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In the decision-making process of financial markets, machine learning techniques, especially support vector machines, have shown their potential
to improve the efficiency and accuracy of investment strategies. This study explores the application of machine learning for the optimization of
quantitative investment strategies and asset allocation by constructing and optimizing an SVM-based multi-factor stock selection model and asset
allocation system. This study verifies the actual performance of the proposed SVM model in the financial market and its ability in terms of risk
control and maximization of returns. The results show that SVM provides a higher rate of return and lower risk than traditional investment methods,
which confirms its application value in modern financial strategies. This study provides a new perspective on, and technical support for, the field of
quantitative investment and presents theoretical support for the further development and application of machine learning technology in the financial

market.
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1. INTRODUCTION

Over the past few decades, the complexity and volume
of data in financial markets have continued to increase,
and traditional investment strategies and asset management
approaches have faced increasing challenges. To adapt to
this change, quantitative investment strategies have emerged,
using mathematical models and big data technology to make
investment decisions, aiming to improve investment efficiency
and returns on investment (ROI). With the development
of artificial intelligence and machine learning technologies,
the application of these methods in the financial field is
also increasing, particularly for the analysis of the stock
market, asset allocation, and risk management. Machine
learning is able to handle complex large-scale data, and to
discover nonlinear relationships between data by learning
historical data, which is particularly important for market
effects that are difficult to capture with traditional statistical
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methods. This paper explores the application effect and
potential of machine learning technology and support vector
machine algorithm in quantitative investment strategy and
asset allocation. By constructing an SVM-based multi-
factor stock selection model and asset allocation strategy, and
analyzing their performance in the actual financial market, the
effectiveness of machine learning in improving the quality
of investment decisions, optimizing the efficiency of asset
allocation and enhancing the ability of risk management is
verified. The study also evaluates the stability and adaptability
of the strategy in different market environments through
systematic model back testing, in order to provide scientific
decision-making tools for financial institutions and individual
investors.

In China and abroad, the application of machine learning,
especially support vector machines (SVMs) in quantitative
investment and asset allocation has become a research
hotspot. Zhang et al. (2020) explained policy-based asset
allocation facilitated by machine learning and emphasized
the importance of interpretative machine learning in financial
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decision-making [1]. Sahu and Kumar (2024) developed a
portfolio rebalancing model using support vector machines
to optimize asset allocation and proved the effectiveness of
SVM in processing large-scale financial data [2]. Lee et al.
(2019) explored global stock market investment strategies by
using machine learning technology through financial network
indicators, showing the application potential of advanced
machine learning technology in the global capital market [3].
Bradrania and Neghab (2022) discussed the use of neural
networks for state-dependent asset allocation, providing a new
dynamic asset allocation method for financial markets [4].

Kaczmarek et al. (2022) studied the target volatility
strategy based on recurrent neural networks and proposed
the concept of "fake safe assets”, which is crucial for
understanding the performance of complex financial products
under different market conditions [5]. Siade etal. (2020) used
a Gaussian process machine learning model combined with
group theory to plan groundwater distribution. Although this
is in a non-financial field, its methodology provides a potential
interdisciplinary application perspective for financial models
[6]. Arpacietal. (2024) developed and verified the Investment
Strategy Scale (ISS), which is used to evaluate short-
term and long-term investment strategies, and demonstrated
the practical application of quantitative tools in investment
decision-making [7]. Ryou et al. (2020) used a hidden
Markov model to create a momentum investment strategy;
their research results confirm the effectiveness of machine
learning in identifying changes in market status [8].

Liand Sun (2020) discussed the intelligent stock investment
strategy based on support vector machine parameter opti-
mization algorithm and emphasized the key role of parameter
selection in improving SVM performance [9]. Han and Yao
(2023) explored the portfolio selection and risk prediction of
financial market based on the SVM algorithm, and verified
its ability to process financial data in a complex market
environment [10]. Silva et al. (2024) used the SVM
model to pre-select stocks for portfolio optimization, and their
research further confirmed the practicability and efficiency of
SVM in screening high-performance stocks [11]. Together,
these studies demonstrate the wide application and far-
reaching impact of SVM and other machine learning tools in
modern finance, especially in regard to quantitative investment
strategies and asset allocation.

