
World Scientific Research Journal (WSRJ) ISSN: 2472-3703 
www.wsr-j.org 

 

34 

Application of Multi-factor Stock Picking Model Based on SVM Algorithm 

in Quantitative Stock Selection 

Ran Tao1, a 

1King's College London, London, United Kingdom 

a1271968844@qq.com 

__________________________________________________________________________________________ 

Abstract: To solve the shortcomings of quantitative investment products, a multi-factor stock 

selection model based on SVM algorithm was applied. First, based on the support vector 

machine classification technology, the stock index was used as the basis for classification, and 

the stocks were classified. Then, based on the obtained classification results, the stocks with 

excellent performance were selected to construct the stock portfolio. An investment strategy 

with high yields was obtained. For the financial data of more than 900 stocks in the Shanghai 

Stock Exchange, the characteristics of the variables were selected after pre-processing and 

standardization. The principal component analysis method was used to select a comprehensive 

principal component index with a cumulative contribution rate of more than 85%. Finally, 

through the optimization of kernel function and parameters, a learning machine with higher 

classification accuracy was obtained. The combination of excellent and bad stocks was 

constructed. The results showed that the method of quantitative stock selection for SVC was 

desirable. Therefore, this provides a good reference for the development of new quantitative 

stock selection models and enrichment of the types of models. 

Keywords: support vector machine; quantitative stock selection; principal component analysis; 

stock portfolio. 
__________________________________________________________________________________________ 

1. INTRODUCTION 

In the financial market, a large amount of evidence shows that the herd behaviour is 

disadvantageous to the main body, and the investment income of the individual who actively 

participates in the herd behaviour is relatively low in the market [1]. The herd behaviour of 

investors can only get no more than the market average rate of return. And in the actual 

operation, many of investors even cannot get the average market profits. Because even follow 

the herd, they also need to have a keen observation, judgment and rapid decision-making 

ability. Therefore, for individual investors, to get a rate of return that is not lower than the 

average market, they must have independent thinking ability to be able to bear the pressure 

group, and they also need to fully understand the investment assets, keep a sober mind, and 

consider the various potential risks. The reason why investors are overreaction is because they 
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are overly sensitive to the impact of the event and the evaluation, resulting in too optimistic or 

too pessimistic expectations of price trends. After a period, investors modify the evaluation of 

the event and adjust the reasonably the expected price of the stock. In a sense, the phenomenon 

of "underreaction" is opposite to "overreaction" in financial market. Relevant empirical studies 

show that the stock market often have overreaction to the bullish situation, and underreaction to 

the negative situation in the rising period; in the fall, the stock market often have underreaction 

to the bullish situation, and overreaction to the negative situation [2]. 

2. STATISTICAL LEARNING THEORY AND CLASSIFICATION METHOD 

2.1 Statistical learning theory 

When a large amount of relevant data lacks a theoretical model, "statistics" becomes the most 

effective and unique analytical tool. In the study of traditional statistics, it is usually analyzed 

under the premise that the number of samples is infinite. This is a gradual thought. Under the 

premise that the sample is infinitely large, the problem is theoretically analyzed. However, in 

practical applications, not all cases satisfy the premise of infinity. Because of objective reality 

constraints, data is often limited. At this time, it is obviously unreasonable to use the traditional 

statistical methods for theoretical analysis [3]. The results obtained in this way cannot be 

strictly guaranteed by theory. 

Statistical learning theory has matured since the 1990s. This is a discipline developed based on 

empirical risk theory research [4]. Unlike traditional methods, it is a theory for statistical 

problems in small sample situations. Statistical learning theory provides a theoretical 

framework for analyzing several machine learning problems in the case of finite samples, 

including pattern recognition problems, function fitting problems and probability density 

estimation problems. Statistical machine learning is to find some kind of decision function 

based on the information presented by the existing training set. Then, according to the obtained 

decision function, the existing limited data information is optimally distributed. Therefore, this 

is essentially an algorithmic design process. 

