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Abstract: Financial portfolio optimization is the process of selecting the optimal combination
of assets to generate returns within a specified risk threshold. Investors and financial
institutions put a lot of time into this process, trying to find the optimal weights. This study
selects eight top performers from different industry sectors. The study first uses the Fama-
French model to process the first 83.33% of data and make predictions for the remaining
16.67% directly at once. Next, the LightGBM model is applied to forecast returns. This
approach enables researchers to identify the maximum return model and the minimum risk
model on the efficient frontier using the mean variance model and Monte Carlo simulations.
By comparing the performance of the models with the benchmark S&P 500 over the same
period, the study concludes that all models in the study delivered superior results. This
research highlights a novel portfolio method that applies the Fama-French model or
LightGBM model for prediction. The results underscore the strength of integrating these two
models in portfolio optimization and showcase the useful applications of CPAM and machine
learning in the financial field.

Keywords: Portfolio Optimization, Mean-Variance Model, Mento Carlo Simulation, Fama-
French Model, LightGBM Model.

1. Introduction

An investment portfolio is a specific allocation of financial assets designed to stabilize the risk of
underperformance across different investment pools [1]. Selecting assets for the portfolio is crucial
for investors and financial institutions. It is also difficult because it involves making decisions under
conditions of uncertainty [2]. The varying levels of expected risk associated with different securities
prompt most investors to consider holding a diverse portfolio. This strategy aims to mitigate risk by
avoiding the concentration of investments in a single security, effectively spreading the risk across
multiple assets [1]. As a result, what investors and firms care most about is making their combination
of assets generate higher returns with lower risk.

In 1952, Markowitz introduced Modern Portfolio Theory and popularized efficient portfolio
selection methods [3]. The theory revolutionized finance by introducing a quantitative framework for
maximizing returns while minimizing risk through diversification. Markowitz's portfolio theory was
the foundation for the development of the Capital Asset Pricing Model (CAPM) a decade later. It was
a significant innovation in finance and business at a time when the theoretical frameworks for choice-
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making under uncertainty had already been developed and widely embraced, as it incorporated risk
and return in a linear relationship [4]. The predictive potential of the Fama-French Factor Model is
enhanced by the inclusion of additional factors, which is an extension of the Capital Asset Pricing
Model (CAPM). Karp and Vuuren examined the validity and effectiveness of CAPM and the Fama
French Three-Factor Model in predicting returns and variations [5]. More recently, Chen, Pelger, and
Zhu studied the application of deep learning in asset pricing and proposed a new asset pricing model,
while Heaton, Polson, and Witte discussed methods for constructing financial portfolios using deep
learning [6-7]. Rasekhschaffe and Jones explored the application of machine learning to portfolio
selection and evaluated its predictive performance [8]. LightGBM was talked about by Ke, Meng,
Finley, Wang, Chen, Ma, Ye, and Liu [9]. They used it to quickly train on large datasets and showed
two new techniques that make gradient-boosting decision trees (GBDT) work better: gradient-based
one-side sampling (GOSS) and exclusive feature bundling (EFB). Over the past few years, LightGBM
has been extensively employed in various machine learning applications and multiple research fields
due to its advantages in large-scale data processing and efficient model building, such as finance,
quality inspection, crop breeding, and so on. It has become a hot research topic, although the research
introducing LightGBM into return prediction and portfolio allocation is still relatively limited.

This research aims to connect the more traditional Fama-French three-factor model and the newer
LightGBM method with return prediction and portfolio management to facilitate more effective asset
allocation strategies. To accomplish this goal, this article first selects eight top-performing assets from
different industry sectors. The adjusted closing prices are converted to daily returns. This study then
uses the previous five years of stock price data to train a Fama-French three-factor model and a
LightGBM model to directly project the next whole year’s stock returns at once. The mean-variance
model and Monte Carlo simulation are used to create an efficient frontier and obtain the maximum
Sharpe ratio allocation and minimum risk allocation. Lastly, by applying real-life data to the
generated weights, the cumulative returns of four models are calculated and compared with the
benchmark S&P 500’s cumulative returns.

The remainder of this paper is structured as follows: Section 2 shows the data utilized in this
research and explains the asset selection process, providing a descriptive overview of the chosen
stocks. Section 3 delves into the methodologies applied, including the Fama-French Factor Model,
LightGBM, Monte Carlo Simulation, and other techniques. Section 4 evaluates the effectiveness of
the proposed approach, creating efficient frontiers and generating four optimal portfolios, and
compares the results with the benchmark S&P 500. Lastly, the paper 1s concluded in Section 5, which
proposes potential areas for future research.