Given the constant changes in financial markets and the
rapid growth of data information, traditional investment
strategies face many challenges in terms of efficiency and
effectiveness [12]. The introduction of machine learning
provides a new perspective and method for quantitative
investment and asset allocation, especially the support vector
machine algorithm that shows unique advantages in pattern
recognition and prediction. The significance of this study
is that the application of SVM algorithm in quantitative
investment strategy can deepen the understanding of the
function of SVM algorithm in financial markets and improve
the scientific and practical aspect of strategy. The research
results can provide financial practitioners with effective
investment decision support, increase the accuracy of asset
management and risk control capability, and contribute
theoretical and practical experience to the development of the
financial technology field.
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2.  RELATED THEORIES

2.1 Quantitative Investment and Asset
Allocation

2.1.1 Introduction and Advantages of Quantitative
Investment

Quantitative investment is an investment method based on
a mathematical model, statistical analysis and computer
technology. Its core function is to identify the buying
and selling opportunities in the market by means of algo-
rithms. Compared with traditional investment methods based
on judgment and experience, quantitative investment can
provide greater efficiency and accuracy when processing
large amounts of data [13]. Quantitative investment greatly
reduces the impact of human emotions or biases on invest-
ment decisions through programmed automation, and at the
same time improves the execution speed and timeliness of
transactions.

One of the main advantages of a quantitative investment
strategy is its ability to execute complex mathematical models
to capture small movements in the market, which is nearly
impossible for traditional investors. For example, it can use
high-frequency data to develop trading algorithms that are
able to complete many transactions in a very short period,
profiting from small movements in the market [14]. Typically,
quantitative investment strategies have a high degree of
transparency because each step of the investment decision is
verifiable and based on pre-set rules.

Quantitative investing also allows investors to effectively
manage risk by diversifying their investments. Using ad-
vanced mathematical models and historical data, quantitative
strategies predict correlations and volatility between different
assets to help build an optimal portfolio. The automated nature
of a quantitative investment strategy enables it to quickly adapt
to changes in the market environment and adjust the portfolio
in time to cope with market fluctuations.

2.1.2 Asset Allocation

Asset allocation is a core part of investment management and
refers to the process of allocating investment amounts among
different types of investment assets (such as stocks, bonds,
cash, etc.). This process is based on an assessment of the
expected returns and risks of different asset classes with the
aim of optimizing the risk-return relationship of a portfolio
[15]. The theoretical basis of asset allocation is derived
mainly from modern portfolio theory, which emphasizes the
diversification of investment to reduce risks and improve the
overall efficiency of the portfolio.

In practice, asset allocation involves not only choosing
different asset classes, but also investing in assets in different
geographical regions, industries, and risk levels. The right
asset allocation can effectively diversify the risk of a particular
market or economic cycle and hedge against potential market
uncertainty and economic volatility. Based on an investor’s
risk tolerance, investment horizon, and financial goals, asset
allocation can help investors achieve their long-term financial
and investment goals.
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Figure 1 Mapping of low-dimensional to high-dimensional space.

With the development of financial markets and the prolifer-
ation of investment instruments, asset allocation strategies are
constantly evolving. The traditional static asset allocation is
more concerned with the one-time asset allocation decision,
while the dynamic asset allocation strategy adjusts the
asset allocation ratio according to the changes in market
conditions, and emphasizes adaptability and flexibility. Factor
investment has become a part of the modern asset allocation
strategy, which systematically allocates assets by identifying
basic factors that affect asset prices, such as value, scale,
momentum, etc., to obtain excess returns.

Therefore, intelligent asset allocation is the key to achiev-
ing investment objectives, controlling risks and improving
investment efficiency. Through scientific asset allocation,
the expected returns from the investment portfolio can be
effectively improved without increasing the investment risk.

