31 -5.14 58.53 1.58 -1.61
COP_EN_IL 0.84 1347 1533 -37.48 -3.32 -4.99 58.21 1.55 -1.62
COP_L1_1IL 0.79 13.00 15.77 -37.77 -3.43 -5.13 57.36 1.61 -1.63
T-SA-2 0.79 1235 15.00 -39.22 -3.31 -5.01 58.32 1.52 -1.58
T-SA-4 0.77 1216 15.06 -42.48 -3.15 -4.88 57.46 1.52 -1.52
COS_E 0.77 1295 16.20 -37.75 -3.32 -5.39 57.46 1.63 -1.69
COS_1IL 0.77 13.08 16.46 -38.13 -3.32 -547 57.89 1.63 -1.72
COP_L1_E 0.77 1258 15.79 -37.75 -3.32 -5.21 57.57 1.59 -1.66

NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COP_L2_1IL 0.64 10.18 15.61 -41.56 -3.42 -5.23 56.93 1.57 -1.68
COP_CE_IL 0.62 10.73 17.13 -38.93 -3.67 -5.66 55.86 1.72 -1.80
CcO 0.61 9.63 1549 -43.14 -3.64 -5.27 57.25 1.55 -1.66
T-MCS-50 0.60 9.28 14.92 -42.74 -3.22 -4.82 58.10 1.47 -1.58
COP_L2_E 0.56 891 15.71 -45.28 -3.46 -5.30 56.18 1.57 -1.70
COP_CE_E 055 919 1688 -42.18 -3.56 -5.60 54.90 1.70 -1.78
T-MCS-20 0.54 8.05 1437 -4420 -296 -4.79 58.21 1.40 -1.55
COP_EN 046 7.27 1597 -47.61 -3.61 -5.52 55.65 1.56 -1.74

Table G.14: Backtest Metrics for MV with thresholds selection OPTIprpc. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 115.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

COS_E 0.76 10.54 13.00 -34.98 -294 -4.22 58.64 1.34 -1.39
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COS_IL 0.75 10.34 1288 -34.22 -294 -4.16 58.74 1.33 -1.39
COP_L1_E 0.74 10.30 13.05 -33.54 -2.94 -4.22 58.85 1.33 -1.40
COP_L1_1IL 0.74 10.20 13.03 -35.60 -2.98 -4.21 58.96 1.32 -1.41
SA 0.74 10.25 13.11 -34.98 -297 -4.22 58.42 1.35 -1.40
COP_L2_E 0.73 999 1281 -33.09 -291 -4.13 58.42 1.32 -1.37
COP_CE_E 0.72 999 1296 -33.37 -2.98 -4.18 58.00 1.34 -1.38
IL 0.72 10.04 13.12 -35.60 -2.98 -4.22 58.32 1.35 -1.41
COP_L2_1IL 0.72 979 1282 -3454 -291 -4.15 58.21 1.32 -1.37
CcO 071 972 1274 -33.36 -2.89 -4.10 58.64 1.30 -1.38
T-SA-1 0.71 997 13.15 -36.79 -2.98 -4.29 58.42 1.34 -1.41
COP_EN 0.71 971 1282 -34.89 -292 -4.13 58.64 1.31 -1.39

COP_CE_IL 071 979 1299 -34.54 -294 -4.20 5H7.78 1.35 -1.38
COP_EN_IL 0.71 980 13.02 -35.56 -293 -4.19 58.53 1.33 -1.40

T-SA-4 0.69 990 13.54 -37.63 -3.06 -4.41 57.68 1.38 -1.41
T-SA-2 0.69 9.65 13.30 -37.77 -298 -4.35 58.64 1.34 -1.43
COP_EN_E 068 930 1295 -34.45 -294 -4.20 58.42 1.32 -1.40
T-SA-CV 0.67 948 13.31 -3747 -3.02 -4.35 58.32 1.34 -1.42
T-SA-3 0.67 940 13.36 -37.47 -3.02 -4.36 58.00 1.35 -1.41
T-MCS-50 0.56 8.06 13.84 -42.84 -297 -4.64 58.42 1.37 -1.52
T-MCS-20 0.50 729 13.92 -4342 -296 -4.69 57.89 1.37 -1.52

Table G.15: Backtest Metrics for MV with thresholds selection OPTI RECALL. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 116.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

COP_L2_1IL 082 13.70 16.01 -43.00 -3.26 -5.22 59.38 1.59 -1.65
COP_L2_E 0.82 13.55 1593 -43.75 -3.16 -5.17 59.59 1.57 -1.65
COP_CE_IL 0.79 1291 1569 -42.33 -3.13 -5.06 58.74 1.57 -1.62

COP_CE_E 0.77 1250 1560 -43.48 -3.12 -5.01 58.53 1.57 -1.61
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27