2. Data Source and Pre-process

Eight representative assets have been selected for the portfolio: NVDA, MSFT, NFLX, FSLR, COST,
GE, PGR, and IWM (See Table 1). These assets are chosen due to their status as top performers in
categories such as blue-chip technology stocks, high momentum stocks, non-cyclical stocks, and
small-cap stock ETFs. The portfolio, characterized by high growth potential and strong diversification,
aims to exceed the cumulative return of the S&P 500 index.
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Table 1: Selected assets

Asset Symbol Company

NVDA NVIDIA Corporation
MSFT Microsoft Corporation
NFLX Netflix, Inc.

FSLR First Solar, Inc.

COST Costco Wholesale Corporation

GE General Electric Company

PGR The Progressive Corporation
IWM The iShares Russell 2000 ETF

The asset data utilized in this analysis is sourced from Yahoo Finance (https://finance.yahoo.com/).
Adjusted close price data collected from April 30, 2018, to April 30, 2023, serves as the training set,
while adjusted close price data from May 1, 2023, to May 1, 2024, constitutes the test set. In total,
1259 rows of data are collected, and 252 market days are examined. Adjusted close prices are
transferred into daily returns based on formula (1), and basic information is shown in Table 2.

Pr— P4 (1)

Table 2: Descriptive statistics of five stocks

index mean std skew kurtosis
COST 0.00092 0.01533 -0.18601 8.76923
FSLR 0.00121 0.03035 0.16206 2.99979

GE 0.00053 0.02727 0.11421 4.07668
IWM 0.00030 0.01672 -0.68839 7.47580
MSFT 0.00118 0.01957 0.00802 6.66944
NFLX 0.00050 0.02972 -1.31042 19.29019
NVDA 0.00182 0.03292 -0.16057 3.18489
PGR 0.00091 0.01684 0.02942 5.84100

3. Method

Four main steps are performed, as shown in Figure 1. Firstly, this study selects eight top performers
from different sectors. Secondly, the study trains a Fama French Three Factor model and a LightGBM
model using data from April 30, 2018, to April 30, 2023, to predict stock returns from May 1, 2023,
to May 1, 2024, at once. Thirdly, mean-variance analysis and the Mento Carlo model are applied to
create efficient frontiers and calculate optimal portfolio weights. Totally, four options are presented.
Lastly, the study evaluates based on real data and compares the performance of four portfolios and
the benchmark S&P 500 index.
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Figure 1: Basic Steps of the Study
3.1. Mean Variance Model

The mean variance model is a modern portfolio theory framework developed by Harry Markowitz in
1952. It is a crucial and fundamental model because it helps optimize portfolios by maximizing
returns for a given level of risk, effectively balancing the tradeoff between risk and return, and
explaining the benefits of diversification. The weighted mean of the projected returns of all the assets
in a portfolio is the portfolio's expected return.

N
E(r,) = zWi *
i=1

u; denotes as expected return of each asset which are already defined in data section above.
w; denotes as weight for the i-th asset. Variance measures the risk of a portfolio. It shows the
dispersion of returns compared to expected returns.

)

N

Al 3)
op = ZWi*wi*aij
1j=1
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05 and o, represents the variance and risk of a portfolio, and o;; represents the covariance
between two asset returns and how two returns move together.

Sharpe ratio is one of the best measures of risk-adjusted return and helps investors understand the
portfolio’s return in relation to its risk. It is a key metric for measuring the performance of different
portfolios and constructing optimal portfolios, even when the risks are different.

T (5)
Op

Sharpe Ratio =

77 is the market risk-free rate. This study compares performance of maximum Sharpe ratio
portfolio with minimum volatility portfolio and benchmark S&P500.
3.2. Mento Carto Simulation

The capacity of Mento Carlo Simulation to handle uncertainty, allow incorporation of complex model,
and facilitate scenario analysis led to its widespread use in finding the efficient frontier and portfolio
optimization [10] (See Figure 2).
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Figure 2: Mento Carlo Algorithm

Random weights (w;) are generated and assigned for each asset to create random portfolios with
sum of weights equals to one.
N (6)
Z w; = 1

i=1
By generating a large quantity of random portfolios and plotting random portfolios on a risk return
graph, efficient frontier can be generated and two optimal portfolios (the minimum volatility portfolio
and the maximum Shape ratio portfolio) can be identified. Then, the expected return, volatility, and
Sharpe Ratio are calculated as described in Mean-Variance Model.

