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Abstract

The thesis investigates the application of advanced deep learning methods to predict stock
returns within the framework of empirical asset pricing. This study explores how traditional
and advanced neural network models can improve the predictive accuracy of stock excess
returns and to what extent these models can price them. Concretely, it applies neural net-
work frameworks, such as Multilayer Perceptron (MLP), recurrent neural network (RNN)
and its variations, RNN attention models and Transformer models, as substitutes for the
traditional linear framework of the asset pricing factor model. These neural network models
are tested on monthly data for 420 large-cap US stocks from January 1957 to December
2021 (Chapter 2) and December 2022 (Chapter 3 and 4). This extensive sample enables a
robust assessment across diverse market regimes, capturing idiosyncratic volatility clusters
and structural shifts during the COVID-19 pandemic and its subsequent recovery. The 182
�rm characteristics-sorted factors explored by previous researchers are selected from the lit-
erature.

Chapter 2 develops dynamic pyramidal MLP structures for factor models that learn nonlin-
ear mappings from factors to stock excess returns. The MLP models with 2 hidden layers
outperform alternative MLP and traditional linear models on predictive power. In backtest-
ing, with the dynamic transaction cost scenario, the deep MLP models slightly outperform
the buy-and-hold benchmark in both portfolios and periods. The results also prove the ca-
pability of MLP models in moderating the extreme downside risks. Chapter 3 proposed two
tailored innovative pre-trained RNN attention structures for stock return prediction under
the empirical asset pricing framework, which are the pre-trained RNN global self-attention
model and the sliding window sparse attention model. They are benchmarked with the pre-
trained RNN models and their variants (LSTM and GRU) and pre-trained RNN attention
models (additive, Luong’s three attentions). The out-of-sample R2 shows the RNN model
has signi�cant advantages in modelling the stock return movements during the extreme
market 
uctuations, which is followed by the proposed models. Nonetheless, the backtesting
results show that the proposed models outperform all alternative benchmarks on pro�tabil-
ity in both equal-weighted and value-weighted portfolios. Chapter 4 proposes an innovative
Transformer model, Single-directional representative from Transformer (SERT). It applies
pre-trained Transformer models in the context of stock pricing. They are compared with
standard Transformer models and encoder-only Transformer models across three periods.
The best proposed SERT model achieves the highest out-of-sample R2 during the extreme
market shocks, followed by pre-trained Transformer models. Their backtesting performance
proves the excellent capability for hedging extreme downside risks. It also proves that Trans-
former models have high capabilities to capture patterns of highly volatile temporal sparsity
data in the asset pricing context. The dynamic transaction cost robustness examination
shows that the pro�tability of these models is highly eroded by the high turnover rate.
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General Introduction

For a long time, people lacked a clear understanding of how risks in
uence asset returns, even

after Markowitz (1952) proposed Modern Portfolio Theory (MPT), which maximized the

expected returns for a given level of risk. The question further remains on how the expected

returns of individual assets are correctly derived, namely, how to price these individual assets

for the portfolios. Treynor (1961) informally published manuscript proposed the capital asset

pricing model (CAPM), which �rstly addresses the asset pricing problem, developed and

elaborated by Sharpe (1964); Lintner (1969); Mossin (1966). Equation (1.1) shows a form of

CAPM in Sharpe (1964).

E(r j ) = r f + � j
�
E(r m ) � r f

�
(1.1)

where, E(r j ) is the expected return of the asset j, E(rm ) is expected return of the market

portfolio, r f represents the risk-free rate and the exposure of asset j to systematic market

risk � j can be derived by covariance of asset return rj and market portfolio return r m and

the variance of the market portfolio � 2
m .

� j =
Cov(r j ; rm )

� 2
m

(1.2)

This is also known as the Security Market Line (SML). This CAPM is a theoretical equi-

librium pricing model, and it is based on a series of assumptions, such as investors are

mean{variance optimizers (Markowitz framework), all investors share homogeneous expec-

tations, all assets are tradable, markets are complete and frictionless (no taxes, no transaction

costs, in�nitely divisible assets), and investors can borrow and lend freely at the risk-free
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rate. Empirically, researchers examine CAPM in a general linear form:

r j;t � r f;t = � j + � j (r m;t � r f;t ) + " j;t : (1.3)

where � j is the intercept of the linear regression. Economically, if the CAPM stands, which

means the excess return of an asset can be fully explained by the market portfolio, the �j ,

also known as anomaly or abnormal return, should be equal to zero. However, empirical

studies show that asset excess returns cannot be fully explained by market portfolios, which

means, in most cases, the �j is signi�cantly away from zero. For addressing this issue,

Ross (1978) further relaxed the assumptions of CAPM and proposed the most noted theory:

Arbitrage Pricing Theory (APT). It extends the CAPM to a multivariate linear form,

E(r j ) � r f = � j1 E(f 1) + � j2 E(f 2) + � � � + � jk E(f k ) (1.4)

where E(f k ), k 2 Z + represents as the risk premium of factors fk . Thus, APT removes the

conditions of investor preferences and the equilibrium. Namely, the only assumption that

remains is the 'no-arbitrage' in the market. Ross (1978)'s APT theory is the foundation of

the classic empirical asset pricing factor models. The most well-known factor model, the

Fama-French three-factor model (FF3) (Fama and French, 1993), is built on this foundation.

It employed �rm characteristic-sorted portfolios (size and value) as factors, together with

the market portfolio factor, to interpret excess returns. From 1963 to 1990, it consistently

provided a great explanation for U.S. stock excess returns. Equation (1.5) shows the FF3

model.

r j;t � r f;t = � j + � j;m (r m;t � r f;t ) + � j;SMB SMB t + � j;HML HML t + " j;t (1.5)

where � m , � SMB , � HML are factor loadings of the market portfolio factor (rm � r f ), �rm size-

sorted portfolio factor SMB and �rm book-to-market value-sorted portfolio factor HML,

repsectively. The success of the Fama{French three-factor (FF3) model sparks a wave of re-

search on factor exploration of asset pricing factor models. As well-cited paradigms, Carhart

(1997) utilized the momentum e�ect (Jegadeesh and Titman, 1993) to generate the momen-
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tum factor and added it to the FF3 model. Their four-factor model signi�cantly improves

the interpretability of the multi-factor asset pricing model. Fama and French (2015) de-

velops their FF3 model into �ve-factor model (FF5). It adds the pro�tability factor and

the investment factor to the FF3 model, which further improves the interpretability of the

linear empirical asset pricing model. Hou et al. (2015) proposed the Q-factor model based

on investment CAPM theory, which demonstrates that �rms' investment and pro�tability

determine the cost of capital. With the Q-factor frame, they select the market factor, the

size factor, the investment-to-assets factor and the return-on-equity factor for pricing the

excess returns, further improving the interpretability of the asset pricing model. Although

authors such as Green et al. (2017); Daniel and Titman (1997)

However, with more and more factors being discovered and developed, for example, liquid-

ity factor (P�astor and Stambaugh, 2003), idiosyncratic volatility factor (Ang et al., 2006),

investor sentiment factors (Baker and Wurgler, 2006, 2007), it becomes di�cult to de�ne

which factors or factor combinations are truly interpreting the asset or portfolio returns as

presented in the work of Hou et al. (2019). According to Harvey and Liu (2019)'s survey,

there are more than 300 valid outstanding factors for asset pricing tasks, which organized

as a 'factor zoo'. Harvey and Liu (2019) warns academia that oversizing pricing factors

may lead to data snooping and raise suspicions of data mining, since statistical signi�cance

does not equate to economic signi�cance. Moreover, the traditional empirical asset pricing

factor models are under the assumption of a linear function form. When the number of

factors increases, the linearity of factors and asset returns could be violated. The increasing

factors may cause multicollinearity, over�tting and spurious signi�cance in a linear model,

as well as lower the economic interpretability of an asset pricing model. Thus, researchers

switch their concentration from competing on factor exploration to the technique of factor

selection, factor engineering and the methodology of robustness examinations. Some of them

relax the linear assumption and transform the model frame from linear to non-linear. The

typical structured nonlinear asset pricing frameworks include types as habit formation mod-

els (Campbell and Cochrane, 1999), long-run risks (LRR) (Bansal and Yaron, 2004; Bansal

et al., 2009), rare disasters(Rietz, 1988; Barro, 2006; Gabaix, 2012), regime switching (Ang
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and Bekaert, 2002) and nonlinear stochastic discount factors (SDF) (Lettau and Ludvig-

son, 2001b; Hansen et al., 2008). Nevertheless, the traditional non-linear models still have

limitations, such as rigid function forms, low dimensionality, unobservable state variables,

estimation di�culty and empirical generalization.

Fortunately, the burgeoning AI techniques, especially machine learning (ML), facilitate the

development of empirical asset pricing. According to the most well-accepted concept of ma-

chine learning provided by Mitchell (1997), which is "A computer program is said to learn

from experience E with respect to some class of tasks T and performance measure P, if

its performance at tasks in T, as measured by P, improves with experience E", machine

learning techniques have a great potential to address tasks in di�erent domains. It can be

naturally mapped into the empirical asset pricing context as well. The task (T) corresponds

to predicting or explaining asset returns, while the experience (E) refers to the vast histor-

ical information contained in the factors organized by �rm characteristics, macroeconomic

variables or past asset returns. And the performance measure (P) may be de�ned either in

statistical terms, such as mean squared prediction error (MSE) (Gu et al., 2020, 2021) or

in economic terms, such as Sharpe ratio or pricing error � (Chen et al., 2024; Bryzgalova

et al., 2019; Kelly et al., 2025). From this de�nition, we know that machine learning frames

latently can o�er a more 
exible mapping from high-dimensional factors to asset returns

compared with the pre-de�ned statistical linear or non-linear structures. Neural network

models, as a signi�cant family of ML models, are powerful at capturing patterns and fore-

casting. They are developed from the inspiration of the human brain functions. In human

brains, neurons connect through nerves, collect and pass the information to each other for

learning patterns from multi-modal data and interact with the environment. Scientists �nd

that a well-programmed machine can duplicate this learning process as well. Compared

with individual human brains, computers have a higher searching ability and an expandable

memory size, which incredibly improves the processing e�ciency of massive information.

Therefore, the ML models, especially neural network models, theoretically could be suitable

for noisy and rambling data in �nance and economics. For the ML-based empirical asset
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pricing model, the mathematical representation of the factor model can be written as:

r j � r f = g (f k ; �) + " j (1.6)

where g(�) is the function form of ML algorithms, � is the parameter matrix, which is the

weight matrix as the terminology of machine learning. "j is the residual of the equation,

which contains bias and zero-mean noise in the context of machine learning. Thereby, from

the angle of asset pricing, the machine learning method imposes the no-arbitrage condition

directly in Equation (1.6), which is shown as the absence of �. Thus, for the ML-based

empirical asset pricing, it commonly calculates residual � instead of the intercept � in the

linear model to examine the signi�cance level of the �. It examines whether the expectation

of the residual "j equals zero to prove the existence of the �. Concretely, for the pricing

error � of the traditional linear factor model, � trad can be presented as:

� trad = E[R j;t ] � � 0
j E[F t ] (1.7)

If decomposing Equation (1.6):

r j;t � r f;t = g(f k;t ; �)
| {z }

ML structure

+ b j|{z}
Bias (ML residual alpha)

+ � j;t|{z}
Zero-mean Noise

(1.8)

Thus, for the empirical asset pricing factor model in the context of ML, the � is transformed

into:

bj = E[R i;t ] � E[F ML
t ] (1.9)

Further, the ML residual �, b j , can be presented as the combination of traditional � and

the increment of the non-linear to the linear transformation. Therefore, the residual alpha

bj can be presented as:

bj = � trad
i +

�
� 0

j E[F t ] � E[F ML
t ]

�
(1.10)

The seminal work of machine learning in empirical asset pricing is Gu et al. (2020). It
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examines traditional ML frames, such as elastic net, random forest (RF) and multilayer per-

ceptron (MLP) neural network, and maps the 94 �rm characteristics and 8 macroeconomic

indicators on approximately 30,000 U.S. stock returns during 1957 to 2016. From its empir-

ical results, its pyramidical MLP structure with 3 hidden layers outperforms all alternative

models in out-of-sample (OOS) data. However, it has limitations from the perspectives of

the ML model's structure and economic interpretability. It overthinks the limitation of data

size to the ML models and enlarges the dimension of factors through the Kronecker prod-

uct. Thus, it is di�cult to determine which factors are the primary drivers. Moreover, it

does not assess robustness under extreme market conditions, such as the turbulence caused

by COVID-19. From the ML model design perspective, the early-stage ML models, such

as random forest and MLP, are not speci�cally designed for time-series or sequential data,

which means they are applied to �nancial or economic sequential data with an assumption

of the models' sequential recognition. Also, the seminal work does not explain how to design

the model structure of MLP; instead, it uses a �xed pyramidical structure based on expe-

rience. This is only the tip of the iceberg for the issues in the early-stage research of ML

in empirical asset pricing. Inspired by the work of Gu et al. (2020) (GKX2020), Chapter

2 develops their �xed structure MLP models to dynamic structure MLP models, which ref-

erences the work of Coqueret and Guida (2020) and applies these MLP models to pricing

and predicting large-cap U.S. stock excess returns. It employs �rm characteristic-sorted fac-

tors as a substitute for Gu et al. (2020)'s �rm characteristics to avoid data noisiness while

retaining cross-sectional information between stocks. It also simpli�es the inputs by remov-

ing the unnecessarily enlarged factor dimension via the Kronecker product. Furthermore,

it applies the dynamic MLP structure design method from Coqueret and Guida (2020) to

dynamically adapt the factor dimension and model depth. Innovatively, it investigates the

relationship between the neural network model's depth, predictive power, and pro�tability

in the context of asset pricing, which requires some �nancial and economic interpretability

within ML frameworks. It also analyses the importance of factors across the three stages of

extreme market turbulence caused by COVID-19, and monitors how these factors vary over

time. The MLP model itself is a type of feedforward neural network that provides a 
exible

framework for capturing complex, nonlinear relationships between inputs and outputs. It



7

consists of an input layer, several hidden layers, and an output layer, whose neurons are

fully connected to the neurons in the layers next to them, with linear or nonlinear activation

functions enabling the network to learn interactions between the features (input factors in

this case) and labels (stock excess returns in this case). By allowing for nonlinearities and

higher-order interactions, the MLP enhances the explanatory and predictive power of factor

models compared to traditional statistical models. It improves the economic interpretability

by utilizing the �rm characteristics-sorted portfolios as factors as a substitute for the �rm

characteristics, thus, it highly reduces the original dimension of input factors. Additionally,

it separates the testing period into two segments: the period before the COVID-19 pandemic

(1911) and the period containing the COVID-19 pandemic (2112), as a robustness check for

the proposed MLP models under the extreme market conditions. The empirical results of

Chapter 2 show that the proposed MLP model with 2 hidden layers achieves the best perfor-

mance on the model's out-of-sample (OOS) �tness, signi�cantly outperforming all traditional

statistical models (e.g. OLS, PCA, PLS) and GKX2020 MLP models. It also achieves the

highest Sortino ratio in both the equal-weighted and value-weighted portfolios during the

testing period with pandemic impact in the static transaction cost scenario. This proves

that MLP models have strong capabilities to hedge downside risk during market turbulence.