COP_EN 0.75 1223 1579 -43.72 -3.31 -5.16 59.38 1.55 -1.65
COP_EN_E 0.74 1211 1582 -43.68 -3.33 -5.18 58.10 1.58 -1.62
SA 0.74 11.94 15.58 -46.76 -3.17 -5.08 58.10 1.55 -1.58
COP_L1_IL 0.73 1191 15.79 -3797 -342 -5.11 57.78 1.59 -1.61
CO 0.72 11.64 15.61 -46.61 -3.37 -5.19 59.06 1.54 -1.65
T-SA-4 0.72 11.53 1547 -46.27 -3.24 -5.10 59.17 1.51 -1.62
COP_EN_IL 0.71 11.55 15.66 -39.82 -3.38 -5.09 5H7.78 1.58 -1.62
COP_L1_E 0.71 11.29 1545 -41.22 -3.12 -5.05 57.04 1.57 -1.56
IL 0.70 11.59 16.14 -43.54 -3.30 -5.30 57.68 1.60 -1.63
COS_1IL 0.69 11.18 15.74 -44.00 -3.28 -5.16 58.32 1.55 -1.63
COS_E 0.67 10.61 15.36 -42.69 -3.12 -4.99 57.57 1.54 -1.59
T-SA-1 0.66 10.34 15.50 -47.10 -3.12 -5.15 59.38 1.49 -1.65
T-SA-2 0.64 10.11 1542 -47.23 -3.21 -5.16 58.64 1.49 -1.62
T-SA-CV 0.63 985 1526 -45.35 -3.07 -5.01 57.68 1.50 -1.57
T-SA-3 0.63 982 1524 -45.35 -3.16 -5.05 57.78 1.50 -1.58
T-MCS-50 0.55 820 14.58 -45.62 -3.18 -4.87 59.06 1.40 -1.59
T-MCS-20 049 721 1438 -44.20 -3.22 -4.82 58.00 1.39 -1.56

Table G.16: Backtest Metrics for MV with thresholds selection QUANTILE. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 117.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27

COP_EN_E 063 11.18 1790 -37.19 -3.59 -6.15 59.28 1.66 -1.94
COP_CE_E 0.62 10.75 1733 -44.03 -3.60 -5.97 58.10 1.66 -1.90
COP_CE_IL 0.60 10.55 17.61 -38.29 -3.67 -6.05 58.21 1.66 -1.92
T-SA-4 0.59 10.01 16.80 -43.29 -3.47 -5.60 57.89 1.61 -1.75
IL 0.59 10.50 1798 -37.18 -3.75 -6.11 57.36 1.71 -1.96
COS_1IL 0.58 10.30 17.93 -37.18 -3.68 -6.25 58.21 1.67 -1.91
SA 0.58 1048 18.32 -37.18 -3.75 -6.20 57.36 1.73 -1.98
T-SA-1 0.58 9.77 16.88 -49.55 -3.70 -5.64 56.61 1.67 -1.82
T-MCS-20 0.58 8.62 1442 -43.64 -3.14 -4.83 58.10 1.41 -1.53

COP_EN_IL 058 10.14 1790 -37.19 -3.60 -6.25 59.06 1.66 -1.96
COP_L2_E 0.56 9.69 17.73 -38.79 -3.60 -6.05 58.53 1.63 -1.95

COP_L2_IL 056 9.66 17.70 -38.79 -3.60 -6.00 58.21 1.64 -1.93
COP_L1_IL 055 985 1819 -3794 -3.75 -6.21 57.89 1.71 -1.99
COS_E 0.55 9.65 18.00 -37.18 -3.95 -6.35 58.32 1.67 -1.94
T-SA-CV 0.54 921 17.11 -41.07 -3.41 -5.78 58.10 1.59 -1.83
T-SA-2 0.54 922 17.15 -42.82 -3.70 -5.78 57.89 1.64 -1.87
T-MCS-50 0.54 816 14.63 -42.43 -3.20 -4.87 58.10 1.42 -1.57
CO 0.53 9.39 1842 -46.14 -3.93 -6.34 58.10 1.70 -1.93
COP_L1_E 0.51 9.06 1821 -37.19 -3.73 -6.32 58.42 1.67 -1.99
COP_EN 0.51 911 1834 -4542 -399 -6.29 58.10 1.68 -1.93
T-SA-3 0.51 826 16.44 -41.07 -3.50 -5.55 5H8.74 1.55 -1.81

Table G.17: Backtest Metrics for Shrinked MYV with thresholds selection CV. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 118.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

T-SA-CV 0.84 1284 1441 -4293 -3.17 -4.77 59.70 1.45 -1.52
T-SA-3 0.83 1277 14.65 -4293 -3.24 -4.91 59.49 1.46 -1.54
T-SA-2 0.82 1246 14.38 -40.14 -3.15 -4.80 60.66 1.41 -1.55
T-SA-1 0.80 1240 14.73 -42.20 -3.03 -4.99 59.59 1.46 -1.56
COS_E 0.79 1193 14.33 -42.27 -3.19 -4.76 60.02 1.43 -1.55
COP_L1_1IL 0.79 1198 1441 -43.00 -3.20 -4.78 60.02 1.44 -1.56
SA 0.79 11.85 14.24 -40.86 -3.17 -4.78 59.28 1.43 -1.50
COP_L1_E 0.79 11.88 14.38 -42.27 -3.20 -4.82 59.81 1.43 -1.55