3.3. Fama-French Three Factor Model

Ken French and Eugene Fama, two renowned researchers who conducted significant work in the field
of factor modeling, identified "value" and "size" as two crucial factors in explaining asset returns, in
addition to market risk (MKT) [11]. They specifically introduced the SMB (Small Minus Big) factor
to account for size risk and the HML (High Minus Low) factor to address value risk [11]. The Fama-
French three-factor model is expressed as:

TA :rf‘l‘ﬁAMKT'i‘SASMB'i‘hAHML (7)

The MKT factor represents the additional returns expected from investing in a risky market
portfolio compared to risk-free assets.

SMB measures the difference (typically positive) in returns between stocks with a modest market
capitalization and those with a large market capitalization. Typically, small-cap stocks are considered
to be riskier with higher growth potential. SMB captures the expected premium for the additional risk
investors take with small companies.
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HML indicates the difference in returns between stocks of companies with a high book-to-market
ratio (value stocks) and those with a low book-to-market ratio (growth stocks).

In this formula (7), B4, S4, and Ay are the coefficients for the three factors, reflecting the asset's
sensitivity to each factor.

Fama-French is one of the most commonly used models because of its ability to predict asset
returns more accurately than traditional CAPM. It’s three factors consistently demonstrated the
highest predictive power (often resulting in an R-square value around 95%) among any other factors
tested by researchers [11].

3.4. LightGBM (Light Gradient Boosting Machine)

LightGBM is an efficient and accurate machine learning algorithm developed by Microsoft. It is
mainly based on gradient boosting framework and uses a histogram-based algorithm, efficiently
handling large quantities of data and reducing complexity.

Initialization: Start with initial prediction 571(0) which is the mean of returns across all training
samples

Gradient calculation: Compute negative residuals for current predictions:

~(t-1)
.(t) — _ aL(yi,yl ) (8)
i 09, D

L is the loss function, y; is the actual return for i-th sample, and 3’/}“_1) is the predicted returns
from previous iteration (t-1).

Histogram-based decision tree learning: Convert continuous features into discrete bins, and for
each feature value, calculate hessian and gradient statistics and create histograms.

Find the Best Splits: Calculate information gain for each possible split:

Information Gain = Gainges; + Gaing;gp; — Gainggren; 9)

Choosing the maximized information gain split refers as Leaf-wise Growth, providing more
efficiency and accuracy than traditional level-wise growth.

Update the model: Current prediction is updated by adding a new tree’s prediction scaled by a
learning rate:

70 =5 40 fix) (10)

5/}&) is updated prediction for i-th sample, 1 is the learning rate, and f;(x;) is newly added tree

prediction.
This study contains 1005 data points in the training dataset and 8 features. The total number of
bins used for splitting features is 2040. Eight iterations have been successfully completed.

4. Results

Firstly, from the training set (April 30th, 2018, to April 30th, 2023), this study directly projects the
next whole year’s (from May Ist, 2023, to May Ist, 2024) stock daily returns at once using Fama-
French Three Factor Model and Machine Learning LightGBM, as show in Figures 3 and 4:

174



Proceedings of the 3rd International Conference on Financial Technology and Business Analysis
DOLI: 10.54254/2754-1169/90/20242007

Predicted Returns for All Assets Based On Fama French Model

—— COST Predicted Returns
—— F5LR Predicted Retumns
—— GE Predicted Returns
—— IWM Predicted Retums
0.04 —— MSFT Predicted Retumns
—— NFLX Predicted Returns
~—— NVDA Predicted Returns
—— PGR Predicted Retuns

"
—
e
e —
—_—
—

Returns.
o
Y
8
_—
——
—
=_—
e
B

—0.04 4

2023-05 2023-07 2023-09 202311 2024-01 2024-03 2024-05
Date

Figure 3: Predicted Returns Based on Fama-French Model
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Figure 4: Predicted Returns Based on LightGBM
Based on predicted returns in step one, the Monte Carlo model has been applied to generate 10,000

random portfolios, each with unique weights for both Fama-French and LightGBM predicted returns.
Figures 5 and 6 show the expected returns and expected volatility for these portfolios:
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Figure 5: Fama French model-efficient frontier
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Figure 6: LightGBM-Efficient Frontier

Each circle represents the one random weighted portfolio generated by the Monte Carlo model.
Starting from the plus mark, the blue dot line above marks the efficient frontier, the black star mark
represents the maximum Sharpe Ratio portfolio combination, and the black plus mark represents the
minimum volatility portfolio combination. Four asset allocation options are provided by Mento Carlo
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Simulation, and specific portfolio weights for each asset are shown in Table 3. The LightGBM-Max
Sharpe Ratio portfolio heavily favors Costco (44.28%) and General Electric (25.38%), while the
LightGBM-Min Volatility strategy distributes weights more evenly, with significant allocations to
Costco (26.76%), Microsoft (21.14%), IWM (18.39%), and Progressive (17.81%). The Fama French-
Max Sharpe Ratio portfolio puts heavy weights on NVIDIA (36.59%) and IWM (38.43%), and the
Fama French-Min Volatility portfolio also favors NVIDIA (33.25%) and IWM (33.03%) but also
includes notable weights for Netflix (16.6%) and General Electric (8.47%).