Nevertheless, MLP models have no inherent design to capture temporal dependencies. Thus,

the research in Chapter 2 is based on the assumption that the stock pricing data has a tem-

poral dependence nature, which can be captured by the MLP models. Even with the rolling

or extending window method, they are still at risk of explosion of forward-looking bias within

the window. It can be solved by second-generation neural network models, which have de-

veloped mechanisms for capturing temporal relations. The second generation of ML models

is designed to extend the suitability for time-series data. For example, recurrent neural

network (RNN) models (Elman, 1990). RNNs incorporate lagged connections that incorpo-

rate information from previous time steps into the current output. This recurrent structure

makes RNNs well-suited for modelling temporal dependencies, especially for �nancial and

economic time series data (Dixon, 2018; Dixon and London, 2021; Wang et al., 2016; Sirig-

nano and Cont, 2021). Hence, standard RNNs were commonly applied in both academic
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research and industrial practices of �nancial and economic domains a decade ago. However,

similar to MLP models, standard RNNs with stochastic gradient descent (SGD)-based es-

timation methods often su�er from vanishing and exploding gradients issues, which highly

a�ect the parameter estimation process. It limits the ability to capture longer-term depen-

dencies. Consequently, Hochreiter and Schmidhuber (1997) developed the long short-term

memory (LSTM) neural network by con�guring a memory mechanism in the standard RNN

structure. While it enhances dependency capture, it also increases the number of parame-

ters, which may cause over�tting if the data size is not su�cient for the complex models,

such as LSTM. Therefore, although LSTM is still widely used in modelling �nancial time

series (Fischer and Krauss, 2017; Bao et al., 2017a), in the empirical asset pricing domain,

due to the temporal sparsity property (with longer-term dependency but fewer observations,

e.g. monthly or quarterly data) of economic data, less literature is found using LSTM as

the factor model framework. Lately, Cho et al. (2014) developed the gated recurrent units

(GRU) model, which simpli�es the memory structure of LSTM, and highly improves the

overparameterization issue of LSTM, which could be a more reasonable solution for empir-

ical asset pricing. Whereas, its parameter size is still relatively large compared with MLP

models and the naive RNN model. Moreover, whether it is su�cient to capture the long-

term temporal dependencies that may be introduced by macroeconomic shocks and speci�c

market regimes, such as COVID-19, remains debatable. To further improve the predictive

power of the neural network models, while simultaneously controlling or balancing the pa-

rameter size to prevent the over�tting issue, scholars proposed the attention mechanisms

as an auxiliary module to neural network models. The earliest attention mechanism is the

additive attention mechanism, which was proposed by Bahdanau et al. (2015). The attention

mechanism is a neural network component inspired by the human brain's attention mech-

anism, which allows the model to compute the relative importance (attention weights) of

any two positions in a sequence, namely, any two time steps of a time series, to capture the

micro pattern of the time-varying data and improve the accuracy of prediction. It is orig-

inally designed for the NLP tasks, but lately is well-applied in the �nancial and economic

domains (Hollis et al., 2018; Shabani et al., 2022; Zhou and Wang, 2024). Subsequently, a

rising number of advanced attention mechanisms are proposed, from Luong et al. (2015)'s
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dot product attention, general attention and concatenate attention to Beltagy et al. (2020)

sliding window sparse attention. Among the aforementioned attention mechanisms, Luong's

dot product attention is the foundation of the self-attention Vaswani et al. (2017), and the

self-attention is the soul of the most prevailing large language model (LLM), Transformer,

which is widely used in commercial chatbots, such as OpenAI's ChatGPT and X's Grok.

The sliding window sparse attention of Beltagy et al. (2020) is developed from the self-

attention mechanism, which shortens the attention range and highly reduces the number of

parameters. Although not all attention mechanisms e�ciently reduce the model's parameter

size, they concentrate on longer-term sequential dependency capture. This is suitable for

monthly-based asset pricing data, particularly for studying how market impulsion in
uences

the stock price dynamics. Less literature focuses solely on RNNs or attention mechanisms

in empirical asset pricing; the most relevant work is Zhou and Wang (2024), which follows

the structure of Gu et al. (2021) and transforms their MLP autoencoder module to a stan-

dard RNN structure with Bahdanau et al. (2015)'s additive attention mechanism. Cong et al.

(2021b); Chen et al. (2024) conducted comparative studies for additive attention-based mod-

els, including Transformers, and provided reasonable references to the potential of attention

models in the empirical asset pricing context. However, as attention mechanisms were orig-

inally designed for NLP tasks, this means they �t the sequential con�guration but not the

time series-speci�c con�guration. In this sense, one position can link the information from

all alternative positions, including the previous positions and future positions. This char-

acteristic may cause future information leakage (forward-looking bias) in time-series data,

which results in biased predictive performance, spurious statistical signi�cance, and distorted

economic interpretation, hence undermining the credibility of empirical �ndings. However,

the aforementioned literature does not notice the importance of the causal relationship in

time-series data, and they did not enforce causal masks in their attention mechanisms to

prevent the future information leakage problem. Inspired by the RNN models and attention

mechanisms, Chapter 3 investigates how attention mechanisms in
uence the empirical asset

pricing by examining the causal mask enforced additive attention mechanism Bahdanau et al.

(2015), Luong's three attention mechanisms (Luong et al., 2015), global self-attention mech-

anism (Vaswani et al., 2017) and sliding window sparse attention mechanism (Beltagy et al.,
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2020) on the MLP pre-trained standard RNN frame. It is the �rst work that proposes the

context-based pre-trained RNN sliding window sparse attention model, which subtracts the

sliding window sparse attention mechanism from Beltagy et al. (2020)'s Longformer model,

and it is also the �rst work to apply the pre-trained RNN Luong's dot product attention

model (L-DotProd), the pre-trained RNN sliding window attention model (sparse att) and

the pre-trained RNN global self-attention model (self att) for the context of empirical asset

pricing. These 3-module (MLP pre-train, standard RNN base and attention layer) struc-

tures not only address the temporal recognition issue that exists in MLP for asset pricing

research, but also solve the 'dimensional disaster' issue of asset pricing factors. The MLP

pre-training module is also an advanced method for handling the missing values of input

factors, extracting the information (dimensional reduction) and reducing the complexity of

the neural network models. Moreover, these attention mechanisms further improve the pre-

diction accuracy and balance the parameter size and data size to prevent potential model

over�tting. The entire experiment is on the 420 top large-cap U.S. stocks and 182 �rm

characteristic-sorted portfolio factors, and the testing period covers the Pre{COVID-19 Pe-

riod (1911), the COVID-19{Inclusive Period (2112) and the Period Including COVID-19 and

One-Year After (2212) to show how these models react with extreme market turbulence. The

empirical results of Chapter 3, in both static transaction cost method (50bps) and dynamic

transaction cost method (turnover with 20bps for large-cap stocks), prove the contributions

of the advanced attention mechanisms, where the pre-trained RNN sliding window sparse

attention model outperforms all alternative models in the backtesting of value-weighted port-

folios, and ranks in the second place of the equal-weighted portfolios, which closely follows

the pre-trained RNN global self-attention model. However, although the pre-trained vanilla

RNN model achieves the best OOS �tness with the highest R2 values, which is right above

the sparseatt model and self att model, it fails to achieve satisfactory performance in the

backtesting. This veri�es that high predictive power never means high pro�tability of the

models, due to the model's sensitivity to the market noise (high turnover rates).

By following the work of Chapter 3, Chapter 4 further examines the most prevalent attention-

based large language neural network model (LLM), the pretrained Transformer, in the con-
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text of empirical asset pricing. The Transformer Vaswani et al. (2017) is the workhorse model

and foundation of famous commercial chatbots, such as ChatGPT, DeepSeek, Gemini and

Grok. It was originally developed for textual prediction and can be implemented in di�erent

scenes, including investors' sentiment analysis. Lately, researchers implement it and its varia-

tions directly on numerical data or multimodal data. In the asset pricing domain, Kelly et al.

(2025); Fallahgoul (2025); Ma et al. (2023) are the core literature for Transformer models.

They deployed the encoder-only Transformer to address the asset pricing tasks from an em-

pirical or a theoretical angle. The standard Transformer model is built upon an autoencoder

structure, which contains at least one block of encoder for compressing the original input

information (factors in the asset pricing context) and one block of decoder for recovering

the compressed information (lagged excess stock returns). Each encoder block of a standard

Transformer contains an MLP (an extended version of the model in Chapter 2) connected

to a global self-attention layer (used in Chapter 3). A decoder block of a standard Trans-

former has a similar structure to the encoder block. The encoder and decoder are connected

through a cross-attention layer, which aligns the information from both factors and lagged

stock excess returns. The entire Transformer employs the positional encoding design to im-

pose the sequential code on the time-series, which perfectly solves the sequential recognition

limitation of the MLP structure and attention mechanism within the Transformer model.

Moreover, the autoencoder structure augmented with the attention mechanisms in the stan-

dard Transformer model parallels the computation and reduces the computational cost. The

Transformer structure is widely applied in di�erent contexts, such as NLP, video generation,

speech recognition and investor sentiment analysis, and has proved that it has competitive

capability in capturing the pattern of multimodal data and forecasting. However, from the

asset pricing perspective, the encoder-only Transformer, which removes the decoder module

and the cross attention and only considers the information from factors, more aligns with the

traditional asset pricing factor model concept. Thus, in advanced neural network models in

the asset pricing domain, Kelly et al. (2025) transformed the global self-attention mechanism

of the Transformer model to Luong's general attention mechanism (introduced in Chapter 3),

and applied the encoder-only Transformer model to estimate the stochastic discount factor

(SDF). It shed light on the Transformer for asset pricing research, but its complicated model
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structure highly reduced the economic interpretability, which made it statistically signi�cant

instead of economically signi�cant. Moreover, due to their large data size, it is computation-

ally intensive; hence, it is not practitioner-friendly. Fallahgoul (2025) theoretically increased

the economic interpretability of the encoder-only Transformer model in the context of asset

pricing to a degree. Ma et al. (2023) applied an encoder-only Transformer for pricing the

Chinese stock returns and volatility for constructing the portfolio-wise trading strategy. It

acquired a very high Sharpe ratio, but it ignored the limitations of the attention mechanism

in the Transformer model for time series, which still requires a compulsory causal mask for

preventing future data leakage, even if it is under the method of rolling window or extending

window. This issue may lead to unreliable empirical results. Inspired by the core literature

of the Transformer in asset pricing and the variation of the encoder-only Transformer model,

Bidirectional Encoder Representations from Transformers (BERT), Chapter 4 develops an

MLP pre-trained single-directional Encoder-only Representations from Transformer (SERT)

models with single or multi-head attention layers, and implements the MLP pre-trained

standard Transformer models with single or multi-head attention layers for empirical asset

pricing. These models are enforced with the causal mask to avoid future data leakage is-

sues. Similar to Chapter 2 and Chapter 3, these models are examined on 420 top large-cap

U.S. stocks and 182 �rm characteristic-sorted factors in the Pre{COVID{19 Period (1911),

the COVID{19{Inclusive Period (2112) and the Period Including COVID-19 and One-Year

After (2212) period. The empirical results show that the pre-trained Transformer models

have noticeable advantages in handling downside risks during extreme market conditions,

and interestingly, the pre-trained Transformer models perform even better during extreme

market turbulence than in smooth periods. The pretrained standard Transformer models

perform more stably than the SERT models, and attention heads help increase the OOS

model �tness to an insigni�cant level. However, varying the positions of the layer normal-

ization process, which usually improves the prediction accuracy in contexts with large data

size, does not work in the empirical asset pricing context. Chapter 4 proves that complex

neural network models such as Transformers are still suitable for the temporal sparsity data,

for example, monthly economic or �nancial data. Compared with the Chapter 2 and the

Chapter 3 methods, the pre-trained Transformer models consider the entire spatial-temporal
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relations between factors and assets. From that perspective, Chapter 4 models are theo-

retically more advanced than the models in Chapter 2 and Chapter 3 in models' predictive

power and capability of hedging downside risks, but models are highly sensitive to capture

the market noise, thereby the pro�tability of these models are signi�cantly reduced due to

the high turnover rates.

The main body of this thesis is organized into three self-contained chapters. Each chapter

addresses a distinct but related angle of applying neural network models as machine learning

methods to empirical asset pricing. Chapter 2 develops a factor model based on a dynamic

multilayer perceptron (MLP) structure. Chapter 3 extends the analysis to recurrent neural

networks (RNNs) augmented with advanced attention mechanisms, with a particular focus

on their robustness across three di�erent market regimes. Chapter 4 introduces the pre-

trained Transformer models in the context of empirical asset pricing and examines these

models in the aforementioned market regimes for testing the robustness as well, which is

followed by a general conclusion.



2
Multilayer Perceptron neural network models in asset pricing

2.1 Introduction

Since the beginning of the Capital Asset Pricing Model (CAPM) (Treynor, 1961; Sharpe,

1964; Lintner, 1965; Mossin, 1966), the empirical asset pricing research has been dominated

by the linear factor framework. This includes the most notable Arbitrage Pricing Theory

(APT) (Ross, 1978) models, such as the Fama-French three-factor model (Fama and French,

1993). Their linear factor framework modelled the multi-dimensional risk factors such as

size and value. Although these models established the foundation for understanding risk

premiums, their linear assumptions become a challenge later when an increasing number of

factors are explored by enthusiastic researchers. The factor exploration was separated into

two groups: researchers in academia were attempting to explore more factors that can give

the asset excess returns a better interpretation, which shows as lower or insigni�cant alpha,

while the practitioners were developing the factors for searching for abnormal returns (�,

also known as anomaly) beyond factors, which shows as higher alpha. Due to the motivation

from these two groups, the number of factors explored increased dramatically. Since then,

four hundred more factors have been explored for stock pricing or factor investing (Harvey

and Liu, 2019). In this work, a `factor zoo' was developed. However, a challenge was that the

increasing complexity of factors led to a `dimensionality disaster' for the na•�ve linear model.