2.2 Machine Learning

2.2.1  Machine Learning Concepts

Machine learning is a branch of artificial intelligence that
involves the use of algorithms and statistical models that
enable computer systems to automatically learn from data and
improve without requiring explicit programming instructions.
Through the training process, machine learning models can
recognize complex patterns and relationships to provide
predictions or decision support that are often difficult for
human analysts to understand [16]. This field uses large
amounts of data to train models so as to make accurate
predictions or decisions based on new, unseen data.

Generally, there are three types of machine learning:
supervised learning, unsupervised learning and reinforcement
learning. Supervised learning predicts outcomes by training
datasets containing known answers, while unsupervised
learning deals with unlabeled data, aiming to discover
underlying patterns in the data. Reinforcement learning trains
the model to seek the best strategy among a series of options
through a reward mechanism.

Machine learning has a unique advantage when working
with large data sets, adapting to new data and continuously
optimizing its performance over time. Therefore, machine
learning technology is widely used in many fields such
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as image recognition, natural language processing, medical
diagnosis and financial market prediction, and has become a
key driving force in the development of modern science and
technology. Through the effective use of machine learning,
the accuracy and efficiency of task processing can be greatly
improved.

2.2.2  Support Vector Machine

Machine learning is a technique that enables computer
systems to learn from experience and make predictions
and decisions about data without needing to be explicitly
programmed. At its core is the development of algorithms that
enable the system to automatically extract information and use
the data for learning. In financial quantitative analysis, bioin-
formatics, market trend prediction and other fields, machine
learning has shown outstanding application value [17].

Support vector machines are a supervised learning model
widely used in machine learning for classification and regres-
sion analysis. The goal of an SVM is to find a hyperplane
to classify different data points. In two dimensions, this
hyperplane can be a straight-line separating data points
belonging to different categories.

The strength of an SVM is its powerful kernel technique,
which allows data to be mapped from the original space into
higher-dimensional feature spaces, so that data that is linearly
indivisible in the original space can be linearly separated by
hyperplanes in the new space. This mapping is achieved by
selecting suitable kernel functions, commonly used kernel
functions include linear kernel, polynomial kernel, radial basis
function (RBF), and sigmoid kernel.

For example, consider a simple linearly indivisible case
where data points cannot be separated by a straight line in a
low-dimensional space. By applying nonlinear mapping to a
high-dimensional space, these data points can be effectively
separated by a hyperplane. Let x; and y; be the training
sample and label, y; € {1, —1}. The goal of SVM is to
find the parameters w and b that separate the hyperplane
miny, p %WTW, subject to y; (W' x; +b) > 1, Vi.

As shown in Figure 1, the figure on the left shows data
sets that cannot be effectively separated by a linear SVM
in a two-dimensional space. The figure on the right shows
the same data set after nonlinear mapping (here, radial basis
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Table 1 SVM stock selection model and asset allocation feature labels.

Category Indicator Content
Financial Ratios P/E Ratio Market value divided by net profit
P/B Ratio Market value divided by book value

Stock Price Technical Indicators

Market Sentiment Indicators
Macroeconomic Indicators

Relative Strength Index
Moving Average
Trading Volume

GDP Growth Rate

Reflects the strength of stock prices
30-day stock price move

Reflects market activity

Annual economic growth rate

function, RBF) to a higher dimensional space. In the mapped
three-dimensional space, the data points can be effectively
separated by a hyperplane (although the hyperplane is not
shown in the figure), showing that with appropriate kernel
functions, support vector machines can handle linearly
indivisible data problems in the original space. This feature
makes an SVM particularly valuable in a variety of practical
applications, especially when the feature relationships are
complex and not easy to identify intuitively.

3. USE MACHINE LEARNING SVM
ALGORITHM TO CONSTRUCT
MULTI-FACTOR QUANTITATIVE
STOCK SELECTION MODEL AND
ASSET ALLOCATION

3.1 Extraction of SVM Stock Selection Model
and Asset Allocation Feature Labels

When constructing a stock selection model and asset alloca-
tion strategy of an SVM, feature label extraction is one of
the key steps. In order to ensure that the model can perform
consistently under a variety of market conditions, the time
frame for feature extraction is usually set to the last five
years (2018-2023), covering bull, bear and market volatility
periods, as shown in Table 1.