COP_EN_IL 0.78 11.78 1440 -43.32 -3.23 -4.78 60.13 1.43 -1.58
COP_L2_E 0.78 11.74 1439 -43.25 -3.21 -4.77 59.81 1.43 -1.55

T-SA-4 0.77 11.64 1429 -41.54 -3.00 -4.71 59.06 1.44 -1.50
COP_CE_E 077 11.67 14.35 -4249 -3.21 -481 60.13 1.42 -1.56
COP_CE_IL 0.77 11.67 1441 -43.39 -3.21 -4.82 60.02 1.43 -1.57

COP_L2_1IL 0.77 11.65 1443 -43.48 -3.21 -4.78 59.81 1.43 -1.55
COP_EN_E 0.76 11.55 14.38 -43.36 -3.23 -4.79 60.02 1.43 -1.56

CcO 0.76 11.52 14.33 -44.02 -3.24 -4.78 59.70 1.42 -1.54
IL 0.76 11.71 1473 -43.83 -3.15 -5.01 59.70 1.45 -1.57
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COP_EN 0.74 11.07 14.31 -42.84 -3.25 -4.77 58.85 1.44 -1.51
COS_1IL 0.73 11.07 1447 -44.59 -3.19 -4.88 60.55 1.42 -1.61
T-MCS-50 0.59 851 13.87 -43.03 -3.05 -4.68 58.21 1.38 -1.50
T-MCS-20 0.57 798 1340 -43.55 -2.86 -4.55 55.01 1.36 -1.48

Table G.18: Backtest Metrics for Shrinked MV with thresholds selection NAIVE. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 119.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

IL 0.85 14.52 16.45 -3593 -3.43 -5.39 59.81 1.60 -1.73
SA 0.84 14.39 16.44 -35.16 -3.43 -5.39 59.59 1.60 -1.72
T-SA-CV 0.80 13.13 15.76 -40.27 -3.24 -5.21 60.55 1.51 -1.71
COP_EN_E 080 13.76 16.63 -35.41 -3.46 -5.47 60.55 1.60 -1.76
T-SA-4 0.79 1246 15.17 -4253 -3.00 -4.99 59.17 1.49 -1.56
COP_EN_IL 0.77 1290 16.30 -35.16 -3.49 -5.44 60.23 1.57 -1.73
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COS_E 0.74 12774 16.74 -35.16 -3.60 -5.65 59.49 1.62 -1.81
COS_IL 0.73 1271 17.04 -35.16 -3.52 -5.78 58.85 1.63 -1.79
T-SA-1 0.72 11.73 1588 -41.31 -3.32 -5.28 59.06 1.54 -1.66
COP_EN 0.71 1253 1742 -4543 -3.58 -5.89 60.23 1.62 -1.85
T-SA-2 0.70 11.22 15.39 -40.38 -3.07 -5.25 59.49 1.49 -1.63
T-SA-3 0.70 11.20 15.46 -40.27 -3.31 -5.23 59.49 1.50 -1.67

COP_L2_1IL 0.69 11.14 1571 -3897 -3.47 -5.28 59.91 1.50 -1.72
COP_CE_IL 066 11.36 17.08 -36.72 -3.71 -5.69 58.00 1.67 -1.84

COP_L1_1IL 065 11.20 1721 -35.16 -3.75 -5.89 59.59 1.61 -1.86
COP_L1_E 0.64 11.05 17.09 -35.17 -3.88 -5.89 60.02 1.58 -1.86
COP_CE_E 064 1091 16.89 -43.56 -3.60 -5.69 58.42 1.63 -1.79
COP_L2_E 0.63 1045 1642 -45.50 -3.54 -5.54 58.96 1.56 -1.79
T-MCS-20 0.61 888 13.89 -43.64 -286 -4.65 55.12 1.40 -1.50
CcO 0.60 10.27 17.16 -44.25 -3.66 -5.93 58.53 1.61 -1.81
T-MCS-50 0.58 881 14.70 -4243 -3.20 -4.88 58.21 1.44 -1.57

Table G.19: Backtest Metrics for Shrinked MV with thresholds selection OPTI. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 120.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