By comparing the statistical learning theory with the traditional statistics, the most important 

difference between the two is that the theoretical basis for the speculative decision is different. 

The traditional way of analyzing reasoning is carried out under the premise of the law of large 

numbers. Inevitably, this will impose certain requirements on the size of the data [5]. In 

contrast, statistical learning theory is a theoretical system based on the probably approximately 

correct system. At the same time, the statistical learning theory system can also draw a 

theoretical correlation between the accuracy of the conclusion and the size of the data. From 

this point of view, the most important point of statistical learning theory over traditional means 

is that it is a theoretical system that can handle the limited number of samples. The brief 

process of statistical learning theory is shown in Figure 1. 
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Figure 1. The brief process of statistical learning theory 

2.2 Classification method and its advantages and disadvantages 

The classification problem, that is, the pattern recognition problem in statistical learning theory, 

is an important data mining technique. Classification techniques are widely used in different 

fields. For example, a classification model of the design can be used to classify bank customers 

to estimate the risk level of their loans. An important part of the marketing field is customer 

segmentation. Using the classification technology in data mining, customers can be classified 

into different categories. When different characteristics of different categories of customers are 

mastered, this can help decision makers react differently to different types of customers. 

Through the results of the model feedback, decision makers can understand the category of 

each customer's behaviour. The distribution of these different categories of features can also be 

derived from statistical theoretical analysis. The obtained rule information is used to complete 

the corresponding decision judgment. 

Classification is to establish a process of classifying a class by training the training set and 

using the characteristics of the training sample, that is, the classifier training process. The next 

procedure is the test of the classifier. The accuracy of the model is evaluated using a 

predetermined set of tests, and the classification model that satisfies the test criteria can classify 

the new data. The classification process was completed after two procedures of training and 

testing. In this construction process, testing is only a process of evaluation, and the most 

important is the training process. The training process of the classifier is shown in Figure 2. 
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Figure 2. The training process of the classifier 
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A main content in the field of data mining is the pattern recognition problem. The general 

method used to solve pattern recognition or classification problem is to construct the 

corresponding classification model. Currently, the main types of models are as follows: 

First, the linear discriminant analysis line (LDA): Linear discriminant analysis is a kind of 

distance-based discriminant analysis method. The basic idea is to project the high-dimensional 

training sample space into the low-dimensional space to achieve the goal of reducing the 

spatial dimension. This is a simple and easy to classify method, and the decision classification 

is easy to describe and implement. At the same time, this is also an effective way to extract 

features. The discriminant method has nothing to do with the probability of occurrence of each 

category, and is independent of the magnitude of the loss caused by the wrong judgment. When 

the data dimension is too large, too many parameters will appear. Even if the value of the 

parameter can be estimated by the sample, it may cause the optimal criterion to be invalid. 

Second, the Naive Bayesian algorithm: The basic idea of the naive Bayesian algorithm is to 

analyze the probability of the sample to be tested from one of the categories. The probability is 

actually equal to the inductive expression of the probability that each element in the sample to 

be tested belongs to this category. This algorithm gives an effective way to minimize errors. 

When the results of the test are subject to uncertainty, the algorithm can track and adjust the 

corresponding probability results based on the new data information. At the time of the 

experiment, this algorithm cannot be directly utilized, which requires an accurate probability 

distribution of the data to be known beforehand. However, in most cases, the distribution 

probability of the data cannot be given exactly. In the application, many methods will give 

certain assumptions in advance to satisfy the requirements of Bayes' theorem. 

Third, the K nearest neighbour classification algorithm: In the training sample set, the nearest 

sample point is sought, and the attribution of the k sample points is observed. The new samples 

are classified according to the attribution of the k samples. On the one hand, it can better deal 

with the classification learning under the imbalance of data type scale; on the other hand, this 

method is relatively more effective for the case where there is intersection between species and 

the scale of intersection is relatively large. The biggest shortcoming of this algorithm is that the 

calculation amount is large. It is necessary to calculate the distance to the whole data for each 

data in the test set to know the latest k data points, to further judge and analyze the situation. 