Although in the early stage, researchers noticed the non-linearity of the factor models, for

instance, the consumption CAPM model (Breeden, 1979) and its advanced forms (Bansal

and Yaron, 2004; Lettau and Ludvigson, 2001a) or `disaster as a factor' (Gabaix, 2012), none

of them attempt to solve the issue of dimensional reduction for factors. Nonetheless, the

development of machine learning (ML) algorithms over the past two decades has sparked a
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revolution in factor models for asset pricing, shedding light on the dimensionality-reduction

task in factor models. Since 2017, ML algorithms have attracted signi�cant interest among

researchers in �nance and economics due to their remarkable predictive power and 
exibility.

For example, Baek et al. (2020); Chang et al. (2021); Sarmento and Horta (2020) all utilized

the ML technique for constructing �nancial trading strategies. In the asset pricing domain,

Gu et al. (2020) tested the most classic ML algorithms such as Elastic Net, random for-

est (RF), gradient-boosted regression trees and Multilayer Perceptron (MLP), benchmarked

with OLS, principal components regression (PCR), and partial least square (PLS) on asset

pricing tasks of U.S. stocks. It is considered the seminal work of ML application for asset

pricing (AP) assignment, which made it the most cited paper in that domain. Their models

are also known as `GKX2020' in later papers (Gu et al., 2021). They found that the MLP

model with 3 hidden layers with the �xed pyramid structure (32,16,8 neurons in each hidden

layer respectively) has the highest out-of-sample average �t (R2). The study also managed

the balance of computational costs of ML algorithms and the predictive �t of the ML mod-

els, which gave a taste of ML application on asset pricing. It is a great work that inspires

practitioners to use machine learning techniques with an applicable computational cost to

improve their factor investing e�ciency and pro�tability. Building on this seminal work,

subsequent studies have further extended ML applications in asset pricing by incorporating

alternative architectures and penalty functions (Bagnara, 2022; Giglio et al., 2022; Nagel,

2021; Wang, 2021).

Their research sparked my curiosity to pursue research on ML-based factor investing strate-

gies and to explore the application of deep MLP models in the asset pricing domain. Specif-

ically, how to e�ciently use the ML technique to solve the `dimensional disaster' of the

`factor zoo' and increase the predictability of the factor models via MLP structures. The

main research questions in this chapter are:

ˆ `Is that ML model for factor investing under suspicion of pure data mining without

any economic or �nancial meanings, or easy to be trapped by data snooping?'

ˆ `Is there any bene�t for using the �rm characteristics sorted portfolio factors instead
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of individual �rm characteristics for pricing the individual stocks?'

ˆ `How can we decide the suitable MLP structure instead of the �xed pre-assumed ones?'

ˆ `According to the general MLP theory of \Deeper, better", does that still hold in asset

pricing models?'

ˆ `Could the MLP models' forecasting performance maintain the stability under the

extreme market conditions (e.g. extreme market 
uctuation caused by COVID-19)?'

To answer these questions, the classic MLP models with dynamic structure are examined on

the �rm characteristics- sorted portfolio factors. As one of the developers of the GKX2020's

work, this study attempts to upgrade four aspects of the GKX2020's MLP models. 1)

increasing the economic meanings of the MLP structure for factor asset pricing models. It

employs 182 factors organized by �rm characteristic-sorted returns from Andrew Y.; Zimmer-

mann (2020). They serve as predictors, or features in ML terminology, to replace GKX2020's

approximately 900 predictors, which extended from the 94 �rm characteristics and 8 macroe-

conomic indicators via Kronecker product, and industry dummy variables. 2) I select 420

large capital stocks with the assumption of `going concern' from NYSE and NASDAQ, which

covers 21.38% of aggregate market capitalization. Concretely, the `going concern' applies,

as data are available for a full testing period to circumvent the systematic risk of abrupt

delisting, which could be noticeably harmful for practitioners. 3) employing the dynamic

MLP structure introduced by Coqueret and Guida (2020), where the MLP structure varies

according to its depth. 4) Comparing MLP models' performance under consideration of the

COVID-19 e�ect to further evaluate the model suitability and investment performance for

factor models.

The main contributions of this chapter appear in proposing the innovative MLP structure

for asset pricing factor models, moderating the over�tting issue that existed in GKX2020

models via the �rm characteristic-sorted factors, introducing a novel factor investing strat-

egy based on classic MLP models, exploring the truth that how the COVID-19 a�ects the

model �tness and factor investing performance on the large-cap U.S. stocks and verifying

some results of the previous factor investing literature.
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This chapter contains six main sections. Section 2.2 presents the literature review. Section

2.3 presents the data that have been used, while Section 2.4 discusses the models employed

in this chapter. Section 2.5 shows the empirical experiment and results, and Section 2.6

gives the conclusion and further discussion.

2.2 Related works

Before Treynor (1961); Sharpe (1964); Lintner (1965); Mossin (1966) created the CAPM

model, people had fuzzy notions about how the risks could a�ect the expected returns of

assets. He proposed a single-factor linear model for interpreting expected stock returns via a

factor generated from the di�erence between expected market return and the risk-free rate.

Speci�cally, it can be written as:

E(R i ) = R f + � i (E(R m ) � R f ) (2.1)

Where E(R i ) is the expected return of asset i, Rf is the risk-free rate, � i is the asset i's

factor loading, representing its sensitivity to the market factor, and E(R m ) is the expected

return of the market. Although it is the cornerstone of asset pricing theory, people cast

doubt on the market factor's explainability for individual assets or portfolios. Thus, Ross

(1978) insists asset returns were driven by the combined e�ect of factors, hence proposed a

generalized factor model's framework:

Ri = � i + � i1 F1 + � i2 F2 + � � � + � ik Fk + � i (2.2)

Where F1 to Fk are factors, � i1 to � ik are factor loadings which measure the sensitivity of the

factors. � i is the intercept of the linear model, which represents the pricing error (namely,

abnormal return for investors or anomaly in the empirical asset pricing context), and the

residual � i represents the �rm-speci�c risks. This theory suggests that if pricing errors exist,

investors can take advantage of the existing market arbitrage opportunities. It is known as

the Arbitrage Pricing Theory (APT). The pro�t from the arbitrage is equal to � i , which
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means that the returns cannot be explained fully by the factors. The model frame relaxed the

single-factor assumption of CAPM, thereby improving the model's 
exibility. However, with

such a frame, scholars still struggle with questions such as what factors should be present

and how many factors should appear in a single frame. The most well-known multi-factor

model is the Fama-French 3-factor model (FF3) (Fama and French, 1993). It deployed the

market factor together with size and value (book-to-market ratio) factors to the APT frame,

which improved the explanation of the sorted portfolios. The FF3 model led to an increased

enthusiasm for research on factor exploration afterwards. Researchers developed new fac-

tors and models based on the APT framework, and had the massive competitive models on

their innovative factors and factor combinations, which pursue the insigni�cant � for prov-

ing a better interpretability of the factors. For example, Carhart (1997) extended FF3 to 4

factors by adding the momentum factor, while Novy-Marx (2013) proposed adding a gross

pro�t factor to the FF3 frame. Further development led to the Fama-French 5-factor (FF5)

model (Fama and French, 2015), which added pro�tability and investment factors to the

FF3. Hou et al. (2015) optimized the FF5's investment factor by Tobin's Q theory (Tobin,

1969), which utilized the ratio of the market value of the company and replaced the cost of

capital to measure the quality of investment. They o�ered great ideas for interpreting asset

or portfolio returns. However, with continually emerging factors and countless combinations

among them, it remains a key research challenge to assess the reliability of di�erent factors.

There are 400+ factors that play a role in stock pricing (Hou et al., 2020). Handpicking

factors may cause the `omitted factor' issue, where important variables are intentionally

or unintentionally neglected. However, inserting all factors in the unpenalized linear APT

frame causes the `dimensionality disaster' since it leads to problems, such as over�tting and

instability of estimation, which cause the false factor detection and enlarged pricing errors.

Therefore, some researchers devoted themselves to developing non-linear model forms or

adding constraints to the linear model form to satisfy the increasing factor size. Stock and

Watson (2002) introduced the use of principal components analysis (PCA) to extract factors

from a large number of original input factors. PCA projects the predictors into the new

coordinate system via a linear transformation and reorganizes the predictors into compo-
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nents. It extracts components that explain the most variance as the new factors for the

APT frame. The entire process is named principal components regression (PCR), and the

prede�ned parameter, which indicates how many new factors should be retained, is known

as the hyperparameter of PCR. PCA is the most widely applied technique for dimension

reduction tasks in di�erent domains, but it has limitations, such as the linear combination

assumption of factors, and new factors subtracted from the original factors may not be easy

to interpret and require normalization. Later, Kelly et al. (2019) utilised the instrumented

PCA (IPCA), which was upgraded from the PCA for factor extraction. IPCA employs a

dynamic process on PCA that analyses only a small batch of the dataset each time and up-

dates the factors gradually, ultimately converging on the optimal factors for the full dataset.

While IPCA optimizes the extraction process for large-scale factors through incremental up-

dates, it does not resolve PCA's core theoretical weaknesses. Concretely, the extracted latent

factors remain linear combinations of the original predictors, and the model still struggles

with low interpretability and the loss of information that does not align with maximum

variance. In contrast, the Neural Network approach, MLP models, proposed in this chapter,

addresses these limitations by employing non-linear activation functions (e.g. ReLU) for a

better mapping of original factors. This allows for a more 
exible dimensionality reduction

process that captures complex factor structures, therefore minimizing the loss of �nancially

or economically signi�cant information that traditional linear methods usually overlook.

Furthermore, the Least Absolute Shrinkage and Selection Operator (LASSO) and ridge re-

gression are two commonly applied constraints for linear models, known as L1 and L2 regu-

larization, respectively. They are employed for controlling the oversized factors in literature.

Kelly and Pruitt (2013) proposed a new pricing method via market expectation, which relies

on LASSO for noise reduction. Feng et al. (2020) introduced the concept of `factor zoo'

and applied an LASSO-based examination method. Chinco et al. (2019) has also veri�ed

LASSO's ability to denoise datasets. They proved that LASSO regression can signi�cantly

reduce the noise created by ine�ective factors and improve model �tness and robustness.

Whereas the classic LASSO has limitations, such as extracting only one factor from a group

of highly correlated factors, its limitation is that it cannot jointly measure multiple corre-
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lated or equally important factors. This leads to information loss. Therefore, some papers

turn to the constraint of classic ridge regression. For example, Giglio and Xiu (2021) applied

ridge regression to the study of how investor beliefs have an impact on portfolio decisions

from a survey of wealthy retail investors. It matched the survey data to investors' portfolios,

trading activities, and online behaviors data. It proved that the l2 penalty can identify

which factors should be the prioritized factors, identifying potential multicollinearity and

moderating model over�tting in the dataset. Nonetheless, classic ridge regression has lim-

itations, such as it is impossible to eliminate the ine�ective factors, since it never fails to

shrink the coe�cients to zero, and it penalizes all correlated factors when it addresses the

multicollinearity, which makes it di�cult to interpret the individual e�ect of factors with

high correlation. Moreover, for sparse factors, where only a few variables have signi�cant

e�ects, ridge regression shows less priority than LASSO due to the e�ect of non-zero co-

e�cient shrinkage. Both classic LASSO and ridge regression face the same limitations of

being computationally expensive and time-consuming for searching hyperparameters, and

are therefore not suitable for non-linear data and sensitive to noise. Yuan and Lin (2006);

Freyberger et al. (2020); Bertelsen (2022) later extended LASSO to group LASSO, adaptive

group LASSO and prior adaptive LASSO, respectively, for moderating the aforementioned

issues of classic LASSO, but it still has not been fundamentally resolved.

Fortunately, the development of machine learning (ML) methods has led to the progression

of the asset pricing factor model structures. The earliest neural network (NN) models for

�nancial applications can be traced back to the 1990s, where Hutchinson et al. (1994) used a

new non-parametric NN model for simulating Black-Scholes option prices. They proved that

the model recovered the Black-Scholes formula from a two-year training set of daily option

prices and that it can be used on both out-of-sample price and delta-hedge options, which

gave hope to subsequent research that NN models may overcome some limitations of tradi-

tional econometric methods. Later, Heaton et al. (2016) tested classic deep NN structures

on �nancial time series prediction tasks, from MLP to Autoencoder, and found that deep

neural network structures signi�cantly improved the performance of �nancial series predic-

tion. Whereas, unlike �nancial data, which includes higher frequency options, such as daily
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data and hourly data with a larger number of observations, stock pricing typically employs

monthly data, which aligns with the release frequency of �nancial reports. Thus, the limited

data size is a challenge for the research of stock pricing via ML.

The seminal work of asset pricing in ML models is Gu et al. (2020). They examined classic

ML methods, including MLP, decision trees, and random forests, on 30,000 U.S. stocks over

60 years, from March 1957 to December 2016. The work deployed 94 �rm characteristics

(Green et al., 2017), 8 macroeconomic indicators (Welch and Goyal, 2008) and 74 industry

dummy variables as factors pricing on individual stocks' excess return series. They also

applied the extending window method to their work, which means they re-estimated the

parameters every 12 months after the �rst in-sample window. And it enlarged the factor di-

mension via the Kronecker product method to ensure the data size for the ML frameworks.

The �nal factor dimension for each stock is approximately 850-900. Their �xed-neuron

pyramidical MLP structures borrowed the idea of Masters (1993). Their models in later

works are also named `GKX2020' Gu et al. (2020). They found MLP with 3-4 hidden layers

outperformed all alternative benchmark models (e.g. random forest, MLP with 1-2 and 5

hidden layers and Elastic net) by comparing the average out-of-sample (OOS) �tness indica-

tor R 2. However, as an early work of asset pricing, it has inherent limitations: they adopted

the cross-sectional rank-winsorization method for denoising the noise that exists in the �rm

characteristics, but the method arti�cially truncates fat tails, stripping the model of critical

signals needed to predict extreme market events or crash risks. Also, they did not consider

the transaction costs, such as variable borrowing rates for short positions and liquidity risks.

From a modelling perspective, they left a question of why the simple �xed pyramidical MLP

structures can be the optimal selections for stock pricing, as well as it does not present the

di�erence between the MLP models in large-cap stocks and small-cap stocks. Inspired by

their work, I apply the �rm characteristics-sorted stock return portfolios as factors for mod-

erating their noisy factor data, and examining these factors on large-cap stocks to prevent

liquidity risks in practice.

By following GKX2020's footpath, Wang (2021) applied GKX2020 ML models on cryptocur-
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rencies, and their empirical results agree with the �ndings that GKX2020 MLP models, even

with di�erent asset categories and di�erent con�gurations of factors. This extended in-

vestigation proved that MLP models generally improve the model �tness and forecasting

performance in the context of asset pricing. However, they emphasise the excellence in pro-

jecting the factors' nonlinear in
uence on asset prices, but provide no backtesting to further

support investment practice. Gu et al. (2021) extended the MLP models of GKX2020 by

adopting an MLP autoencoder architecture for dimensionality reduction of factors, which was

inspired by Kelly et al. (2019)'s instrumented principal component analysis (IPCA) model.