T-SA-1 0.93 1524 15.61 -36.56 -3.26 -5.16 59.81 1.57 -1.66
COP_EN_E 090 14.85 15.61 -37.85 -3.34 -5.16 60.02 1.55 -1.68
T-SA-3 0.89 1440 15.27 -40.27 -3.15 -5.06 59.91 1.51 -1.64
IL 0.86 14.25 15.73 -38.86 -3.34 -5.15 58.53 1.59 -1.65
SA 0.85 13.81 15.50 -38.48 -3.27 -5.07 58.64 1.55 -1.62
T-SA-CV 0.82 13.58 15.82 -40.27 -3.35 -5.25 59.49 1.55 -1.67
COP_EN_IL 0.82 13.14 1534 -38.17 -3.34 -5.06 58.53 1.54 -1.64
COP_L1_1IL 0.77 12.66 15.81 -38.48 -3.45 -5.23 58.10 1.58 -1.67
T-SA-4 0.77 1213 15.12 -4253 -3.06 -4.97 58.64 1.50 -1.57
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
T-SA-2 0.75 11.82 15.08 -39.64 -3.37 -5.14 58.42 1.51 -1.61
COP_L1_E 0.75 1219 15.78 -38.55 -3.39 -5.28 5H7.57 1.58 -1.66
COS_E 0.74 1232 16.20 -38.55 -3.42 -544 57.89 1.60 -1.71
COS_IL 0.73 1240 1645 -38.82 -3.42 -5.52 58.32 1.61 -1.75
T-MCS-50 0.63 9.78 1495 -4243 -3.20 -4.87 57.68 1.49 -1.56
COP_CE_IL 0.63 1084 1720 -39.29 -3.80 -5.74 57.57 1.68 -1.88
COP_L2_1IL 061 973 1561 -42.34 -3.54 -5.32 57.89 1.54 -1.73
CcO 0.59 938 1551 -43.35 -3.56 -5.33 58.10 1.53 -1.71
T-MCS-20 0.58 8.62 1442 -43.64 -3.14 -4.83 58.10 1.41 -1.53

COP_CE_E 056 942 1695 -42.46 -3.72 -5.70 56.08 1.67 -1.84
COP_L2_E 0.54 866 15.73 -45.34 -3.58 -5.38 57.25 1.54 -1.75
COP_EN 044 7.00 16.01 -47.68 -3.72 -5.61 56.40 1.54 -1.78

Table .20: Backtest Metrics for Shrinked MYV with thresholds selection OPT Iprpc. All
data are expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 121.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

COS_E 0.76 10.56 13.02 -35.51 -293 -4.27 5991 1.31 -1.43
COS_1IL 0.76 10.39 12.88 -34.78 -2.94 -4.22 59.59 1.31 -1.42
NASDAQ-100 0.75 14.95 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COP_L1_E 0.74 10.34 13.05 -34.05 -296 -4.27 59.70 1.31 -1.43
COP_L2_E 0.74 10.07 12.83 -33.64 -2.92 -4.19 59.38 1.30 -1.40
SA 0.73 10.23 13.12 -35.51 -2.93 -4.28 59.28 1.33 -1.43
COP_L1_1IL 0.73 10.12 13.05 -36.18 -2.93 -4.27 59.70 1.31 -1.43
COP_CE_E 0.73 10.03 1297 -33.99 -296 -4.24 59.06 1.32 -1.41
CO 0.72 981 1276 -33.93 -293 -4.15 59.59 1.28 -1.41
COP_L2_1IL 0.72 985 1283 -35.11 -292 -4.21 59.28 1.30 -1.40
IL 0.72 10.00 13.14 -36.18 -291 -4.29 59.17 1.33 -1.43
COP_EN 0.71  9.75 1283 -35.50 -294 -4.19 59.59 1.29 -1.42
COP_CE_IL 071 985 1299 -35.16 -296 -4.26 59.06 1.32 -1.42
COP_EN_IL 071 980 13.03 -36.16 -290 -4.25 59.28 1.31 -1.42
T-SA-1 0.71 988 13.18 -37.25 -291 -4.35 58.96 1.33 -1.43
T-SA-4 0.70 10.01 13.52 -37.86 -3.04 -4.47 59.06 1.35 -1.45
T-SA-2 0.68 9.63 13.29 -38.17 -2.92 -4.42 58.85 1.34 -1.44
COP_EN_E 068 934 1295 -35.09 -296 -4.25 59.17 1.30 -1.42
T-SA-CV 0.68 9.55 13.31 -37.73 -3.06 -4.42 58.85 1.33 -1.43
T-SA-3 0.67 946 13.34 -37.73 -3.05 -4.43 59.17 1.32 -1.45
T-MCS-50 0.59 851 13.87 -43.03 -3.05 -4.68 58.21 1.38 -1.50
T-MCS-20 0.53 7.72 13.95 -43.55 -3.06 -4.73 58.00 1.38 -1.52

Table G.21: Backtest Metrics for Shrinked MYV with thresholds selection OPTI RECALL.
All data are expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 122.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

COP_L2_1IL 082 13.75 16.03 -43.75 -3.21 -5.29 60.23 1.57 -1.68
COP_L2_E 0.82 13.58 15.95 -44.77 -3.17 -5.24 60.34 1.55 -1.68
COP_CE_IL 0.79 1298 15.74 -43.18 -3.20 -5.13 59.59 1.55 -1.65