(1) Price/Earnings ratio: The equation is market value
divided by net profit. For example, a company has a
P/E ratio of 15.67 in 2018, 14.321in 2019, 16.48 in 2020,
13.891in 2021, and 17.05 in 2022.

(2) Price-to-book ratio: The equation is market value divided
by book value. For example, the price-to-book ratio of
a company over the years is 1.23, 1.35, 1.28, 1.22, 1.31,
respectively.

(3) Relative Strength index: atechnical indicator that reflects
the strength of stock prices, and the equation involves the
average return and average loss ratio. For example, the
RSI of a company over the years are 37.58,45.76,42.89,
50.27, and 48.63, respectively.

(4) Moving averages: Commonly used and include 30-day
moving averages. Suppose that the 30-day moving
average of a company’s stock price is 22.56 in 2022 and
23.89 in 2023.
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(5) Trading volume: Indicators reflect market activity. For
example, a company’s average monthly trading volume
was 254 million shares in 2018, 268 million shares in
2019, 277 million shares in 2020, 260 million shares in
2021, and 282 million shares in 2022.

(6) GDP growth rate: an important macroeconomic indica-
tor that affects the overall market performance. Suppose
annual GDP growth from 2018 to 2022 is 2.98%, 3.01%,
—0.32% (recession), 2.15%, and 3.25%, respectively.

By constructing the key feature labels used in the stock
selection model of an SVM (Table 1), financial ratios, stock
price technical indicators, market sentiment indicators and
macroeconomic indicators are covered. Financial ratios
such as P/E and P/B provide insight into a company’s
financial position; stock price technical indicators, including
relative strength index and moving average, reflect the
market performance and trend of the stock; market sentiment
shows the activity of the market through trading volume;
macroeconomic indicators such as GDP growth rate reveal
the impact of the economic environment on the market.
Together, these characteristics constitute a comprehensive
data framework designed to assess the future performance of
stocks and ensure the validity and comparability of the data in
the model through standardized processing. This analytical
framework helps to assess the potential value of stocks under
different market conditions, thereby supporting investment
decisions.

3.2 Division of SVM Stock Selection
Model and Asset Allocation Training
set and Test set

When constructing a stock selection model and asset alloca-
tion strategy of an SVM, the division of the training set and
the test set is very important, because it is directly related
to the generalization ability and practical application effect
of the model. This research dataset covers comprehensive
financial market data from 2018 to 2023, with data from 2018
to the end of 2021 used as a training set and data from 2022
used as a test set. This partitioning allows the model to learn
on historical data and validate its predicted performance on
recent data.

The training set included four years of financial data, market
sentiment indicators, stock price technical indicators, and
macroeconomic data, which were carefully preprocessed and
feature-engineered to form thousands of features for training
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Training and Testing Data Split Over Time

—e— Training
—e— Testing
—e— Future

2018 2019 2020 2021 2022 2023
0 1 2 3 4 6
Figure 2 Time division of training set and test set.

Table 2 Evaluation results of different parameters.

Kernel Function C y Degree  Cross-Validation

Average Accuracy (%)

0.01 N/A N/A 82.3

Linear 0.1 N/A N/A 84.6

1 N/A N/A 85.2

10 N/A N/A 85.0

1 0.1 2 83.7

. 1 1 3 85.9

Polynomial 1 001 4 84.1

10 0.1 3 86.4

1 0.01 N/A 87.5

. . 0.1 N/A 88.3

Radial Basis 1 N/A 86.7

10 0.1 N/A 89.1

SVM models. The test set includes a year’s worth of similar
data to assess the model’s performance and accuracy in
practice.

To ensure the representativeness and independence of the
training and testing data, the time series method is used to
divide the data to prevent data leakage. This means that all
data points in the training set precede any data points in the test
set, ensuring fair and valid model evaluation. The ability of
the model to adapt to new data can be tested, while overfitting
is controlled. This segmentation strategy also simulates the
situation in the real investment environment, where investors
make investment decisions based on past data and experience
and verify the validity of these decisions in the future market
environment.