Fourth, support vector machine: According to experience, a nonlinear map is selected first, and 

the map is applied to the vector space and projected into a high-dimensional Hilbert space H. 

Then, in this high-dimensional space, similar to the low-dimensional case, the corresponding 

hyperplane is constructed to divide the data. A method that optimizes the classification effect is 

found. This mapping relationship is determined by the selection of the kernel function. When 

faced with a limited number of samples, classification can be performed efficiently. The 

obtained solution is globally optimal and can effectively compensate for the locality defects of 

the inevitable solution in other algorithms. The specific form of space H is not involved in the 

specific application process, but only reflected in the kernel function, so the complexity of the 

high-dimensional problem is well solved. The biggest shortcoming of this method is that there 
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is no effective theoretical guidance on the determination of the kernel function. The selection 

of the best parameters involved in a given kernel function is also not easy to implement [6]. 

3. SUPPORT VECTOR MACHINE THEORY 

3.1 Support vector machine (SVM) 

SVM mainly includes two aspects: pattern recognition and regression prediction analysis. 

Classification and regression are not new issues. However, with the popularization and 

application of computers, the rapid development of machine learning and data mining has 

given them new meanings, which has once again attracted people's attention. The first use of 

support vector classifier (SVC) in reality is in the recognition of handwritten numbers. This 

problem has become typical of evaluating the effects of a classifier. It was first proposed for the 

automatic sorting of handwritten zip codes for the US Postal System. 

Vapnik and his team analyzed the database systems with these two standards [7]. One of their 

tasks is to construct a support vector machine that handles multiple types of problem cases 

based on two types of problems. On the one hand, the theoretical methods and implementation 

effects of different types of support vector machines are compared. On the other hand, the 

related support vector machine method is compared with other classification algorithms. 

Finally, the conclusion that the support vector machine has multiple advantages is obtained. 

Support vector classifiers have also achieved important results in the field of bioinformatics 

and have considerable potential for development. Jaakkola and Huassler used this technique to 

conduct research related to protein classification problems. In the application of the analysis, 

the use of classification methods is of great significance for the discovery of new genes, and the 

use of support vector classifiers will get good results. 

The solution of the multi-classification problem is mainly to classify the multi-valued classifier 

by combining the two types of classifiers. The typical multi-class classification method mainly 

has the following two kinds. The first is the l-1 algorithm (referred to as l-v-1). The 1-to-1 

algorithm is presented by Kressel. The algorithm traces a classifier between two classes. Thus, 

for a k-type problem, there will be k (k-1)/2 classification functions. When classifying an 

unknown sample, each classifier evaluates its category and votes for the corresponding 

category. Finally, the most popular category is the category of the unknown sample, which is 

called the "voting law". The one-to-many algorithm is proposed by Vapink. The basic idea is to 

construct N classifiers for class N problems. The i-th classifier uses the i-th class of training 

samples as positive training samples, and other classes of training samples are negative training 

samples. At this point, the decision function of the classifier does not take the symbolic 

function sgn (·). The final output is the larger of the two classes of classifier output. 

The first method uses k (k-1)/2 classifiers. However, the number of training samples in each 

classifier is lower than the latter. The second method is easier to implement, but the robustness 

is not strong. The misclassification of any classifier will bring about the ambiguity of 

classification. From the point of view of classification effect, the latter should distinguish the 
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single class data from other classes, and the classification hyperplane is more complex than the 

former. It is prone to error. 

3.2 Support vector classification (SVC) 

For hyperplanes that can be divided into training sets, the best ones are searched. However, the 

problem is that the "best" criterion is unknown. For this problem, the transformation was 

introduced to solve it. A transformation from the original variable space Rn to a 

high-dimensional Hilbert space H is introduced: 

 

:
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By transforming the role of  , the existing training set  1 1 2 2(x , y ), (x , y ), , (x , y )j jT    is 
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transformation, a classification result is obtained about the original training set. 