COP_CE_E 0.78 1276 15.64 -44.14 -3.15 -5.08 59.38 1.55 -1.64
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27

SA 0.74 12.06 15.65 -47.05 -3.36 -5.18 58.53 1.54 -1.60
COP_EN_E 0.74 1218 1588 -44.16 -3.41 -5.27 59.38 1.55 -1.67
COP_EN 0.74 1213 15.84 -44.84 -3.31 -5.24 60.66 1.51 -1.71
COP_L1_IL 0.73 1193 1586 -39.27 -3.45 -5.18 58.96 1.56 -1.65
T-SA-4 0.73 11.68 15.53 -46.50 -3.31 -5.18 59.38 1.51 -1.63
COP_EN_IL 0.72 11.67 15.73 -40.67 -3.43 -5.17 59.17 1.55 -1.67
CcO 0.72 11.62 15.66 -47.06 -3.32 -5.28 60.23 1.51 -1.69
COP_L1_E 0.71 11.32 15.51 -41.81 -3.21 -5.14 58.32 1.54 -1.61
IL 0.70 11.60 16.19 -44.25 -3.39 -5.38 58.53 1.58 -1.66
COS_1IL 0.69 11.22 1581 -44.20 -3.35 -5.25 59.38 1.53 -1.67
COS_E 0.68 10.89 1543 -4290 -3.15 -5.07 58.64 1.52 -1.62
T-SA-1 0.64 10.22 15.50 -46.89 -3.14 -5.25 5991 1.47 -1.68
T-SA-2 0.64 10.17 1544 -46.89 -3.31 -5.26 59.06 1.48 -1.63
T-SA-3 0.64 10.04 15.27 -45.47 -3.22 -5.15 5H7.68 1.51 -1.57
T-SA-CV 0.63 987 1529 -4547 -3.14 -5.13 57.14 1.51 -1.55
T-MCS-50 0.58 872 1458 -4493 -3.14 -4.90 59.06 1.40 -1.58
T-MCS-20 0.52 7.71 1442 -43.64 -3.17 -4.85 58.00 1.40 -1.55

Table (=.22: Backtest Metrics for Shrinked MV with thresholds selection QUANTILE. All
data are expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 123.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27

T-SA-1 0.66 11.34 16.96 -46.69 -3.59 -5.52 55.01 1.77 -1.76
SA 0.66 12.03 18.28 -34.54 -3.98 -6.09 54.58 1.86 -1.84
IL 0.66 1195 18.15 -34.54 -3.98 -6.00 54.80 1.85 -1.84

COP_CE_E 064 11.29 1751 -37.01 -3.67 -6.02 56.40 1.75 -1.85
COP_CE_IL 064 11.32 1786 -33.12 -3.77 -6.05 55.97 1.78 -1.84

COP_L1_IL 061 11.10 1838 -33.86 -4.01 -6.21 55.76 1.84 -1.92
T-SA-4 0.60 10.38 17.27 -39.06 -3.41 -5.62 56.18 1.73 -1.75
COP_EN_E 059 10.74 1856 -35.61 -3.91 -6.32 56.61 1.77 -1.88
COP_L2_E 0.58 10.35 18.11 -3391 -3.64 -6.13 56.40 1.73 -1.86
T-SA-2 0.58 9.89 1731 -38.74 -3.52 -5.71 56.40 1.73 -1.83
COP_L2_ IL 057 10.13 1798 -3391 -3.58 -6.03 56.93 1.71 -1.89
T-SA-CV 0.57 9.76 1746 -39.53 -3.43 -5.78 56.40 1.70 -1.81
COP_EN_IL 053 949 1862 -35.61 -394 -6.41 55.65 1.80 -1.88
COS_1IL 0.53 947 18.60 -33.46 -3.97 -6.42 56.29 1.76 -1.89
CcO 0.50 922 19.32 -4144 -389 -6.56 56.40 1.82 -1.95
COP_L1_E 0.50 8.96 18.69 -35.61 -3.98 -6.42 55.12 1.81 -1.89
T-MCS-50 0.50 7.62 15.05 -3791 -3.18 -4.77 55.65 1.54 -1.57
COS_E 048 851 18.65 -34.54 -4.00 -6.58 55.76 1.77 -1.89
COP_EN 047 853 19.09 -40.21 -3.93 -6.44 5597 1.79 -1.91
T-MCS-20 046 692 14.83 -43.82 -3.18 -4.77 5597 1.50 -1.56
T-SA-3 045 742 16.73 -39.55 -345 -5.57 56.61 1.63 -1.78

Table G.23: Backtest Metrics for FILTERING with thresholds selection CV. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 124.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