Concretely, they employed a dual-MLP structure for pricing the U.S. stock returns, which

was used in Gu et al. (2020). In their model structure, the left side is an MLP autoencoder

(conditional autoencoder) structure, which maps high-dimensional lagged �rm characteris-

tics to lower-dimensional factor loadings, while the right side is another MLP autoencoder

extracting the information from �rm characteristic-sorted portfolios as input factors and

reducing the dimension of these factors. They linearly mapped the outputs of these two

MLP autoencoders to price the individual stock returns. Although their model achieved an

annualized value-weighted Sharpe ratio of 1.53 in long-short value-weighted portfolio back

testing, the predictive power of the model was nearly identical to pure machine learning

prediction models that do not assume a factor structure, even if their model improved the

model's economic interpretability in the ML context. Moreover, their model doubled the

parameter size, which increases the risk of model over�tting and unnecessary computational

costs. Thus, the proposed model adopts a simpli�ed dynamic structure to improve the com-

putational e�ciency and moderate the over�tting risk.

Furthermore, Avramov et al. (2021) provided the �rst large-scale examination of whether

ML signals in stock-return prediction retain economic signi�cance when realistic investment

frictions are imposed. By comparing four prominent ML approaches: Gu et al. (2020)'s

three-layer neural network (GKX2020), Chen et al. (2024)'s adversarial deep-learning frame-

work for stochastic discount factor estimation (CPZ), Kelly et al. (2019)'s IPCA model,

and Gu et al. (2021)'s conditional autoencoder (CA), they constructed value-weighted long-

short portfolios from 1987 to 2017. Although the unrestricted full-sample strategies deliver
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strong raw and risk-adjusted returns (e.g., FF6 alphas of 0.92% to 1.87% per month), impos-

ing common economic restrictions, excluding microcaps, non-rated �rms, or stocks around

credit-rating downgrades, dramatically attenuates pro�tability, especially for deep-learning

methods; many �s lose statistical signi�cance. They further document extremely high port-

folio turnover (87% to 163% monthly), extreme positions in the tangency portfolio, and the

concentration of gains in high limits-to-arbitrage states, yet they note that ML signals re-

main pro�table in long-only positions, recent years, and crisis periods, and are economically

interpretable as they largely aggregate well-known anomaly characteristics. This motivates

backtesting long-only portfolios in this study. The paper concluded by proposing a practical

protocol for future ML research that emphasized value-weighting, transaction costs, long

positions, and recent-sample performance, thereby bridging the gap between statistical pre-

dictability and implementable investment value. Similarly, Giglio et al. (2022) conducted a

comprehensive literature review of ML-based asset pricing research. They organized the lit-

erature around core empirical objectives, such as estimating expected returns, latent factors

and risk exposures, risk premia, the stochastic discount factor (SDF), model comparison,

and alpha testing. They contrasted classical low-dimensional approaches (e.g., time series

and cross-sectional regressions, Fama-MacBeth procedures, and the Gibbons-Ross-Shanken

test) with ML models designed for high-dimensional individual stocks or �rm characteristics.

They highlighted innovations such as instrumented principal components analysis (IPCA),

risk-premia PCA, conditional autoencoders, penalized SDF estimation, double ML methods

for factor selection, and Bayesian model comparison, while emphasizing regularization, over-

�tting controls, and asymptotic theory under long time series (large T), large cross-sectional

(large N), or extended panel (large T and N) regimes. The survey emphasizes how ML

methods address the challenges of high-dimensional predictors, time-varying loadings, weak

factors and omitted variables, and provides a rigorous guide for researchers seeking to har-

ness these instruments for asset pricing discoveries in the background of ML. It also identi�es

promising directions for future work at the intersection of economic theory, statistical e�-

ciency, and practical implementation.

In addition, Kelly and Xiu (2023) also contributed a general literature review on machine
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learning in �nancial markets. It summarized the core challenges of asset pricing, for instance,

large information sets, ambiguous functional forms, and the low signal-to-noise environment

that distinguishes �nance from forecasting tasks in other domains. They organize the dis-

cussion around four pillars: the case for �nancial ML (emphasizing prices as predictions, the

bene�ts of economic structure amid small data and weak signals, and the complementary

roles of structural hypothesis testing versus atheoretical prediction models); the virtues of

complex, overparameterized models (introducing tools like ridge regression with generated

features and random matrix theory to show that, under realistic mis-speci�cation, higher

model complexity improves out-of-sample R2, expected returns, volatility, and Sharpe ra-

tios via the `complexity wedge'); return prediction (covering data construction, recursive

cross-validation designs, benchmarks such as Fama-MacBeth linear models, penalized lin-

ear regressions, dimension reduction, decision trees, vanilla and sophisticated neural net-

works, and models for alternative data); and extensions to risk-return trade-o�s (uncondi-

tional/conditional/complex factor models, high-frequency settings, and alphas) and optimal

portfolios (plug-in versus integrated estimation, maximum Sharpe ratio regression, SDF es-

timation, and reinforcement learning with trading costs). Throughout, the authors highlight

empirical gains from ML methods while stressing best practices for regularization, out-of-

sample evaluation, and the integration of economic theory, o�ering a practical guide for

researchers seeking robust, implementable discoveries at the intersection of �nancial asset

pricing and ML.

2.3 Data Description

The responses, or labels in ML terminology, used in this research contain 420 large-capital

stock excess returns from January 1957 to December 2021. These stocks come from the

National Association of Securities Dealers Automated Quotations (NASDAQ) and the New

York Stock Exchange (NYSE), which are derived from CRSP of Wharton Research Data

Services (WRDS). These 420 stocks originally are �ltered from the top 15% of the largest

market capitalization (MC), which covers 85% of total MC for the two markets. They satisfy

the conditions of having no missing data in the testing period and less than 50% of values
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missing during the training period, hence they can meet the requirement of the `going con-

cern' (Fama, 1970) and data representability. Selecting the large-cap stocks is for avoiding

the liquidity risks of market trading, which happens as investors cannot close the positions to

stop loss or con�rm the trading pro�t since no counterparty takes their positions. And as a

bene�t of the assumption of `too-big-to-fail' (Mishkin, 2006) and `going concern', this setting

is more realistic for practitioners since it protects the investors from systemic risks such as

companies that are delisted unexpectedly due to insolvency (e.g. Lehman Brothers) or other

unexpected issues. The overall coverage of market capitalization from these stocks is 21.38%

in the U.S. stock markets of the NASDAQ and the NYSE. Additionally, excessive missing

values can signi�cantly compromise model reliability. They reduce the e�ective sample size,

enlarge estimation variance, and introduce bias if the missingness is not completely at ran-

dom (Little and Rubin, 2019). In this case, missing observations may disrupt the temporal

dependency structure, a�ect predictive performance and cause the unstable out-of-sample

evaluation. Thus, I remove the factors with excessively missing values. The risk-free rate

for constructing the excess returns and evaluating the Sharpe ratio (SR) and Sortino ratio

(SO) is derived from the Kenneth R. French Data Library.

The predictors, also known as features for the ML terminology, are organized by 182 explored

�rm characteristic-sorted portfolio factors provided by Andrew Y.; Zimmermann (2020) in

their Open Source Asset Pricing (OSAP) database, with at least 60% of available values

in the training period. The 60% data availability threshold during the training period en-

sures the historical continuity of the time series from 1957 to 2021. Although the full OSAP

dataset provided 202 factors that authors con�rmed as high-quality factors, numerous of

them, especially those labeled as `indirect' or `insigni�cant' ones, su�er from massive data

gaps in the early decades. The selected 182 factors provides a high-density information set

that covers nearly all `Clear Predictors' across six core clusters: Momentum, Value, Invest-

ment, Pro�tability, Intangibles, and Trading Frictions.

There are three reasons for employing the �rm characteristic-sorted portfolios as factors in-

stead of �rm characteristics directly as input factors, which is adopted by literature such



2.3 Data Description 26

as Gu et al. (2020); Ma et al. (2023). Firstly, compared with the individual �rm charac-

teristics as factors, the sorted portfolio factors consider the e�ects between assets, stocks in

this case, and cross-sectionally evaluate the asset excess returns, which improves the eco-

nomic interpretability of the factor model. Secondly, compared with the factor method of

GKX2020 (Gu et al., 2020), the factor method in this study highly reduce the dimension

of the input, which potentially causes model over�tting. Thirdly, if �rm characteristics are

used directly as factors, the data exhibit large disparities across variables, and even after

standardization, such heterogeneity remains problematic for model estimation. The details

of these 182 factors are presented in the appendix of Chapter 2. The entire data set is split

into training (70% of the entire data length), validation (15% of the entire data length) and

testing periods (15% of the entire data length for Period 2112) as shown in Table 2.1. It is

consistent with the general machine learning data split rule of thumb that the training data

length should normally exceed 70% of the entire data length (Goodfellow et al., 2016). And

the validation window and testing period in this case are adjusted to satisfy the research

target of the COVID-19 impact investigation. The training window is on an extension base

with a step size of 12 months, while the validation window is �xed with 119 observations.

The training window, together with a �xed validation window, moves forward 12 months

at a time until it exhausts the entire data length. Thus, the out-of-sample, which contains

the full testing period, has 9 years with one update per year. This follows the convention

of Gu et al. (2020), and this approach ensures all models operate on the identical informa-

tion set and avoids the excessive computational workload of monthly retraining. From an

economic perspective, since the input predictors are organized by �rm characteristics that

a substantial number of them update on a quarterly or annual basis, annual re-estimation

aligns the model's learning frequency with the natural turnover of these fundamental signals.

This prevents the networks from over�tting to short-term monthly trading noise that often

lacks long-term predictive power. Between parameter updates, the models generate monthly

out-of-sample predictions by applying the most recent estimated parameters to the updated

monthly factors. Figure 2.1 shows the mechanism of the extensive window method in this

chapter.
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As for the robustness checking, the study compares the models' testing periods depending

on whether including the COVID-19 period, which is denoted as `2112' for the testing period

covering COVID-19, which contains a sharp uptrend with deep drawdowns, and `1911' for

the testing period without the COVID-19 period, which contains a mild uptrend. Concretely,

the training extension window and validation window are identical for both methods; the

only di�erence is the length of the testing period. It is demonstrated in Table 2.1.

Name Start date End date Observation No.

Training 1/1957 1/2003 553

Validation 2/2003 12/2012 119

Testing (OOS) for `1911' 1/2013 11/2019 83

Testing (OOS) for `2112' 1/2013 12/2021 108

Table 2.1: Data split table for initial setting of training, validation, and testing period. `Testing (OOS) for
2112' refers to the full out-of-sample evaluation period, while `Testing (OOS) for 1911' excludes the pandemic
period from December 2019 to December 2021.

Figure 2.1: The mechanism of the extended window method. The blue bars show the sample section of the
training period with an extended base. The yellow bars represent the validation period on a �xed rolling
basis. The `OOS(i)', i = 1; 2; 3: : : are the out-of-sample iterations, and each row points to one iteration. It
moves forward following the timeline. The black dots between the 3rd line and the 4th line are the ellipses,
which indicate that more iterations are involved.
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2.4 Models

As in most ML-based asset pricing literature, it starts from the general additive prediction

error model commonly used for asset pricing assignment:

r i;t+1 = E t [r i;t+1 ] + " i;t+1 (2.3)

Where ri;t+1 is the asset excess returns at time t+1. Et [r i;t+1 ] for t 2 [1; T �1] is the expected

return, which is the `fair' compensation investors demand at time t for bearing the systematic

risk associated with the asset. It is determined by the asset's sensitivity (or `Beta') to broader

market factors, such as the market risk premium, size, or value factors, and is calculated

using all information available up to that moment. t is the time index in the range from 1 to

the entire time length T . i is the asset index in the range from 1 to the entire asset number

N. " i;t+1 is the residual (or idiosyncratic shock in asset pricing). While the expected return

is the reward for staying exposed to the market's structural risks, the idiosyncratic shock is

the result of �rm-speci�c events, such as a sudden lawsuit or a breakthrough invention, that

deviate from the original forecast. Concerning the work of GKX2020 (Gu et al., 2020), the

conditional expectation of r i;t+1 can also be expressed as a function of K number of factors. If

the number of factors is small, it could be suitable for traditional linear structures. Whereas

if the number of factors is large, it raises the `factor zoo' issue (Harvey and Liu, 2019),

the additional dimension reduction process, such as principal components analysis (PCA),

is required for shrinking the dimension of factors. This process is also known as `feature

engineering or abstracting' in ML terminology. Equation (2.4) provides the general idea of a

factor model. The early literature on empirical asset pricing generally applies the ordinary

least squares (OLS) linear function with fewer than 10 factors, but later, alternative non-

linear function forms are applied due to the increasing number of factors. Equation (2.4) is

a general function form of the asset pricing factor model in the context of machine learning,

where g(�) represents the variable model structures in this chapter. fj;t is the jth factor at

time t and the � is the parameters of the factors.

r i;t+1 = g (f j;t ; �) + " i;t+1 (2.4)
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2.4.1 Multilayer Perceptron Algorithms (MLPs)

From Equation (2.4), it is clear that the function form is variable for adapting the factors.

In this chapter, we employ the MLP models with a pyramid structure as a substitution for

the traditional linear form of the factor model. The mechanism of MLP will be presented

with an example, while the application of the factor model for asset pricing will be explained

in line with the work of GKX2020.

In
uenced by biological brain mechanisms, vanilla neural network algorithms (alternatively

multilayer perceptron) were developed in the 1960s, and a multitude of literature contributed

to developing the modern concept of MLPs (Rosenbaltt, 1957; Rumelhart et al., 1986a;

Werbos, 1974). A complete simple MLP structure constitutes one input layer, a single

hidden layer or multiple hidden layers and one output layer. Each layer contains a single

neuron or multiple neurons. Neurons are connected to the neurons from the layers next

to them. Figure 2.2 demonstrates an example of fully connected MLPs with and without

hidden layers. The left panel of Figure 2.2 exhibits the MLP without a hidden layer. It can

Figure 2.2: A example of simple MLP structures with (right panel) and without (left panel) hidden layers. �
are the learnable parameters for the factors f j (j = 1; 2; 3; 4) and the x 1 ; x2 ; x3 are values calculated from an
activation function �(�). L represents the loss function, and r̂ i , r i represent the estimated and actual excess
return of stock i, respectively. The layer with green neurons is the input layer, assumed with 4 factors, and
the layer with 3 blue neurons is the hidden layer, which is calculated from the input factors with the activation
function. The layer with one single red neuron is the output layer, which derives the estimated stock excess
return r̂ i that is adjusted according to the actual stock excess return r i through the loss function.
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be as simple as a linear model, which can be presented as:

g(f t ; �) = � 0 +
KX

j=1

� j f j;t (2.5)

Where g(�) is a function form for mapping the factors to the excess returns ri;t ; f j is the

jth of the original factors. The � 0 performs as the intercept of the linear model, and it is

interpreted as the abnormal return in the context of factor investing or pricing error in the

context of asset pricing. �j is the parameter for factor j.