As shown in Figure 2, the training set covers data from 2018
to 2021 to build and tune the SVM model, while the 2022 data
is used as a test set to evaluate the model’s actual performance
and predictive power. The 2023 data is labeled ‘future data’,
indicating that it can be used to further validate and test the
robustness and fitness of the model in real time. This division
ensures the effectiveness of model training and testing, while
also simulating the temporal and forward-looking nature of
real-world investment decisions.

3.3 SVM Stock Selection Model and Asset

Allocation Parameter Optimization

Parameter optimization is a key step taken to improve
the performance of the SVM stock selection model and
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asset allocation strategy. The goal of optimization is
to select the right combination of parameters to achieve
the highest prediction accuracy and the best risk-adjusted
rate of return. Common SVM parameters include kernel
types, regularization parameters, kernel parameters (such
as the role of y in radial basis functions), and relaxation
variables. To systematically evaluate the effects of different
parameter configurations on model performance, an extensive
grid search and cross-validation were conducted, using the
following parameter grids:

(1) Kernel function type: linear, polynomial, radial basis
(2) C (regularization parameter): 0.01, 0.1, 1, 10

(3) y (free parameter of kernel function, used only for radial
basis and polynomial kernel): 0.01, 0.1, 1, 10

(4) Degree of polynomial kernel (valid only for polynomial
kernel): 2, 3, 4

The effect of each parameter combination is evaluated using
50-fold cross-validation, which divides the data set into five
parts and takes turns using four of them for training and
the remaining one for testing. This effectively evaluates the
model’s performance on unseen data and reduces the risk of
overfitting.

As shown in Table 2, the radial basis kernel function
performs best for a range of C and y parameters. When C
is 10 and y is 0.1, the average accuracy of cross-validation
reaches 89.1%, which shows better performance than other
parameter combinations.
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SVM Model Cross-Validation Average Accuracy by Parameter Set

RBF, C=10, y=0.1

RBF, C=1, y=0.1

RBF, C=1, y=0.01

RBF, C=1, y=1

Poly, C=10, y=0.1, deg=3
Poly, C=1, y=1, deg=3
Linear, C=1

Linear, C=10

Linear, C=0.1

Poly, C=1, y=0.01, deg=4
Poly, C=1, y=0.1, deg=2

Linear, C=0.01

80 82

84 86 88 90

Average Cross-Validation Accuracy (%)

Figure 3 Average accuracy of cross-validation of models in each phase.

As shown in Figure 3, the average accuracy of model cross-
validation in each phase varies significantly according to the
combination of parameters. The figure clearly shows the
effect of different kernel functions and parameter settings on
model performance. The radial basis kernel function achieves
the highest average accuracy of 89.1% when C is 10 and y is
0.1, indicating that this combination of parameters is the most
effective in the data set and problem setup in this study. This
visual representation helps to understand and select the model
parameter configuration that is most suitable for the practical
application, thereby optimizing the performance of the stock
selection model and asset allocation strategy.

4. BACK TEST RESULTS AND
ANALYSIS OF SVM MULTI-FACTOR
QUANTITATIVE STOCK SELECTION
MODEL AND ASSET ALLOCATION

4.1 SVM Multi-Factor Quantitative Stock
Selection Model and Asset Allocation
Stock Selection Logic

In the SVM multi-factor quantitative stock selection model
and asset allocation, a comprehensive examination of multiple
financial indicators, market data and macroeconomic factors
is adopted to carry out stock selection and asset allocation.
The model is based mainly on the algorithm framework of
an SVM and learns to identify those stocks and asset classes
that may bring excess returns through training data. The stock
selection logic is as follows.
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(1) Fundamental analysis: Use financial ratios such as
price-earnings ratio, price-to-book ratio, ROE (return on
equity), and operating income growth rate to evaluate
the value and growth potential of the company. Models
predict future performance by analyzing the relationship
between historical data and stock performance for these
indicators.

(2) Technical analysis: Use technical indicators such as
moving average, Relative Strength index (RSI), MACD,
etc., to capture market trends and reversal signals. These
technical indicators help determine the entry and exit
timing and enhance the market adaptability of the model.