T-SA-3 0.95 15.60 15.54 -38.12 -3.06 -4.95 58.42 1.63 -1.57
T-SA-2 093 14.72 1499 -31.61 -3.03 -4.71 59.06 1.55 -1.55
T-SA-CV 0.91 1455 15.21 -38.12 -3.02 -4.80 58.21 1.60 -1.55
COP_L1_E 0.89 14.17 15.12 -36.95 -3.15 -4.82 58.74 1.57 -1.56
CO 0.88 14.15 15.26 -40.55 -3.21 -4.76 55.97 1.66 -1.48
COP_L1_1IL 088 14.03 1522 -38.66 -3.27 -4.81 59.28 1.56 -1.60
COP_CE_E 087 1390 15.15 -37.76 -3.27 -4.78 58.53 1.58 -1.56
COS_E 0.87 1390 15.19 -36.97 -3.24 -4.79 58.53 1.58 -1.57
T-SA-1 0.87 14.28 15.68 -32.72 -3.10 -5.03 58.64 1.61 -1.61

COP_L2_E 0.85 13.70 15.35 -38.92 -3.27 -4.75 56.72 1.63 -1.52
COP_CE_IL 085 13.57 1526 -39.34 -3.27 -4.81 58.10 1.60 -1.58
SA 0.85 13.31 1495 -33.37 -3.06 -4.75 58.10 1.56 -1.54
COP_L2_1IL 084 13.63 1541 -39.28 -3.27 -4.78 56.82 1.63 -1.53
COP_EN_IL 084 1349 1529 -39.94 -3.27 -481 58.42 1.58 -1.58
COP_EN_E 084 1342 1525 -39.52 -3.26 -4.79 57.89 1.59 -1.56

COP_EN 0.83 13.32 15.25 -37.37 -3.24 -4.80 56.61 1.62 -1.51
IL 0.79 1294 15.65 -40.01 -3.20 -5.06 58.85 1.58 -1.64
T-SA-4 0.79 12,51 15.15 -39.87 -3.03 -4.78 5H7.78 1.56 -1.54
COS_IL 0.79 12.67 1538 -41.03 -3.26 -4.91 57.57 1.61 -1.59
NASDAQ-100 0.75 1495 19.70 -51.42 -466 -6.79 61.73 1.90 -2.27
T-MCS-50 0.50 7.31 14.25 -38.03 -3.15 -4.63 55.86 1.47 -1.50
T-MCS-20 043 6.17 13.82 -40.39 -295 -4.54 5341 1.43 -1.54

Table G.24: Backtest Metrics for FILTERING with thresholds selection NAIVE. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 125.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

IL 097 17.08 16.81 -35.37 -3.28 -5.30 58.21 1.73 -1.68
SA 095 16.73 16.79 -34.69 -3.35 -5.29 57.68 1.74 -1.66
T-SA-CV 091 1563 16.38 -38.90 -3.24 -5.13 58.85 1.65 -1.68
T-SA-4 0.83 13.87 16.05 -39.42 -3.09 -5.00 57.78 1.63 -1.59
COP_EN_E 0.79 1381 17.05 -31.80 -3.49 -5.58 57.89 1.71 -1.70
COS_1IL 0.78 1392 1743 -32.33 -3.48 -5.77 5H7.14 1.74 -1.75
T-SA-1 0.78 13.09 16.32 -41.43 -3.24 -5.15 58.21 1.64 -1.67
COS_E 0.77 13.73 17.29 -34.69 -3.52 -5.74 57.14 1.76 -1.76
NASDAQ-100 0.75 14.95 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COP_EN 0.75 13.75 1797 -40.53 -3.50 -5.95 58.21 1.75 -1.81
COP_EN_IL 0.74 1286 16.89 -34.69 -3.57 -5.59 58.53 1.67 -1.73
T-SA-3 0.74 1227 16.00 -38.90 -3.31 -5.25 58.42 1.59 -1.67
T-SA-2 0.72 11.82 1595 -37.50 -3.21 -5.12 57.68 1.59 -1.61

COP_L2_1IL 0.68 11.19 16.14 -35.90 -3.44 -5.36 57.25 1.61 -1.65
COP_L2_E 0.65 11.06 16.65 -42.07 -3.57 -5.52 57.04 1.66 -1.74
COP_L1_1IL 065 1146 1762 -34.69 -3.76 -5.90 57.25 1.73 -1.81
COP_CE_IL 0.64 11.26 1740 -33.03 -3.65 -5.68 55.65 1.77 -1.78

COP_L1_E 0.64 11.24 1755 -34.66 -3.79 -5.96 57.14 1.72 -1.80
COP_CE_E 061 1044 17.08 -39.53 -3.63 -5.61 55.44 1.74 -1.72
CO 0.59 10.53 17.96 -41.59 -3.54 -5.98 56.29 1.75 -1.79
T-MCS-50 0.56 871 15.17 -3791 -3.18 -4.79 55.65 1.58 -1.57
T-MCS-20 049 729 1436 -43.82 -3.00 -4.63 53.20 1.49 -1.54

Table G.25: Backtest Metrics for FILTERING with thresholds selection OPTI. All data are
expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 126.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