As the number of factors K increases, the linear model may fail to provide reliable estimates

due to its inherent limitations. Firstly, the model encounters the curse of dimensional-

ity, where the number of parameters to be estimated approaches or exceeds the number

of observations, leading to a loss of degrees of freedom and singular covariance matrices.

Secondly, high-dimensional factor sets often exhibit severe multicollinearity, causing the Or-

dinary Least Squares (OLS) estimators to become highly unstable with in
ated variances.

Thirdly, the model begins to `�t the noise' rather than the signal, resulting in signi�cant

over�tting, which manifests as the sharp decline in out-of-sample predictive power. Finally,

a rigid linear speci�cation is incapable of capturing non-linearities and high-order interac-

tions between characteristics. Thus, MLP with hidden layers are the more 
exible solution

for the empirical asset pricing model.

The right panel of Figure 2.2 exhibits an example of a simple pyramidical MLP structure

with 1 hidden layer containing 3 neurons and an input of 4 factors. The algorithm of a

neuron `m' in the �rst hidden layer can be presented as:

x(1)
m;t = �

0

@� (0)
m;0 +

KX

j=1

f j;t � (0)
m;j

1

A (2.6)

Where �(�) is the activation function, x (1) represents the neuron m in the �rst hidden layer,

� (0)
m;0 and � (0)

m;j , j 6= 0 are known as `bias' and `weights' in the context of machine learning,

respectively. The number in parentheses is the sequence notation of layers, in which `(0)'
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means the input layer and `(1)' means the �rst hidden layer.

From the second hidden layer to the �nal hidden layer, the general form of mathematical

presentation is shown as:

x(l)
m;t = �

0

@� (l�1)
m;0 +

M l�1X

h=1

x(l�1)
h;t � (l�1)

m;h

1

A (2.7)

Where l indicates the index of the layer, l > 1, and M is the number of neurons in a

hidden layer. Thus, M l�1 means the neuron number in the hidden layer l � 1, h is the

index of neurons from the previous hidden layer. The recti�ed linear unit (ReLU) function

is deployed as the activation function by following the work of GKX2020 (Gu et al., 2020).

It shows as:

ReLU(x) = maxf0; xg (2.8)

The economic rationale for this functional form lies in its ability to model asymmetric payo�

structures and threshold-based pricing anomalies without imposing the rigid constraints of

a global linear model. By nullifying negative activations, ReLU inherently introduces an

internal feature (factor) selection process, which is crucial for navigating the low signal-to-

noise ratio of �nancial data. This acceleration of convergence, coupled with the avoidance

of saturation regions, enables MLP models to robustly extract non-linear predictive signals

from a vast set of K input factors. Thus, it e�ectively improves the computational e�ciency

and mitigates the vanishing gradient problem during the backpropagation.

A linear output layer is assembled for the asset return value prediction context. It is math-

ematically presented as:

r̂ i;t+1 = � (L)
0 +

M LX

m=1

x(L)
m;t � (L)

m (2.9)

Where L is the notation of the �nal hidden layer.

By following the work of GKX2020, the pyramid structure is applied in this chapter, which
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follows the sequence:

input dimension > h 1 > h 2 > � � � > output dimension (2.10)

Where the input dimension is equal to the number of features, h(i); i = 1; 2; 3: : : indicates

the dimension of hidden layers. The output dimension is the number of output dimensions.

GKX2020 simply used a �xed pyramid structure with h 1 = 32; h2 = 16; h3 = 8; h 4 = 4; h 5 = 2

as suggested by Masters (1993). However, the �xed structure may not be adaptive for the

variable input dimensions, and Coqueret and Guida (2020) proposed a dynamic pyramid

structure design method for MLP, which is:

hk �

$

O
�

I
O

� L+1�k
L+1

%

(2.11)

Where I is the input dimension, L is the number of hidden layers. It provides a structure

with a more reasonable shrinkage of input factors. The MLP models implement the Co-

queret and Guida (2020)'s method for constructing the pyramid structure, with the output

dimension of one, which represents an individual stock's excess return series. A factor counts

as one dimension of the input layer.

The choice of this pyramidal architecture is not merely an empirical convention inspired by

the work of Masters (1993), but is grounded in two primary considerations. First, from an

information-theoretic perspective, the declining neuron count functions as an informational

bottleneck. Given the high dimensionality of I and the inherently low signal-to-noise ratio

in �nancial markets, this structure forces the network to distill redundant factors into a par-

simonious set of latent pricing signals, therefore �ltering out idiosyncratic noise. Second, the

geometric decay in hk serves as a form of implicit regularization. By systematically reducing

the parameter space in deeper layers, the model mitigates the risk of over�tting, which is a

crucial failure reason for linear models when the factor number K is large. Unlike the �xed

con�guration in Gu et al. (2020), the dynamic approach of Coqueret and Guida (2020) en-

sures that the compression ratio remains proportional to the speci�c input dimension of the

dataset, maintaining a consistent level of abstraction across di�erent model speci�cations.
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Thus, it is generalized for the variable dimension feature (factor) input in other economic or

�nancial scenarios.

2.4.2 Loss Function and Model Estimation

The loss function is a function that compares the predicted stock excess return values with

actual stock excess return values. By minimizing the loss function, which converges the

predicted values to the actual values, the neural network models are able to detect the

parameter sets for the best prediction performance. Di�erent loss functions for di�erent

tasks. For example, classi�cation tasks employ Cross-Entropy, Hinge, or Focal loss functions.

For regression tasks, it could be Mean Absolute Error (MAE), Mean Squared Error (MSE),

Huber or Mean Squared Logarithmic Error (MSLE). It is interesting that, in the mainstream

of the literature on ML-based �nancial prediction and asset pricing domain, authors agreed

to deploy the MSE as the loss function (Gu et al., 2020; Kelly et al., 2019; Freyberger et al.,

2020; Bianchi et al., 2021; Chen et al., 2024). By following their pathway, the MSE with L1

regularization is adopted as the loss function in this chapter and later chapters. This loss

function can be presented as:

L MSE L1 =
1
T

TX

t=1

(r i;t � r̂ i;t )2 + �j�j 1 (2.12)

Where LMSE L1 represents the loss function with L1 regularization. ri;t and r̂ i;t are the stock

i's actual and predicted excess returns, respectively. T is the time length of excess returns

or estimated excess returns. � is a hyperparameter named Regularization Parameter, and

� is the estimated parameters. The term of �j�j 1 represents the L1 regularization. This

con�guration also follows the work of GKX2020 (Gu et al., 2020). Compared to L2 regu-

larization (Ridge), L 1 regularization (Lasso) is uniquely suited for asset pricing due to its

ability to induce sparsity and perform automated variable selection. While L2 merely shrinks

coe�cients toward zero, the L 1 penalty can force coe�cients of irrelevant predictors to be

exactly zero. This is essential for navigating the `Factor Zoo' as it e�ectively �lters out

noise and identi�es the most parsimonious set of factors. Consequently, L1 enhances model
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interpretability and provides more robust out-of-sample predictions by mitigating the risk of

over�tting in high-dimensional �nancial datasets.

Intuitively, since the data used in this chapter is e�ectively mitigated via data pre-processing

(e.g.missing value �ltering, normalization), and factors are structured by �rm characteristic-

sorted portfolios instead of �rm characteristics, this naturally reduces the noise of the data,

thereby the advantages of robustness for alternative loss functions such as Huber loss or

MSLE are insigni�cant(Gu et al., 2020). Additionally, from the statistical perspective, MSE

targets the conditional mean Et [r i;t+1 ], aligning with the expected-value framework of asset

pricing theory, whereas MAE targets the median. This means MSE is a smooth, second-

order di�erentiable function with a gradient proportional to the error size, which ensures

stable convergence by allowing the model to decelerate near the optimum, and avoiding the

numerical oscillations inherent in the constant-gradient MAE.

Unlike traditional statistical models such as OLS, which typically rely on in-sample �tting

and out-of-sample (OOS) testing, ML frameworks introduce a validation period to facili-

tate automated model selection and hyperparameter tuning. While the non-linear architec-

ture of the MLP inherently relaxes classical assumptions like linearity and homoscedasticity,

the validation set is crucial for preventing over�tting in such highly parameterized models.

Speci�cally, it utilizes Stochastic Gradient Descent (SGD), or its advanced variants like the

Adaptive Moment Estimation (Adam) (Kingma and Ba, 2014), to minimize the model's pa-

rameters on the training data, simultaneously monitoring performance (the lowest MSE) on

the validation data (simulation OOS dataset) to determine the best model for testing data

(actual OOS dataset).

Equation (2.13) and Equation (2.14) shows the GD process, where r� L(�) gradient, it is the

partial derivative of the loss function and the individual model parameter, � are the model

parameters. ' is the pre-set hyperparameter named learning rate, which determines how fast

or accurately to �nd the parameters that let the loss function reach the global minimum.

Normally, when r � L(�) is approaching zero, the loss function is considered as `reaching the
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global minimum'.

r � L(�) =
�

@L(�)
@�1

;
@L(�)

@�2
; : : : ;

@L(�)
@�n

�
(2.13)

� := � � 'r � L(�) (2.14)

Concerning the computational cost of ML algorithms, the most prevailing parameter search-

ing process is the Stochastic GD (SGD) which updates parameters for each sample in each

iteration. However, it introduces unexpected noise which could trigger the unstable conver-

gence of the loss function. That is the reason for adding the optimizer of Adaptive Moment

Estimation (Adam) (Kingma and Ba, 2014) for stabilizing the SGD process. Adam intro-

duced the �rst and second-moment estimation of gradients to achieve the acceleration of the

loss function convergence and the self-adaptation of the learning rate. The pseudocode of

Adam described in the appendix of Chapter 2.

The backpropagation algorithm is the algorithm for adjusting the weights in the network by

calculating the gradient of the loss function with respect to each parameter from the output

direction. It applies the \chain rule" of derivative computation to propagate gradients from

the output layer backwards through the network. The process can be separated into �ve

steps: obtaining results from forward propagation, computing the loss, backpropagation,

updating weights, and iteration. The mechanism of the MLP backpropagation is exhibited

in the appendix of Chapter 2.

2.4.3 Early Stopping and Batch Normalization

One parameter searching for all training data points in a batch is de�ned as one epoch.

Epoch is a one-time gradient descent process. Normally, when the epoch number increases,

the MSE of training and validation will decrease. However, as epochs are a hyperparameter

of the MLP model, it is di�cult to de�ne before attempting the model. Oversize epochs

will cause the over�tting issue as well because the di�erence of MSE for both training and

validation data increases after epochs reach a critical minimum value. Early-stopping is a
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process for stopping the epochs when the performance on the validation data cannot be

improved further, then logging the parameters for prediction.

Batch normalization is a vertical normalization, where each observation in the batch removes

the batch's mean and is divided by its standard deviation; the training data in one batch's

mean is zero, and the variance is equal to 1. Batch normalization can accelerate and sta-

bilize the training process, moderate the issue of gradient vanishing and explosion (Glorot

and Bengio, 2010), which is explained in Section 2.4.4, and reduce the sensitivity towards

the initial weights.

2.4.4 Gradient Vanishing and Explosion

Gradient vanishing usually happens during the backpropagation process. When the hidden

layer number of the MLP model increased to a certain level, the gradient was extremely

small or equal to zero. Subsequently, when it is passed back to the �rst hidden layer, the

gradient vanishes, causing the parameters to pause updating, leading to poor performance

of the model. This was especially prevalent when the activation function was using Sigmoid

or Tanh. Whereas ReLU is the activation function which can prevent this issue since its

derivative is most likely to be 1, batch normalization is another approach that also helps

with this. Opposite to the scenario of gradient vanishing, if the initial learning rate is not

properly set or an inappropriate depth to the MLP structure is deployed, the gradient could

be extremely large. In that sense, if the learning rate causes excessively large parameter

updating, the parameters do not converge on the loss function to the global minimum but

diverge from the global minimum. This phenomenon is known as gradient explosion, and the

loss function encountering gradient explosion tends to be in�nite. Testing the initial learning

rate and batch normalization can be applied as adjustment methods for this issue.
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2.4.5 Benchmark Models

Five proposed dynamic MLP models are implemented as the function forms of the empirical

asset pricing model. They are compared with six benchmark models: Ordinary Least Squares

(OLS), Partial Least Squares (PLS), Principal Component Regression (PCR), and GKX2020

with 3, 4, and 5 hidden layers, respectively. GKX2020 MLP models as benchmark models

utilizes their original predictor con�gurations. The GKX2020 MLP models are similar to the

proposed MLP models, but with �xed pyramidical neuron structures. In accordance with

Equation (2.4), the linear benchmark models are de�ned by their speci�c functional forms

of g(f i;t ; �), which include a constant intercept � to capture the mean return not explained

by the factors.

The OLS benchmark assumes a global linear mapping with an intercept �:

g(f i;t ; �; � OLS ) = � + f >
i;t � OLS (2.15)

where the parameters �; � OLS are estimated by minimizing the sum of squared residuals

over the training sample. The intercept � represents abnormal return or pricing error in the

context of factor investing and asset pricing, respectively.

PCR (Massy, 1965) applies dimensionality reduction through an unsupervised learning frame-

work, where the predictive function g(�) is de�ned as a linear mapping of the top K principal

components:

g(f i;t ; �; � P CR ; 
 P CR
K ) = � + (f >

i;t 
 P CR
K )� P CR (2.16)

The projection matrix 
 P CR
K = [v 1; : : : ; vK ] consists of the K eigenvectors corresponding

to the largest eigenvalues of the factor covariance matrix �f f = E[(f i;t � �f )(f i;t � �f ) > ],

where v1; : : : ; vK are the loading vectors, and �f is the mean of the factors. The intercept �

represents the same economic meaning as the one in OLS. The j-th principal direction vj is
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determined by maximizing the variance of the projected factors:

vj = arg max
v

var(f >
i;t v) s.t. jjvjj = 1; v > vm = 0 for m < j (2.17)

Unlike PCR, the PLS model (Wold, 1966) utilizes a supervised dimensionality reduction

framework, where the predictive function is de�ned as:

g(f i;t ; �; � P LS ; 
 P LS
K ) = � + (f >

i;t 
 P LS
K )� P LS (2.18)

In contrast to PCR, the PLS model identi�es the latent space 
 P LS
K by accounting for both

the variance of factors and their predictive relationship with future stock excess returns

r i;t+1 . Speci�cally, the j-th direction w j in 
 P LS
K is determined by maximizing the squared

covariance between the linear combination of factors and the target returns:

wj = arg max
w

cov2(f >
i;t w; r i;t+1 ) s.t. jjwjj = 1; cov(f > w; f > wm ) = 0 for m < j (2.19)

The inclusion of the intercept � ensures that the covariance maximization is performed on

the innovations of the factors, and prevents systematic mean levels from biasing the orien-

tation of the latent directions.