(3) Market sentiment analysis: Consider indicators such as
trading volume and price volatility to assess changes in
market sentiment. Market sentiment is often a predictor
of short-term market movements and is particularly
critical for capturing investment opportunities.

(4) Macroeconomic factors: macroeconomic data such as
GDP growth rate, inflation rate and unemployment
rate are incorporated into the model to analyze the
impact of these macroeconomic indicators on the overall
performance of the market.

The asset allocation strategy is based on the above stock
selection results and the correlation between and volatility
of asset classes. The model not only selects the stocks
that are expected to perform the best, but also reduces
risk by diversifying investments, including allocation among
stocks in different industries and geographies, and dynamic
adjustment among different asset classes such as stocks,
bonds, and cash.
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4.2  Setting of SVM Multi-Factor
Quantitative Stock Selection Model
and Asset Allocation Back Test
Environment

When setting up the back test environment of the SVM
multi-factor quantitative stock selection model and asset
allocation, a set of detailed frameworks is adopted to simulate
the real investment environment to ensure the reliability
and practicality of the back test results. The back test
environment includes the extensive collection and collation
of historical data covering stock prices, trading volumes,
financial statements, macroeconomic indicators, and more,
covering a time span from 2018 to 2022.

(1) The integrity and consistency of data must be ensured
as this is essential for the accuracy of the back test. All
data is taken from reliable financial databases, including
exchange data, financial news agencies and publications
from macroeconomic statistics departments. In the data
pre-processing stage, missing value processing, outlier
detection and correction, and data standardization are
carried out to ensure that data from different sources and
formats can be uniformly processed and used for model
training and testing.

(2) To implement the back measurement method, an event-
driven back test system is adopted, which can simulate
the factors such as order execution, transaction cost,
market impact and time delay in actual trading. The back
test system is configured with various fees that may be
encountered in actual trading, including but not limited
to commission fees, stamp duty, trade slip points, etc., to
simulate the impact of an actual trading environment on
strategy performance.

(3) The back test is set to the daily frequency, which means
that the model will re-evaluate and adjust the position
according to the latest data at the end of each day. This
not only captures short-term fluctuations in the market,
but also makes it possible to better assess the adaptability
of the strategy to rapid market changes. Throughout
the back test, various risk metrics such as maximum
retracements, Sharpe ratios, etc., are also monitored
to fully evaluate the performance of the strategy under
different market conditions.

4.3 Return Test and Risk Evaluation
Indicators

4.3.1  Strategy Return Index

Among the return and risk evaluation indexes, the strategy
return index is one of the key factors used to evaluate the
performance of investment strategy.

(1) Total rate of return

Total return measures the absolute return of an investment
strategy over the entire back test period and is calculated with
Equation (1).
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Total Return — Portfolio Valueend’ — Portfolio Valueggart n
Portfolio Valuesart

Where Portfolio Valueg,t and Portfolio Valueeng represent
the total asset value of the policy at the beginning and end of
the back test, respectively.

(2) Annualized Return

The annualized rate of return converts the total return of
the strategy into an annual equivalent value, which is suitable
for comparing the performance of the strategy over different
periods of time. The calculation is shown in Equation (2):

Annualized Return = (1 4 Total Return) T 1 @

d indicates the number of days in the back test period.

(3) Cumulative income

The daily cumulative value of the strategy during the entire
back test period reflects the long-term performance of the
strategy, and is calculated with Equation (3):

T
Cumulative Return = ]_[(1 +r)—1 (3)

t=1

r; 0 indicates the daily return rate, and 7 indicates the total
number of days of back test.

(4) Maximum retracement correction return

The maximum retracement modified return is a comparison
of the annualized rate of return with the maximum retracement
to evaluate the return per unit of risk taken, calculated with
Equation (4):

Annualized Return

Calmar Ratio = - “4)
Maximum Drawdown

The maximum retracement is the maximum loss of the
strategy from the highest peak to the lowest trough.