T-SA-1 1.11 19.29 16.26 -29.30 -3.19 -5.02 59.59 1.70 -1.67
COP_EN_E 110 19.07 16.24 -29.68 -3.17 -4.98 58.96 1.70 -1.64
SA 1.08 18.34 1586 -29.64 -3.07 -4.71 57.14 1.71 -1.54
IL 1.08 18.53 16.10 -30.19 -3.16 -4.81 57.36 1.74 -1.58
COP_EN_IL 1.00 16.78 15.84 -30.32 -3.24 -4.87 5H7.78 1.66 -1.60
COP_L1_1IL 1.00 1725 16.34 -31.17 -3.42 -496 57.68 1.72 -1.64
T-SA-3 0.99 16.75 16.00 -3891 -3.18 -5.02 58.21 1.65 -1.61
T-SA-CV 097 16.80 16.47 -38.90 -3.36 -5.18 58.53 1.68 -1.65
COP_L1_E 091 15.62 16.36 -29.80 -3.44 -5.10 56.93 1.72 -1.65
COS_1IL 0.89 1597 17.16 -32.60 -3.44 -5.45 56.61 1.79 -1.71
T-SA-2 0.89 14.74 1581 -32.61 -3.27 -5.06 58.32 1.63 -1.63
COS_E 0.88 1544 16.84 -32.60 -3.42 -5.36 56.08 1.78 -1.68
T-SA-4 0.82 13.76 16.06 -39.43 -3.29 -5.01 5H7.78 1.62 -1.61

COP_L2_IL 080 13.50 16.30 -40.22 -3.44 -5.18 56.72 1.71 -1.71
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27

COP_L2_E 0.70 11.65 16.29 -45.92 -3.55 -5.28 56.08 1.68 -1.72
COP_CE_IL 0.68 1217 1770 -40.51 -3.78 -5.78 55.22 1.84 -1.83
CcO 0.64 10.65 16.24 -39.52 -3.52 -5.30 57.78 1.64 -1.78
T-MCS-50 0.60 955 1555 -3791 -3.23 -4.83 5544 1.62 -1.58
COP_CE_E 059 10.15 1743 -42.18 -3.66 -5.64 53.52 1.83 -1.79
COP_EN 046 753 16.62 -43.38 -3.62 -5.61 55.76 1.65 -1.85
T-MCS-20 046 692 14.83 -43.82 -3.18 -4.77 5597 1.50 -1.56

Table G.26: Backtest Metrics for FILTERING with thresholds selection OPT Iprgc. All data
are expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 127.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

COS_E 0.80 11.21 13.16 -29.06 -2.84 -4.10 58.00 1.40 -1.41
T-SA-1 0.78 11.03 13.32 -29.06 -2.84 -4.16 57.46 1.42 -1.40
COP_L1_IL 0.77 10.81 13.19 -30.63 -2.84 -4.07 57.57 1.40 -1.40
COP_L1_E 0.77 10.78 13.22 -26.30 -2.83 -4.09 57.78 1.40 -1.41
COS_1IL 0.76 10.61 13.09 -27.92 -284 -4.01 57.68 1.40 -1.40
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
SA 0.75 10.54 13.31 -29.04 -2.84 -4.11 57.14 1.42 -1.41
IL 0.73 1040 13.35 -30.64 -2.87 -4.11 57.04 1.43 -1.41

COP_CE_E 0.73 10.26 13.15 -25.78 -2.79 -4.01 57.36 1.40 -1.40
COP_L2_E 0.73 10.15 13.09 -25.44 -2.84 -3.97 57.46 1.39 -1.40

COP_L2_1IL 0.72 10.01 13.09 -28.22 -287 -4.01 57.36 1.39 -1.40
COP_CE_IL 0.71 10.00 13.19 -28.26 -2.84 -4.05 57.04 1.41 -1.40
CcO 0.71 9.82 1296 -25.30 -2.81 -3.94 57.46 1.38 -1.40
COP_EN 0.71 981 13.04 -2825 -285 -3.99 57.14 1.39 -1.40
T-SA-2 0.70 10.06 13.62 -29.86 -2.87 -4.30 57.36 1.42 -1.44
T-SA-4 0.69 10.08 13.95 -30.00 -2.98 -4.36 57.89 1.44 -1.49
COP_EN_IL 0.69 958 13.19 -30.67 -286 -4.08 56.50 1.41 -1.38
T-SA-CV 0.66 949 13.71 -30.06 -2.86 -4.28 57.36 1.42 -1.45
T-SA-3 0.66 9.50 13.74 -30.06 -2.87 -4.32 57.89 1.41 -1.48
COP_EN_E 064 892 13.13 -2825 -288 -4.07 56.93 1.38 -1.41
T-MCS-50 0.50 7.30 14.25 -38.03 -3.15 -4.63 55.86 1.47 -1.50
T-MCS-20 0.40 581 14.31 -40.36 -3.18 -4.69 56.18 1.44 -1.55

Table G.27: Backtest Metrics for FILTERING with thresholds selection OPTI RECALL. All
data are expressed in % except the Sharpe Ratio.