2.4.6 Model Performance Evaluation

In this section, the proposed models and benchmark models are compared from two angles:

model performance (predictive power) and backtesting performance. Model performance is

measured by the mean of 420 stocks' the out-of-sample (OOS) coe�cient of determination

(R2
OOS ), mean square error (MSE), residual � and its statistics, which are shown in Table 2.3.

The algorithms of these indicators are presented in Equation (2.20) to Equation (2.22). The

research in this chapter still employs the one-step-ahead forecasting method.

R2
oos = 1 �

P
(r i;t+1 � r̂ i;t+1 )2

P
(r i;t+1 � r in )2 (2.20)
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MSE =
1

TN

TX

t=1

(r i;t � r̂ i;t )2 (2.21)

� avg :=
1
N

[E(r i ) � E(r̂ i )] (2.22)

Where ri;t+1 are the real out-of-sample excess returns, r̂i;t+1 is the predicted excess returns,

which is equal to ŷt+1 in Section 3.4 andr in is the mean of the excess returns in the train-

ing and validation (in-sample) period. i indicates the stock i, and TN is the time length

observation number multiplied by the number of stocks. Here, � denotes the OOS average

estimation error in model evaluation, but it has a speci�c meaning in the asset pricing con-

text, as introduced in the general introduction section.

In the traditional asset pricing concept, � is the intercept of a linear factor model. It means

the risk-adjusted return of a stock. If the � = 0, the stock excess return is perfectly explained

by the selected or constructed factors; if � > 0, it indicates the extra capital gain exists after

controlling the risks brought by factors, which is also known as the `arbitrage opportunities';

if � < 0, it implies the stock underperforms the model's prediction. The latter two circum-

stances indicate the existence of pricing errors, but practitioners chase the positive � as the

abnormal returns beyond the factors. In traditional asset pricing literature, those with a lin-

ear model frame, factor exploration research pursues � approaching zero to verify that their

factors can perfectly explain the asset returns, which satis�es the non-arbitrage hypothesis.

That is slightly di�erent in ML-based asset pricing literature, especially in this case. The

linear output layer still makes the asset pricing model explainable, but forces the restriction

of the non-arbitrage condition by removing the intercept term of �. The computation of �

for the ML-based asset pricing is also known as residual �, which is employed by Gu et al.

(2020); Ma et al. (2023) and is shown in Equation (2.22). That means if the assumption

stands for the linear output layer form, the mean of both pricing error � and model bias b

should be equal to zero; otherwise, it implies that the �, the abnormal return or the arbitrage

opportunity exists, or there are unexplored factors. Exploring the structure of �, how to

minimise �, and the relation to the bias of the ML frame are interesting directions for future

research. In that sense, the residual � includes the traditional � and the risk premium of
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the linear and non-linear model structures.

The Diebold-Mariano (DM) (Diebold and Mariano, 1995) test with the HAC estimator

(preventing loss di�erential series autocorrelation causes spurious statistical signi�cance)

is adopted for evaluating the di�erence between models in this study. Equation (2.23) to

Equation (2.26) presents the mechanism of the DM test. DM test here using the Mean

Absolute Error (MAE) as the foundation for its robustness compared with the MSE option.

MAE is less sensitive to outliers than MSE, which is particularly suitable for �nancial time

series in AI models that contain more complicated and variable structure in their prediction

errors (e.g. non-Gaussian, heavy-tailed, etc.). Therefore, MAE-DM here re
ects typical

di�erence forecasting performance and avoids being a�ected by a few large deviations, which

causes false detection of the di�erence between models. Hence, MAE-DM statistics provide

a more realistic and reliable assessment of model superiority in this study.

dt+1 =
1
h

hX

i=1

� �
�
�e(m)

i;t+1

�
�
� �

�
�
�e(n)

i;t+1

�
�
�
�

(2.23)

�d =
1
T

TX

t=1

dt+1 (2.24)

DM statistics =
�d

dstandard error
(2.25)

dstandard error =
q

bVHAC =T (2.26)

where je(m)
i;t+1 j, je(n)

i;t+1 j are the absolute forecasting errors derived from (ri;t+1 �r̂ i;t+1 ) of model

m and n respectively. i indicates the stock i. h is the number of stocks, which is 420 in

this case. dt+1 is the cross-sectional average di�erence between model m and model n's

absolute forecasting errors, �d is the mean of dt+1 . The denominator, dstandard error , is the

HAC-consistent standard error of the loss di�erential series fdt g. bVHAC denotes the het-

eroskedasticity and autocorrelation consistent (HAC) variance of the loss di�erential series

dt+1 .

For a higher economic and �nancial interpretation of the model, this study also calculates the

factor importance for the MLP autoencoder abstracted factors and the correlation between
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the abstracted factors and the original factors. Mathematically, the permutation variable

importance (VI) can be exhibit as:

L baseline = L(r i;t ; f (X)) (2.27)

L perm (X i ) = L(r i;t ; f (X perm )) (2.28)

Importance(X i ) = L perm (X i ) � L baseline (2.29)

where Lbaseline is baseline loss or original out-of-sample loss, X is the original feature matrix,

and f(�) is the model forms. L perm(X i ) is the loss that an individual feature X i is permutated.

Then, the importance of X i is equal to the di�erence between the permutated loss and the

baseline loss.

This study uses the trend-following sign signal trading strategy as the market timing ap-

proach, and the transaction cost is con�gured as 50 base points via a traditional static trans-

action cost calculation method (Jegadeesh and Titman, 1993; Lesmond et al., 2004; Grundy

and Martin, 2001), and employs a 20 bps (Frazzini et al., 2018; Novy-Marx and Velikov,

2016; Hou et al., 2020) concerning turnover rate (shows in Equation (2.34)) as a robust-

ness examination for exploring how transaction cost and turnover rate a�ect the backtesting

performance of the models in this chapter. For measuring the backtesting performance, it

follows the traditional asset pricing indicators, which are annualized returns, Sharpe ratio,

Sortino ratio and maximum drawdown (MDD). Equation (2.30) to Equation (2.33) presents

the calculation of these indicators.

Annualized Return =

8
<

:
1 +

"
nY

i=1

(1 + r i;t ) � 1

# 12
n

9
=

;
� 1 (2.30)

Sharpe Ratio =
E(r p) � r f

� p
(2.31)

Sortino Ratio =
E(r p) � r f

� d
(2.32)

Maximum Drawdown = max
t2[0;T ]

�
cmax (t) � c(t)

cmax (t)

�
(2.33)

where n is the number of the observations, E(rp) is the expected portfolio return and r f



2.5 Empirical application and results 42

represents the risk-free rate. �p and � d are the portfolio and portfolio downside standard de-

viation, respectively. Cmax (t) is the highest value during time t, and C(t) is the value at time

t. For a better comparison of models that perform under the extreme market 
uctuations

caused by the COVID-19 pandemic, all results are displayed in three periods: Pre{COVID-

19 Period (1911), COVID-19{Inclusive Period (2112) and Period Including COVID-19 and

One-Year After (2212).

The models in this chapter were implemented in Python (v3.8) using the PyTorch deep

learning framework (Paszke et al., 2019). Training was conducted on NVIDIA A40 and

H100 GPUs provided by the Viking HPC cluster at the University of York. Unlike tradi-

tional central processors (CPUs) that handle tasks sequentially, GPUs are engineered for

massive parallel computing, allowing the model to process thousands of �nancial signals and

factor interactions simultaneously. This high-performance hardware was essential for re-

search in this chapter since the `factor zoo' presents a high-dimensional nature in individual

stock calculations. That would be computationally prohibitive, potentially requiring weeks

of processing time, on standard o�ce equipment. Leveraged by these specialized chips, the

extensive iterative optimization process becomes feasible.

2.5 Empirical application and results

This section mainly presents the empirical comparison from the model function and port-

folio performance perspectives. Section 2.5.1 exhibits the empirical methods, Section 2.5.2

discusses the model-wise performance, and Section 2.5.3 shows the performance of equal-

weighted and value-weighted portfolios organised via the selected 420 stocks from the Pre{COVID-

19 Period (1911) and COVID-19{Inclusive Period (2112) angles.

2.5.1 Empirical application

The entire experiment follows seven steps: 1) data preparation, which is described in Sec-

tion 4.3; 2) modelling; 3) prediction; 4) model evaluation and comparison; 5) market timing
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(trading signal generation); 6) back testing; and 7) back-testing performance assessment.

The model structures of the main models and GKX2020 MLP models are shown in Table 2.2.

The input factors are 182 selected �rm characteristics-sorted portfolio factors, and the output

is the excess return series of individual stocks. Thus, the input dimension is 182, and the

output dimension is one. The benchmark models of PLS and PCA with a hyperparameter

of 0.95 indicate the components explain 95% of the variance from the original features.

Main MLP models GKX2020

1 layers 15 32

2 layers 36, 6 32, 16

3 layers 56, 15, 4 32, 16, 8

4 layers 73, 25, 9, 3 32, 16, 8, 4

5 layers 87, 36, 15, 6, 3 32, 16, 8, 4, 2

Table 2.2: MLP architecture comparison between our main models and GKX2020. `(i) layers', i =
1; 2; 3; : : : ; 5, means an MLP model contains i hidden layers. Each number de�nes the number of neurons in
a single hidden layer. The largest number in each table row is the neuron number of the hidden layer closest
to the input layer. One neuron indicates one dimension. The smallest number in the row is the one in the
hidden layer closest to the output layer.

A common trading signal detection technique is applied to generate trading signals from the

actual stock excess returns and estimated stock excess returns of each stock, which is named

the sign signal generation system. It is utilized for market timing. Concretely, in a stock,

when the sign of the actual return at time t matches the sign of the estimated return at time

t in a back-testing process, it is considered a trading signal. If both the actual return and

the estimated return have a positive sign, it is time to open a long position of that stock.

Investors may hold this position until the opposite trading signal appears, namely, both of

them have a negative sign, which is a signal for investors to close that position. This is also

known as long side trading. The short side trading is in contrast to the long side trading,

which searches for the negative sign matching for opening the short position, then detects

the positive sign matching for closing the position. This trading signal detection technique

is commonly used in the trend-following trading strategy, which allows investors to achieve

pro�tability by following the price trend of a stock.
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All selected stocks are grouped as an equal-weight portfolio or a value-weighted portfolio,

since a complete practical trading strategy includes trading individual stocks according to

trading signals and deciding how many positions should be held for each stock. Since the asset

allocation research direction is a bit out of scope of the empirical asset pricing research, in

this study, the simple asset allocation strategies are implemented to complete the backtesting

process, which is commonly conducted by the relevant literature (Gu et al., 2020). The equal-

weight portfolio is to distribute equal weights to each stock included in the portfolio, and

the value-weighted portfolio is to distribute the weights according to the proportion of the

market capitalization of each stock. Additionally, the unstable borrowing rates and limited

short side trading shares provided by brokers for short side stock trading practice are used to

restrict the short side trading of the stocks and bring systematic risks to investors. To prevent

the systematic risks brought by the extreme cases, the backtesting of this chapter excludes

the short side trading. Following the methodology in existing literature of Jegadeesh and

Titman (1993); Lesmond et al. (2004); Grundy and Martin (2001), which statically con�gured

as 50bps. For robustness examination of how turnover in
uences the pro�tability of these

models, a dynamic transaction cost is applied (turnover and 20bps for large-cap stocks),

following the work of Ma et al. (2023); Frazzini et al. (2018); Novy-Marx and Velikov (2016);

Hou et al. (2020), which shows in Equation (2.34). The total transaction cost (TCt ) is

proportional to the absolute change in portfolio weights during rebalancing, which can be

expressed as:

TCt = � �
NX

i=1

jw i;t � w +
i;t� j (2.34)

where � = 0:002 represents the cost rate (20 basis points), wi;t is the target weight of asset

i at time t, and w +
i;t� is the weight immediately before rebalancing.

2.5.2 Model performance evaluation

As discussed in Section 2.4.6, the proposed models and benchmark models are evaluated via

OOS mean squared error (MSE), OOS R2 and DM tests. Table 2.3 shows the MSE and

OOS R2 for the main models. Benchmark models for the data period include (2112) and
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exclude (1911) the COVID-19 pandemic (from November 2019 to December 2021). In both

periods, we observe that all proposed models (from fw1 to fw5) signi�cantly outperform the

benchmark models. The average OOS R2 implies that the proposed MLP model with 2

hidden layers which has 4.45% as the average OOS R2, outperforms all alternative models

and is followed by the one with 3 hidden layers, which achieved 3.65% of average OOS R2,

but apart from the proposed MLP model with 1,2,3,4 hidden layers in Period 2112, and the

proposed MLP model with 2,3,4 hidden layers, the alternative models have negative OOS

R2, which indicates the model over�tting issue to some extent. Model over�tting refers to

a situation in which a predictive model captures not only the underlying patterns in the

training data set but also the random noise. As a result, it exhibits excellent in-sample

performance but poor out-of-sample performance. Deep over�tting implies the possibility of

model mis-speci�cation, which means the model form mismatch. In this sense, Model OLS,

PLS, PCR and GKX2020 with 3 hidden layers may not perform as expected in this case.

For the testing period, excluding the pandemic, which was from January 2013 to November

2019, the best-proposed models had the highest OOS R2, which are 3.36% and 2.5% for

2 and 3 hidden layers, respectively. It is consistent that the proposed MLP model with 2

hidden layers is the best-performing, followed solidly by the one with 3 hidden layers, and it

maintains its advantage even during the pandemic-inclusive period (2112).

Comparing the �tness of the models in pre-COVID-19 and COVID-19{Inclusive periods,

the OOS �tness of MLP models increased when the COVID-19 testing period was included.

This means the MLP models present higher compatibility under extreme market conditions.