Table 3: Allocation weights of four portfolios

Weights for each asset
NVD | MSF | NFL COS

Allocation options A T X | FSLR T GE | PGR | IWM
0.054 | 0.041 | 0.007 | 0.004 | 0.442 | 0.253 | 0.010 | 0.184

LightGBM-Max Shape Ratio 8 2 5 5 8 8 8 7
0.004 | 0.211 | 0.039 | 0.010 | 0.267 | 0.103 | 0.178 | 0.183

LightGBM-Min Volatility 5 4 3 8 6 8 1 9
Fama French-Max Sharpe | 0.365 | 0.028 | 0.105 | 0.009 0.014 0.384

Ratio 9 8 4 2 0.028 2 0.064 3
0.332 | 0.038 0.043 | 0.003 | 0.084 | 0.001 | 0.330

Fama French-Min Volatility 5 3 0.166 4 1 7 7 3

Based on the asset weights, this study evaluates the performance of each portfolio using real-life
data from May 1st, 2023, to May 1st, 2024. The results are shown in the following Figure 7 and Table
4:

Cumulative Returns from 5/1/2023 to 5/1/2024
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Figure 7: Cumulative Returns of Four Portfolios and S&P 500 Index
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Table 4: Statistics of Four Portfolios

Allocation options Cumulative Returns (%) | Risk (%) Sharpe Ratio
LightGBM-Max Shape Ratio 47.7543 17.26 2.35
LightGBM-Min Volatility 59.8709 19.67 2.4852
Fama French-Max Sharpe Ratio 65.1118 14.96 3.4308
Fama French-Min Volatility 60.4078 14.26 3.3876
S&P 500 20.8216 11.69 1.6832

The purple line shows the cumulative returns of the S&P 500; the remaining lines in other colors
show the cumulative returns of four portfolio options. All four portfolios clearly and significantly
perform better than the benchmark S&P 500.

Based on Table 4, the following traits can be observed:

Although S&P 500 has the lowest volatility (11.69%), its return (20.82%) is significantly lower
than other portfolios, causing its Sharpe Ratio (1.68) to also be lower than other options; The
LightGBM-Max Sharpe Ratio portfolio is not the optimal option because it has the lowest returns
(47.75%) among the four allocation options. It also did poorly on mitigating the volatility (17.26%);
LightGBM-Min Volatility Portfolio and Fama French-Min Volatility Portfolio both have returns
around 60%, but Fama French-Min Volatility Portfolio (14.26%) mitigates volatility much better than
LightGBM-Min Volatility Portfolio (19.67%); The Fama French-Max Sharpe Ratio portfolio has a
final overall cumulative return of 65.12% (over 3 times over the S&P 500 index) and a Sharpe Ratio
of 3.43 (over 2 times over the S&P 500 index), which are the best among all other portfolios and
benchmarks in this study. In Figure 7, the Fama French-Max Sharpe Ratio portfolio also demonstrates
the most steady and gradual increase in cumulative returns, whereas other options show more and
deeper fluctuation.

5. Conclusion

This research paper presents a novel approach to financial portfolio optimization by integrating the
Fama-French model or the LightGBM model. The study uses these models to forecast future stock
returns and identify optimal asset allocations that balance maximizing returns with minimizing risks.

Eight high-performing assets are first selected from diverse industry sectors. The Fama-French
model and LightGBM model are applied to process and analyze the first 83.33% of the data, followed
by making predictions for the subsequent 16.67% in one go. This study then employes mean variance
analysis and Monte Carlo simulation to generate the efficient frontier, identifying the maximum
Sharpe ratio portfolio and the minimum risk portfolio. The cumulative return sheet clearly
demonstrates that the developed portfolios consistently outperform the S&P 500 benchmark. This
outcome highlights the effectiveness of combining traditional financial models with advanced
machine learning techniques to enhance investment strategies.

In conclusion, the research underscores the practical applications of CPAM and machine learning
in financial portfolio management. It affirms the value of this innovative approach for investors and
financial institutions seeking to improve their asset allocation processes. However, limitations are
presented. Eight assets are chosen, which may not represent the entire market. Other risk factors not
considered in the Fama-French model might influence portfolio performance. As the time horizon
becomes wider and trading becomes increasingly complex, interpretability and validity can become
challenging. In this context, the models utilized in this study hold potential for further refinement and
expansion in future research to yield even superior outcomes.
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