CHAPTER G. ADDITIONAL TABLES 128.

SR APY Vol DD VaR CVaR WR Av. Ga. Av. Lo.

COP_L2_1IL 082 14.76 1756 -44.98 -3.44 -5.59 58.96 1.73 -1.76

COP_L2_E 0.79 1425 1748 -45.81 -3.44 -5.55 58.42 1.73 -1.74
COP_CE_IL 0.79 13.68 16.93 -44.81 -3.41 -5.36 57.04 1.73 -1.66
COP_EN 0.76 13.44 17.20 -45.54 -3.52 -5.49 57.68 1.72 -1.70
NASDAQ-100 0.75 1495 19.70 -51.42 -4.66 -6.79 61.73 1.90 -2.27
COP_CE_E 075 13.02 16.82 -46.53 -3.41 -5.34 56.82 1.72 -1.65
COP_L1_IL 075 1280 16.65 -32.05 -3.45 -5.27 56.72 1.72 -1.66
SA 0.72 1232 16.88 -46.69 -3.52 -5.42 57.36 1.70 -1.71
CO 0.71 12.27 16.83 -48.96 -3.49 -5.51 57.68 1.68 -1.70
IL 0.70 12.38 17.50 -44.26 -3.51 -5.58 5H7.14 1.74 -1.74
COP_EN_E 0.69 1210 17.18 -46.68 -3.58 -5.56 56.18 1.75 -1.68
COP_L1_E 0.69 11.71 16.64 -42.51 -3.46 -5.33 56.29 1.70 -1.65
COP_EN_IL 0.69 11.73 16.70 -37.34 -3.57 -5.33 56.40 1.73 -1.69
T-SA-4 0.68 11.52 16.74 -44.44 -3.48 -5.45 5H7.57 1.65 -1.69
COS_1IL 0.66 11.30 16.99 -4748 -3.40 -5.48 56.29 1.71 -1.67
COS_E 0.64 10.83 16.63 -45.04 -3.51 -5.31 56.50 1.68 -1.67
T-SA-2 0.63 10.67 16.78 -49.02 -3.58 -5.49 57.89 1.63 -1.72
T-SA-CV 0.60 996 16.46 -43.88 -3.34 -5.31 56.82 1.64 -1.68
T-SA-1 0.60 10.12 16.85 -49.24 -3.50 -5.50 56.72 1.67 -1.71
T-SA-3 0.58 950 16.34 -43.87 -3.31 -5.33 56.82 1.62 -1.67
T-MCS-50 048 739 1538 -45.04 -3.27 -4.98 56.72 1.52 -1.62
T-MCS-20 0.37 546 1476 -43.82 -3.23 -4.84 55.86 1.47 -1.58

Table G.28: Backtest Metrics for FILTERING with thresholds selection QUANTILE. All data
are expressed in % except the Sharpe Ratio.



Abstract:

Over the past few decades, it has proven extremely difficult to consistently
outperform financial markets. For instance, about 90% of active traders and
fund managers fail to beat the major benchmark indices over extended
horizons. At the same time, the availability of financial data has exploded and
machine learning (ML) methods have advanced significantly. This
convergence offers a promising opportunity to revisit traditional approaches to
return forecasting and portfolio construction. Drawing on empirical data from
large-scale forecasting competitions and recent research on ensemble
learning, this thesis examines whether combining multiple machine learning
models can improve short-term stock return forecasting and enhance portfolio
performance.

Specifically, this thesis develops a set of ML classifiers to predict whether
individual stocks will outperform their benchmark index over the following
week. The models are trained using a walk-forward approach over a long
historical period (January 2007-December 2024), allowing for continuous re-
estimation to adapt to changing market conditions. Particular emphasis is
placed on threshold selection strategies, which transform the continuous
results from the combination into binary signals. These thresholds are
optimized according to various criteria and are found to have a significant
influence on trading performance.

The predicted signals are integrated into a portfolio construction framework
using various weights allocations techniques. Of the 544 portfolios
constructed, all those that outperformed the benchmark did so using ensemble
machine learning strategies. The best performing strategy combined a mean-
variance portfolio allocation with a filtering-based covariance estimator and
Ledoit-Wolf shrinkage, as well with a timmed ensemble of ML models whose
threshold was optimized to maximize precision. This configuration results in a
Sharpe ratio of 1.11 and an APY of 19.29%. By comparison, its universe index
achieved a Sharpe ratio of 0.74 and an APY of 14.72% over the same period.
Moreover, 11 of the 15 best-performing portfolios used dynamic threshold
techniques explicitly designed to maximize classification precision.

Overall, this research demonstrates empirically the practical potential of
ensemble learning and adaptive thresholding in financial forecasting and
portfolio management.
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