On the other hand, some models are insensitive to pandemic-induced market 
uctuations,

particularly traditional statistical models (OLS, PCR, PLS) and deep MLP models. Fig-

ure 3.7 shows the market capital-weighted price index of 420 selected stocks, which provides

an intuition of the market 
uctuation during the pandemic. The grey shadow-covered period

in Figure 3.7 is the COVID-19 period. Together with Table 2.3, they prove the excellence of

shallow dynamic MLP models' forecasting capability during the extreme market turbulence.

This �nding is consistent with the GKX2020's �nding that shallow MLP factor models have

higher performance on stock return forecasting in the background of asset pricing.
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Model Avg R2 Avg MSE Model Avg R2 Avg MSE

Pre{COVID-19 Period (1911) COVID-19{Inclusive Period (2112)

OLS -0.2251 0.0066 OLS -0.2464 0.0086
PCR -0.0380 0.0058 PCR -0.0367 0.0074
PLS -0.2250 0.0066 PLS -0.2464 0.0086
GKX2020 fw3 -0.3419 0.0092 GKX2020fw3 -0.2982 0.0118
GKX2020 fw4 -0.0331 0.0062 GKX2020fw4 -0.0310 0.0083
GKX2020 fw5 -0.0057 0.0061 GKX2020fw5 -0.0059 0.0081
fw1 -0.0025 0.0058 fw1 0.0183 0.0075
fw2 0.0336 0.0057 fw2 0.0445 0.0074
fw3 0.0250 0.0058 fw3 0.0365 0.0076
fw4 0.0071 0.0060 fw4 0.0106 0.0079
fw5 -0.0047 0.0061 fw5 -0.0023 0.0080

Table 2.3: Model performance comparison between Pre-COVID-19 (1911) and COVID-19-Inclusive (2112)
periods. The `fw(i)', i = 1; 2; : : : ; 5 represents the proposed MLP models with 1 to 5 hidden layers, while
`GKX2020 fw(i)' denotes the reference models. Avg R2 and Avg MSE represent the average R-squared and
Mean Squared Error, respectively. The values of R2 are expressed in decimals; for instance, �0:2251 in the
OLS model represents �22:51%.

Figure 2.3: Value-weighted price index of selected 420 stocks. The grey shadow covers the COVID-19 period
from December 2019 to December 2021. `MC' means market capital.

Figure 2.4 and Figure 2.5 exhibit the distribution of OOS R2 of the proposed MLP mod-

els and the PCR model in the Pre{COVID-19 Period (1911) and the COVID-19{Inclusive

Period (2112). And Table 2.4 records the descriptive statistics of the OOS R2. All distri-
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butions exhibit a strong right-skewed shape with a sharp peak near zero. The majority of

individual stock OOS R2 values fall within the range of -0.3 to +0.3, with very few stocks

showing OOS R2 higher than 0.5. This con�rms the well-known challenge in cross-sectional

asset pricing: stock return predictability is inherently weak and noisy at the individual stock

level. The proposed shallow MLP models (fw1 and fw2) produce the widest distributions

with the longest left tails. Model fw2, in particular, consistently shows the strongest positive

OOS R2 mass and the most heterogeneous predictions across stocks. It generates more stocks

with meaningfully positive OOS R2 (especially in the 0.1 to 0.5 range) and exhibits a mod-

erate negative tail. This indicates that shallow networks are better at capturing di�erences

in stock-speci�c predictability. The medium-depth MLP model (fw3) illustrates the transi-

tional nature of this architecture. The distribution is sharply peaked around zero, with a

high concentration of stocks near R2 = 0. Compared to Model fw2, the left tail is noticeably

shorter, and extreme positive or negative predictions are reduced. Model fw3 sits between

the high-heterogeneity shallow models and the overly conservative deeper models. And the

deep MLP models (fw4 and fw5) produce the narrowest and most concentrated distributions,

with an extremely sharp peak at zero and very short tails on both sides. Predictions for the

vast majority of stocks are tightly clustered around zero, indicating that deeper networks

tend to generate overly smooth, conservative forecasts that lose much of the cross-sectional

variation in predictability. All the phenomena indicate shallow MLP models (especially fw2)

deliver more heterogeneous and informative predictions, while deeper models (fw4 and fw5)

tend to \average out" signals, resulting in safer but less discriminative forecasts. Compar-

ing the two periods, in the Pre-COVID-19 period (1911), distributions (particularly for fw1

and fw2) are relatively wider with longer left tails, and in the COVID-19{Inclusive Period

(2112), all models show more concentrated distributions around zero. This suggests that the

COVID-19 shock increased market noise and triggered a regime shift in pricing dynamics,

making it more di�cult for models to identify strong, predictable signals at the individual

stock level. The PCR, as the best-performing traditional statistical benchmark, produces

wider distributions than the deeper MLPs but still lags behind fw2. Shallow MLPs consis-

tently demonstrate superior ability to generate positive predictions compared to this linear

benchmark. This aligns with the �ndings in Table 2.3. Overall, the OOS R2 distribution
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analysis suggests that model depth signi�cantly in
uences prediction heterogeneity. Shallow

MLPs, especially Model fw2, yield more informative forecasts with stronger positive OOS R2

tails, whereas deeper architectures produce overly conservative predictions clustered tightly

around zero (this also applies in the GKX2020 MLP benchmarks). The COVID-19{Inclusive

Period (2112) further improves predictability across the proposed MLP models, highlighting

the regime-dependent nature of the forecasting. These �ndings reinforce the superiority of

shallow MLP in this domain. In addition, the OOS MSE distribution diagrams, Figure 2.6

and Figure 2.7, agree with the �ndings of OOS R2 distributions.

Furthermore, the DM test is applied to assess the level of the performance di�erence be-

tween the two models. Table 2.5 shows the DM test statistics and p-values-based statisti-

cal signi�cance level. The upper panel of Table 2.5 demonstrates the DM statistics of the

Pre{COVID-19 Period (1911), the lower panel reports the results for the COVID-19-inclusive

period (2112). In both periods, the OLS model exhibits signi�cantly larger forecast errors

than most alternative models, con�rming its inferior performance in a high-dimensional fac-

tor setting. The PCR model outperforms OLS, but it is consistently dominated by the best

proposed MLP model: fw2. The PLS model performs similarly to OLS and remains inferior

to most neural network speci�cations. The proposed MLP models (fw1 to fw5) consistently

outperform the GKX2020 benchmark models, especially the proposed MLP models (fw2 to

fw4), which are statistically signi�cant. The advantage of the proposed MLP models over the

GKX2020 benchmarks remains robust across both the pre-COVID and COVID-inclusive pe-

riods. Among the proposed models, fw2 and fw3 generally deliver the strongest performance

in both periods, with insigni�cant di�erences between them. This pattern suggests that

although increasing the depth of MLP models improves predictive accuracy, the marginal

advantage diminishes after a certain level. Overall, the DM test results provide strong sta-

tistical evidence that the proposed MLP models achieve superior out-of-sample predictive

accuracy compared to both traditional linear models and GKX2020 MLP models. The con-

sistency of these �ndings across the pre-COVID and COVID-19-inclusive periods underscores

the robustness of the proposed architecture in capturing complex nonlinear relationships in

equity returns, even during periods of signi�cant market disruption.



2.5 Empirical application and results 49

P
re

-C
O

V
ID

-1
9

(1
91

1)
O

LS
P

C
R

P
LS

G
K

X
20

20
fw

3
G

K
X

20
20

fw
4

G
K

X
20

20
fw

5
fw

1
fw

2
fw

3
fw

4
fw

5

M
ea

n
-0

.2
25

-0
.0

38
-0

.2
25

-0
.3

42
-0

.0
33

-0
.0

06
-0

.0
02

0.
03

4
0.

02
5

0.
00

7
-0

.0
05

S
td

.
E

rr
or

0.
02

2
0.

01
5

0.
02

2
0.

10
4

0.
02

7
0.

00
1

0.
01

6
0.

01
3

0.
00

6
0.

00
3

0.
00

2
M

ed
ia

n
-0

.1
50

-0
.0

19
-0

.1
50

-0
.0

04
-0

.0
03

-0
.0

03
0.

04
1

0.
05

1
0.

01
5

0.
00

0
-0

.0
03

S
td

.
D

ev
ia

tio
n

0.
45

5
0.

31
7

0.
45

4
2.

12
3

0.
55

8
0.

01
9

0.
32

7
0.

25
9

0.
13

0
0.

06
1

0.
03

7
V

ar
ia

nc
e

0.
20

7
0.

10
0

0.
20

7
4.

50
6

0.
31

1
0.

00
0

0.
10

7
0.

06
7

0.
01

7
0.

00
4

0.
00

1
K

ur
to

si
s

3.
99

4
4.

86
0

3.
99

6
61

.8
43

41
9.

00
5

7.
20

7
7.

51
5

20
.9

04
14

.3
05

13
.4

58
92

.6
07

S
ke

w
ne

ss
-1

.3
72

-1
.1

95
-1

.3
72

-7
.7

03
-2

0.
45

8
0.

13
0

-2
.1

14
-3

.3
13

-2
.0

24
-1

.1
03

-6
.8

13
R

an
ge

3.
53

6
2.

68
6

3.
53

6
21

.5
45

11
.5

32
0.

20
4

2.
34

4
2.

65
6

1.
43

5
0.

74
8

0.
66

0
M

in
im

um
-3

.0
11

-2
.1

32
-3

.0
11

-2
1.

46
0

-1
1.

42
8

-0
.1

00
-1

.7
98

-2
.0

61
-1

.0
58

-0
.4

89
-0

.5
19

M
ax

im
um

0.
52

5
0.

55
4

0.
52

5
0.

08
5

0.
10

4
0.

10
4

0.
54

6
0.

59
5

0.
37

7
0.

25
9

0.
14

1

C
O

V
ID

-1
9{

In
cl

us
iv

e
(2

11
2)

O
LS

P
C

R
P

LS
G

K
X

20
20

fw
3

G
K

X
20

20
fw

4
G

K
X

20
20

fw
5

fw
1

fw
2

fw
3

fw
4

fw
5

M
ea

n
-0

.2
46

-0
.0

37
-0

.2
46

-0
.2

98
-0

.0
31

-0
.0

06
0.

01
8

0.
04

5
0.

03
6

0.
01

1
-0

.0
02

S
td

.
E

rr
or

0.
02

4
0.

01
7

0.
02

4
0.

09
7

0.
02

1
0.

00
1

0.
01

7
0.

01
3

0.
00

6
0.

00
4

0.
00

2
M

ed
ia

n
-0

.1
57

-0
.0

06
-0

.1
57

-0
.0

04
-0

.0
03

-0
.0

03
0.

07
2

0.
05

8
0.

02
0

0.
00

1
-0

.0
02

S
td

.
D

ev
ia

tio
n

0.
49

0
0.

34
9

0.
49

0
1.

99
3

0.
43

9
0.

01
4

0.
33

9
0.

26
1

0.
12

9
0.

07
5

0.
03

5
V

ar
ia

nc
e

0.
24

0
0.

12
2

0.
24

0
3.

97
4

0.
19

3
0.

00
0

0.
11

5
0.

06
8

0.
01

7
0.

00
6

0.
00

1
K

ur
to

si
s

4.
78

1
4.

71
6

4.
78

0
11

7.
90

0
39

2.
70

7
5.

76
4

9.
90

9
14

.5
85

7.
46

9
17

.4
30

33
.2

92
S

ke
w

ne
ss

-1
.4

80
-1

.2
74

-1
.4

80
-9

.9
73

-1
9.

59
2

-0
.1

20
-2

.4
50

-2
.7

66
-1

.0
22

-1
.0

10
-1

.2
91

R
an

ge
3.

70
0

2.
58

4
3.

70
0

28
.8

26
8.

92
9

0.
13

7
2.

71
1

2.
34

7
1.

29
0

0.
94

1
0.

56
0

M
in

im
um

-3
.0

54
-1

.9
55

-3
.0

53
-2

8.
77

7
-8

.8
54

-0
.0

62
-2

.1
70

-1
.8

14
-0

.8
60

-0
.5

86
-0

.3
49

M
ax

im
um

0.
64

7
0.

62
9

0.
64

7
0.

04
9

0.
07

5
0.

07
5

0.
54

1
0.

53
3

0.
43

0
0.

35
5

0.
21

0

Ta
bl

e
2.

4:
D

es
cr

ip
tiv

e
S

ta
tis

tic
s

of
R

2
fo

r
E

ac
h

M
o

de
l.

T
he

up
p

er
pa

ne
ls

ho
w

s
th

e
va

lu
es

of
th

e
P

re
-C

O
V

ID
-1

9
(1

91
1)

te
st

in
g

p
er

io
d,

an
d

th
e

lo
w

er
pa

ne
ls

ho
w

s
th

e
va

lu
es

of
th

e
C

O
V

ID
-1

9-
In

cl
us

iv
e

(2
11

2)
te

st
in

g
p

er
io

d.



2.5 Empirical application and results 50

(a) fw1(1911) (b) fw1(2112)

(c) fw2(1911) (d) fw2(2112)

(e) fw3(1911) (f) fw3(2112)

Figure 2.4: OOS R2 distribution comparison for fw1, fw2 and fw3.The X-axis exhibits the OOS R 2 values,
and the Y-axis exhibits the number of stocks. The `fw(i)(2112), i = 1; 2; : : : ; 5' means the proposed MLP
models with the COVID-19 e�ect, and the 'fw(i)(1911)', i = 1; 2; : : : ; 5 means the proposed MLP models
without the COVID-19 e�ect.



2.5 Empirical application and results 51

(a) fw4(1911) (b) fw4(2112)

(c) fw5(1911) (d) fw5(2112)

(e) PCR(1911) (f) PCR(2112)

Figure 2.5: OOS R2 distribution comparison for fw4, fw5 and PCR.The X-axis exhibits the OOS R 2 values,
and the Y-axis exhibits the number of stocks. The `fw(i)(2112) and PCR(2112), i = 1; 2; : : : ; 5' means the
proposed MLP models with the COVID-19 e�ect, and the 'fw(i)(1911)' and PCR(1911), i = 1; 2; : : : ; 5 means
the proposed MLP models without the COVID-19 e�ect.
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(a) fw1(1911) (b) fw1(2112)

(c) fw2(1911) (d) fw2(2112)

(e) fw3(1911) (f) fw3(2112)

Figure 2.6: OOS MSE distribution comparison for fw1, fw2 and fw3.The X-axis exhibits the OOS MSE
values, and the Y-axis exhibits the number of stocks. The `fw(i)(2112), i = 1; 2; : : : ; 5' means the proposed
MLP models with the COVID-19 e�ect, and the 'fw(i)(1911)', i = 1; 2; : : : ; 5 means the proposed MLP
models without the COVID-19 e�ect.
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(a) fw4(1911) (b) fw4(2112)

(c) fw5(1911) (d) fw5(2112)

(e) PCR(1911) (f) PCR(2112)

Figure 2.7: OOS MSE distribution comparison for fw4, fw5 and PCR.The X-axis exhibits the OOS MSE
values, and the Y-axis exhibits the number of stocks. The `fw(i)(2112) and PCR(2112), i = 1; 2; : : : ; 5' means
the proposed MLP models with the COVID-19 e�ect, and the 'fw(i)(1911)' and PCR(1911), i = 1; 2; : : : ; 5
means the proposed MLP models without the COVID-19 e�ect.
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For understanding which features or factors are most important for the proposed models, vari-

able (factor) importance examination is typically employed. As presented in Section 2.4.6,

the permutation-based variable importance test is applied to the proposed MLP models for

measuring the importance of the input factors. It shows that factors have strong time-

varying patterns. In the pre-COVID-19 period, the importance patterns re
ect relatively

normal market conditions with a smooth uptrend. For Model fw2, Announcement Return

(AnnouncementReturn) shows as the overwhelmingly dominant predictor, followed by short-

term reversal (REV6), Accruals, and Earnings Forecast Disparity. This indicates the central

role of information shocks and short-term reversal e�ects, with earnings quality signals, dur-

ing Pre-COVID periods. In contrast, Model fw3 assigns the highest importance to Accruals.