4.3.2  Strategy Risk Indicators

In a quantitative investment strategy, understanding and
managing risk is equally important. The following are some
commonly used strategic risk indicators and the respective
equations used to calculate the potential risks of investment
strategies:

(1) Maximum retracement

The maximum retracement is a measure of the maximum
loss a strategy can suffer. It shows the largest drop in strategy
from peak to trough, calculated with Equation (5):

Portfolio Valuey,j, — Portfolio Valuemax

Maximum Drawdown = min —
Portfolio Valuemax

(O]
where Portfolio Valuenax and Portfolio Valuen,;, represent,
respectively, the highest value of the portfolio during the
period under consideration and the subsequent lowest value.
(2) Volatility
Volatility is the standard deviation measuring the fluctua-
tion of investment return, reflecting the instability and risk of
strategy return. The calculation done with Equation (6):

N
1
Volatility = | ~— > (i = 7)? 6)

i=1
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Figure 4 SVM quantitative stock selection model and asset allocation return curve.

where r is the daily return rate, 7 is the average daily return
rate, and N is the total number of days during the back test
period.

(3) Sharpe ratio

The Sharpe ratio is used to assess the excess return per unit
of total risk, calculated with Equation (7):

Annualized Return — Risk-Free Rate

7
Volatility 7

Sharpe Ratio =

where Risk-Free Rate can usually be used as a reference for
long-term treasury bond rates.

(4) Sotino ratio

The Sotino ratio is like the Sharpe ratio but focuses only on
downside risk and is calculated with Equation (8):

. . Annualized Return — Risk-Free Rate
Sortino Ratio =

. — (®)
Downside Deviation
Downside Deviation is the standard deviation of adverse
return fluctuations, considering only fluctuations in returns
below a certain target or requirement.

4.3.3  Comprehensive Policy Indicators

When evaluating the performance of a quantitative investment
strategy, in addition to the individual income indicators
and risk indicators, several comprehensive indicators are
commonly used to evaluate the performance of the strategy.
These indicators combine the two aspects of return and risk
and can indicate the efficiency and effect of the strategy more
comprehensively. The following are several key strategic
indicators and their respective equations:

(1) Sharpe ratio

A common measure of investment efficiency is the Sharpe
ratio, which represents the amount of excess return a portfolio
receives for each unit of total risk taken. The calculation
Equation is shown in Equation (9) below.

Annualized Return — Risk-Free Rate

Sharpe Ratio —
atpe Ratio Volatility

©)
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where Annualized Return is the annualized rate of return of
the strategy, Risk-Free Rate is the risk-free rate, which is
usually replaced by the annualized rate of return of short-term
Treasury bonds, and Volatility is the standard deviation of the
return of the strategy.

(2) Sotino ratio

The Sotino ratio focuses on the assessment of adverse risks
and considers only the volatility below the target rate of return,
which is more suitable for the evaluation of the downside risk
of the strategy. This is calculated with Equation (10):

Annualized Return — Risk-Free Rate
Downside Deviation

Sortino Ratio =

(10)
where, Downside Deviation is the volatility calculated when
the strategy’s return is below the target return or the average
return.

(3) Kalmar ratio

The Kalmar ratio is another measure of portfolio per-
formance that focuses specifically on performance under
extremely adverse conditions. It assesses the risk-adjusted
return of the strategy by correlating the annualized return to the
maximum retracement. This is calculated with Equation (11):

. Annualized Return
Calmar Ratio =

(1)

Maximum Drawdown

where, Maximum Drawdown is the maximum money
retracement during the strategy back test.

44  SVM Quantitative Stock Selection Model

and Asset Allocation Strategy Back
Test Results

As shown in Figure 4, the return curve of SVM quantitative
stock selection model is on the left, and the return curve of
SVM quantitative asset allocation is on the right. Figure 4
indicates that the money growth trajectory of the two strategies
during the back test shows different earnings and money
volatility.

Engineering Intelligent Systems



Z.WU ET AL.

Table 3 Results of VM quantitative stock selection model and asset allocation strategy back test.