And factors of real estate (realestate), Number of Earn Increase (NumEarnIncrease), short-

term reversal (REV6), and Earnings Forecast Disparity (EarningsForecastDisparity) also

rank prominently. The deeper architecture thus places heavier weight on accounting-based

signals and fundamental quality metrics, suggesting that additional hidden layers enable the

model to capture more complex interactions among earnings management and related char-

acteristics.

For COVID-19{Inclusive Period (2112), the factor importance shifts signi�cantly, aligning

with increased uncertainty and risk premia during the pandemic. In Model fw2, Earnings

Forecast Disparity (EarningsForecastDisparity) rises to the top position, with Announce-

ment Return (AnnouncementReturn), Leverage (BookLeverage), and Size following closely.

This indicates that leverage-related risk exposures acquire substantial pricing relevance in

response to the shock. For Model fw3, idiosyncratic volatility (IdioVol3F) and Size jointly

dominate, accompanied by Announcement Return (AnnouncementReturn) and momentum-

o�-season e�ects. These changes highlight how crisis periods amplify the importance of

volatility, size, and leverage factors, while information-related variables such as Announce-

ment Return (AnnouncementReturn) remain robust across both architectures. This all aligns

with the �ndings in the work of Andrew Y.; Zimmermann (2020).
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This study also examined the factor importance of Period Including COVID-19 and One-

Year After (2212), which includes the period of one year post-pandemic (from January 2022

to December 2022), with a regime recovery pattern shown in Figure 3.7. Size surpasses all

other factors by a wide margin in both fw2 and fw3. This suggests a strong resurgence

of the size premium in the recovery phase, potentially re
ecting market re-pricing of scale

as a bu�er against residual uncertainty or favoring smaller �rms during rebound dynamics.

Announcement Return (AnnouncementReturn) and Earnings Forecast Disparity (Earnings-

ForecastDisparity) continue to rank highly in both models, con�rming their status as the

most persistent and regime-robust predictors throughout the entire sample. Additionally,

payout-related variables (such as Payout Yield (PayoutYield) and Net Payout Yield (NetPay-

outYield)) have notable prominence in the post-COVID period, especially in fw3, indicating

that investor attention shifted toward shareholder-friendly cash distribution policies during

economic normalization. Short-term reversal (REV6) also regains strength in fw2, consistent

with mean-reversion e�ects reasserting in a recovering market.

The variable (factor) importance results illustrate some crucial insights. Firstly, cross-

sectional factor premia are highly time-varying and regime-dependent, with pronounced ro-

tations around the extreme market turbulence, such as the COVID-19 pandemic. Secondly,

information-based characteristics, particularly Announcement Return (AnnouncementRe-

turn) and Earnings Forecast Disparity (EarningsForecastDisparity), exhibit remarkable sta-

bility across all three periods and both model depths, reinforcing their role as core elements

of the stock pricing. Eventually, modest yet systematic di�erences between fw2 and fw3 (e.g.,

fw3's stronger pre-crisis emphasis on accounting signals and post-crisis focus on payout pol-

icy) demonstrate that one-layer deeper network depth enables the capture of higher-order

nonlinear interactions among �rm-characteristics-sorted portfolio factors. In addition, high

impact factors are quite consistent in alternative proposed MLP models, and they are fading

in fw5, which shows in the factor importance plots in the appendix of Chapter 2.

To summarize, the proposed MLP models with 2 hidden layers outperform all alternative

models with the highest OOS R2 value in both periods, which is followed by the one with
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Figure 2.9: Market-cap-weighted (MC) Price Index.

3 hidden layers. All proposed MLP models' performance is signi�cantly improved when the

COVID-19 period data is counted in the testing period, but the benchmark models show

less sensitivity to the pandemic e�ect. Additionally, individual stock performance may have

a signi�cant impact on overall portfolio performance. Size, as one of the most important

factors, has the most crucial impact on the best proposed models when the market was re-

covering from extreme 
uctuations, as well as momentum factors and the factor of `earnings

surprise of big �rms (EarnSupBig)'. The general fading variable importance in fw4 to fw5,

together with results from OOS R2, challenges the legend `deep, better' of MLP models. It

agrees with the suggestion of Coqueret and Guida (2020) that data size should be beyond

parameter size to a certain level.

2.5.3 Evaluation of Back Testing Performance

The portfolio performance is commonly evaluated via indicators such as annualized returns

(annual return), Sharpe Ratio (SR), Sortino ratio (SO), maximum drawdown (MDD) and

�. Table 2.6 shows the equal-weighted portfolios' performance of the selected 420 stocks

with and without the pandemic period in the static transaction cost (50bps) scenario. In

equal-weighted portfolios, the overall average annual return is clearly higher when the pan-
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demic period is included, and the annual returns for individual models show the same trend.

Although the overall standard deviation (Std) is higher for the COVID-19{Inclusive Period

(2112), it does not a�ect the annual return much. For both periods tested, the lowest annual

returns are from the models of `fw1', `OLS','PLS' and `PCR', and the rest of the MLP-based

models show a trend of `deeper, better', but interestingly, none of them achieves higher excess

returns compared with the `buy-and-hold' strategy. Also, for the proposed models, a deeper

structure comes with the higher Std, but the highest Std is shown by the `buy-and-hold'

strategy. The 'buy-and-hold' strategy, as a well-applied benchmark in backtesting of trading

strategy constructions, is a passive strategy that opens a position from the �rst trading day,

and holds the position until the �nal trading day. It does not need any market timing or

signal generation techniques. Sharpe ratios re
ect the capital gain under a certain level of

risk which is measured by the standard deviation of excess returns. Period 2112's perfor-

mance on SR is better than Period 1911. All models in the Period 2112 have higher Sharpe

ratios than or very close to the benchmark strategy of `buy-and-hold'. However, during the

pre-COVID period (1911), all models were lower than or extremely close to `buy-and-hold'.

In terms of downside risk performance, an analogous phenomenon appears on Sortino ra-

tios as well, which scales the gain from downside risks (e.g. the standard deviation from

the negative excess returns). MDD, which measures the largest downfall from peak to the

bottom of portfolio excess returns, shows the opposite trends to SR and SO, all are lower

than `buy-and-hold' in the full period but higher in the pre-pandemic period (1911). During

the full testing period, our best-performing model, MLP with 2 hidden layers, showed a no-

ticeable advantage which achieving the SR of 0.2651, Sortino Ratio of 0.4154 and the lowest

MDD of 39.03% followed by MLP with 3 hidden layers. This model beat the traditional

statistical models and the shallower MLP structure model as well. From the factor investing

angle, alpha measures the extra gains from factors; all models have positive alphas, which are

signi�cant from zero for both periods. The proposed deep MLP models have higher alphas

in the full testing period (2112), but no higher than GKX2020's MLP models. From the

empirical asset pricing perspective, the insigni�cant � indicates a better interpretability of

these factors. The positive residual OOS � of the best proposed MLP models with patterns

(lower in Period 1911, a mild uptrend, and higher in Period 2112, a sharp uptrend) implies
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the existence of 'omitted factors' or the arbitrage opportunities of the market. From a factor

investing perspective, practitioners prefer a higher positive �, which implies their trading

strategy derives higher abnormal returns beyond factors. Noticeably, the performance of

GKX2020 models on the proposed dataset exhibits the similarity and approach to the `buy-

and-hold' strategy, which is detected as the trading signal capture failing.

As shown in the pre-COVID testing period (1911), the results have a mild upward trend.

The overall annualized return is around 2% lower than the full testing period. The Std

is around 0.01 lower as well. Shape Ratio and Sortino Ratio present that the proposed

MLP models have a `deep, better' trend, better than the `OLS', `PLS' and `PCR' models,

but the di�erence between SR and SO is less signi�cant than the ones in the full testing

period. It implies that models su�ered higher downside risks in the pre-COVID period than

in the pandemic period. The lowest MDD shows in the MLP with 3 hidden layers, but the

best SR and SO appear in the MLP with 5 hidden layers, which also has the lowest alpha

value. However, the `fw5' and GKX2020 models' performance approaches the `buy-and-hold'

benchmark, which implies the failure to detect sign-based trading signals. The `OLS', `PLS'

and `PCR' models achieve similar but better �s in the pre-COVID period, which implies that

practitioners have extra gain from the factor investing. Their alphas are even higher than

the best alpha in the full testing period, which implies that, without high market 
uctuation,

the simplest models may lead to a greater gain from factors. But anyway, by comparing the

full testing period and pre-COVID testing period results, it shows that the best proposed

MLP models have higher pro�tability with relatively low risks. Figure 2.10 illustrates the

cumulative excess returns of all models for the full testing period. It clearly shows the best

proposed MLP model well manages the downside risks and achieves a relatively high excess

return in the equal-weighted portfolio, no matter the testing period includes or excludes the

pandemic period although the absolute returns are less than those in the simplest `buy-and-

hold' strategy.

For investigating how the turnover rates a�ect the pro�tability of the models, the turnover

rate-based dynamic transaction cost is applied for a robust examination. Table 2.7 shows the
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robust backtesting results for equal-weighted portfolios, and Figure 2.11 shows the robust

cumulative return of the equal-weighted portfolios. The dynamic transaction cost robust

examination in equal-weighted portfolios reveals a di�erent picture from that in static trans-

action cost. The annualized returns generally improved in the dynamic transaction cost

framework. This indicates that static transaction cost with an average rate may cause the

over-penalization for the models' pro�tability in the highly variable turnover rate scene.

Conretely, in the Pre-COVID-19 Period (1911), all models' annualized returns do not ex-

ceed the buy-and-hold benchmark (12.52%), and traditional statistical models (OLS, PCR,

PLS) are signi�cantly lower than the MLP models. GKX2020 MLP models slightly outper-

form the proposed deep MLP models (fw4 to fw5), but they signi�cantly outperform the

proposed shallow MLP models. However, when introducing the volatility as an indicator

for risks (Sharpe ratio and Sortino ratio), Model fw5 and GKX2020 MLP models perform

insigni�cantly better than the buy-and-hold benchmark. And the proposed MLP models

show a tendency of `deeper, better'. The maximum dwarndown (MDD) between models

is insigni�cant (approximately -14.8%). The turnover rates are negatively correlated with

the annualized returns, where the traditional statistical models show the highest turnover

rates. In the COVID-19-Inclusive Period (2112), deep MLP models slightly outperform the

buy-and-hold benchmark in annualized return, and MLP models show superiority to the

traditional statistical models. The proposed MLP models show a `deeper, better' pattern as

well. This is aligned with the Sharpe Ratio. Nonetheless, Sortino ratios present a di�erent

picture. Di�erent from the Sharpe Ratio, which considers the entire volatility as risk, the

Sortino ratios only introduce the downside risk. The Sotinuo ratios of traditional statistical

models surprisingly outperform the MLP models and the buy-and-hold benchmark with the

highest turnover rates. The proposed MLP models exhibit superiority over the GKX2020

models, except Model fw3, in the Sortino ratio. This provides evidence that high turnover

rates are not the primary reason for the deterioration of pro�tability in speci�c conditions.

In addition, the OOS � for all models in both periods is positive at a 1% signi�cance level.

The traditional statistical models outperform MLP models in the Pre-COVID-19 Period,

but lag behind during the COVID-19-Inclusive Period. The OOS � of the proposed models

exhibits the 'deep, better' pattern, but none of them exceeds the GKX2020 models during
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the COVID-19-Inclusive Period. The cumulative return plot Figure 2.11 also supports these

�ndings.

Apart from the equal-weighted portfolios, the value-weighted method is widely used as the

asset allocation strategy. As early as Fama and French (1993) to later GKX2020 (Gu et al.,

2020), all factor models have employed the value-weighted method. Speci�cally, value weights

are generated from the ratio of an individual stock's market capitalization to the total mar-

ket capitalization of all selected stocks. The portfolio returns are generated by the weighted

average of the individual stocks' returns. Table 2.8 is the back-testing results of the value-

weighted portfolios of the selected stocks. Compared with the equal-weighted method, the

value-weighted method distributes more weight on larger-cap stocks, which increases the im-

pact of the larger-cap stocks and decreases the impact of smaller-cap stocks. By comparing

the performance of the equal-weighted portfolios and the value-weighted portfolios, we can

evaluate the sensitivity of the models to the stock's market capitalization or namely, the

volatility of the stock returns. With the full testing period, the conclusions drawn from the

equal-weighted portfolio still hold for the value-weighted portfolio. From the table, the an-

nualized returns of all models are quite similar to the equal-weighted portfolio's annualized

returns, but standard deviations are lower than the equal-weighted portfolio's. The Sharpe

Ratios are relatively higher, but the Sortino Ratios vary among models. The di�erences

in Sortino Ratio between individual models are less pronounced when compared with the

equal-weighted portfolio's Sortino Ratios. The overall maximum drawdowns are dropped

considerably, and the highest Sortino Ratio value shows up on the proposed MLP model

with 3 hidden layers, which comes with the second lowest MDD (33.04%). Compared to the

lowest MDD in the equal-weighted portfolio with the full testing period, it dropped 15.37%.

This implies that the value-weighted portfolio moderates the downside risks with a reason-

able gain in the full testing period. Figure 2.12 also shows how the value-weighted portfolio

moderates the downside risks. Figure 2.12 presents the full testing period cumulative returns

of all models. It exhibits clearly that MLP with 3 hidden layers (green line) well reduced

the downside 
uctuation with a decent gain. Signal-detecting failure still exists in the deep

MLP model and GKX2020 models.
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