Category Indicator Name Stock Selection Model Asset Allocation Backrest
Backrest Results Results
Total Return Rate 28.5% 34.2%
Return Metrics Annualized Return Rate 5.7% 6.8%
Cumulative Return 142.5% 171.0%
Maximum Drawdown —15.3% —12.9%
Risk Metrics Volatility 14.6% 11.8%
Downside Risk 9.7% 7.5%
Sharpe Ratio 0.39 0.58
Composite Metrics ~ Sortino Ratio 0.59 0.91
Calmar Ratio 0.37 0.53

The return curve shows that the SVM quantitative stock
selection model has some volatility, which may be due to the
model’s dependence on the performance of a single market or
a specific class of stocks, making it more susceptible to short-
term market fluctuations. Specifically, the graph shows that
the stock selection model has grown rapidly during certain
periods, which is most likely because the model has captured
the upside opportunities of certain highly volatile stocks.
However, this high volatility also carries significant downside
risk, as shown by several sharp declines in the chart.

In contrast, the return curve of the asset allocation model
is smoother, indicating that diversified asset allocation can
effectively spread risks and reduce the impact of single-
market or asset fluctuations on the overall portfolio. The asset
allocation model optimizes the balance between return and
risk by assigning weights among different asset classes (such
as stocks, bonds, commodities, etc.) and therefore shows
relatively stable growth throughout the back test period.

The back test of the SVM quantitative stock selection
model and asset allocation strategy covers various return
and risk indicators, and also includes a comprehensive set
of performance indicators to evaluate the effectiveness and
robustness of the strategy.

As shown in Table 3, in terms of total return and annualized
rate of return, the total return of the asset allocation strategy
was 34.2%, which exceeded the 28.5% of the stock selection
model. Asset allocation strategies can take advantage of the
asymmetry of risk and return between different asset classes,
adapt to market changes through dynamic adjustment, and
optimize returns. At the same time, the annualized return rate
of the asset allocation strategy is 6.8%, which is higher than
the 5.7% of the stock selection model, indicating that it has
stronger long-term sustainable growth ability.

In terms of cumulative return and risk indicators, the
cumulative return of asset allocation strategy reached 171.0%),
which was significantly higher than the 142.5% of stock
selection model. This indicates an asset allocation strategy
that reduces reliance on a single market by diversifying
investments. In regard to risk, the maximum retracement
of the asset allocation strategy was —12.9%, lower than the
—15.3% of the stock picking model, showing better capital
protection ability. The volatility and downside risk of the
asset allocation strategy were 11.8% and 7.5%, respectively,
lower than that of the stock selection model, indicating greater
resistance to market fluctuations.
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Regarding risk-adjusted performance, the Sharpe ratio and
the Sotino ratio further demonstrate the advantages of asset
allocation strategies. The asset allocation strategy has a
Sharpe ratio of 0.58, higher than the 0.39 of the stock selection
model, which gives more excess return per unit of total risk
taken. At the same time, the Sotino ratio also improved from
0.59 to 0.91, highlighting the superior performance of asset
allocation strategies when factoring in the downside risks.

While stock selection models provide substantial returns,
with regard to risk control and return stability, asset allocation
strategies perform better after adjusting for risk.  The
increase in the Kalmar ratio, from 0.37 to 0.53 in the stock
selection model, provides further evidence that the multi-
asset allocation strategy offers a higher annualized return
when considering maximum retracement, demonstrating
the stability of its long-term performance. These results
validate the effectiveness of multi-asset allocation strategies
in diversifying risk and achieving solid growth.

S.  CONCLUSION AND PROSPECTS

5.1 Conclusion

This research proves the effectiveness and feasibility of
using machine learning technology in the field of financial
investment by applying support vector machine algorithm
to the construction and optimization of quantitative stock
selection model and asset allocation strategy. Experimental
results show that the SVM algorithm can effectively identify
potential investment opportunities, and significantly improve
the overall performance of investment strategy through
accurate model parameter adjustment. In the field of asset
allocation, the SVM model shows strong risk control ability
and robust return performance.

The back test results show that, compared with traditional
investment strategies, SVM-based strategies perform better
according to several key indicators: total return, annualized
return, and risk-adjusted return ratio.  Asset allocation
strategies also showed better performance on risk metrics such
as maximum retracements and volatility, underscoring the
potential of machine learning to improve portfolio stability
and reduce risk.

This paper not only demonstrates the application value
of machine learning SVM in quantitative investment, but
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