To correspond to the kernel function of transform  , this is similar to the linear separability 

case, and the generalized linear model can be used to implement the classification problem. 

The appropriate kernel function ( )i jx x  is chosen to solve the optimization problem. 
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This learning process is also known as a nonlinear hard-space classifier. 

The most common when dealing with classification problems is the C-support vector machine. 

The logical relationship of several support vector classifiers is shown in Figure 3: 
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Figure 3. The logical relationship of several support vector classifiers 

3.3 The selecting methods of vibration measuring parameters 

The first method is cut-and-trial. After the model (SVM, kernel function) is selected, the initial 

value is first assigned to the parameter . Then, the experimental tests are carried out. the 

parameter values are adjusted repeatedly, according to the test accuracy until satisfactory test 

accuracy is achieved. The experimental results show that the testing accuracy increases with 

the increase of C. When it exceeds a certain value, the accuracy begins to decrease. At the same 

time, as the number of C increases, the number of support vectors decreases strictly, and the 

number of support vectors at the boundary decreases rapidly until it becomes 0. The 

cut-and-trial method is the most common and effective method at present. However, it is based 

on experience and lacks sufficient theoretical basis. For different kernel functions, different 

samples may be adjusted differently. Therefore, in the process of parameter adjustment, there 

is a certain blindness. In addition, when the magnitude of the adjustment is large, the 

adjustment times are more frequent, and the experiment is more complicated. 

The second is the cross-validation method. The so-called cross validation method, that is, 

training samples M are randomly divided into roughly equal disjoint subset. That is to say, 

, it conducts k times training and testing. The approach of i-th iteration is: 

Mi is chosen as the test set, and the sum of its remaining subsets is the training set. After the 

decision function is obtained from the training set, the algorithm tests the test set Mi and 

records the correct rate li of the test. Thus, after the k iteration was completed, the correctness 

of the k tests was obtained, that is, l1, l2, ... lk. Comparing the cross-validation accuracy of 

parameters, the parameters with high accuracy are chosen. 

4. MODELING AND EMPIRICAL ANALYSIS OF CLASSIFIED STOCK PICKING 

4.1 Basic process of classification problem 

Although researchers in different fields have proposed many different classification methods, 

the basic processes of classification methods are similar: design (training mode) and 

implementation (learning mode). The design is to train the corresponding classification 

machine for the training set to get a classifier. The implementation is to use the resulting 
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classifier to make classification decisions for the test set (specifically for the input test points). 

The flow chart of the SVM-based quantitative stock selection is shown in Figure 4. 
 

 
Figure 4. Flow chart of the SVM-based quantitative stock selection 

4.2 Data collection 

The data comes from the Cathay Pacific csmar database. The SSE A-share company stock data 

of the Shanghai Stock Exchange (the initial data is 932 company stocks) was selected. Using 

23 financial indicators from the 2010-2013 four-year annual report, these indicators can be 

classified from different perspectives: 
 

Table 1. Classification of indicators 

Profitability Shareholder profitability
Cash flow capacity and operational 

capacity 
Operating profit margin P/E ratio Net cash flow per share 

Sales margin Net assets per share Cash reinvestment ratio 
Return on assets P/B ratio Total asset turnover 

Rate of return on total assets 
(ROA) 

Market sales rate - 

Return on equity (ROE) 
Earnings per share 

surplus 
- 

Operating cost rate - - 
Return on investment capital - - 

Short-term liquidity Long-term solvency Risk level 
Flow rate Assets and liabilities Financial leverage 

Quick ratio Owner's equity ratio Current assets ratio 
Cash ratio Long-term debt ratio - 
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After obtaining the original data, based on the practical significance of the data and the 

comprehensive analysis of the data structure, three sets of experiments were conducted: In the 

first group, the 2010 data is used as a training set to generate learning machines and decision 

functions. Then, the 2011 data is used as a test set for grouping. The best performing or worst 

performing structural stock portfolio was selected and compared with the big market of the 

year to analyze performance. The second and third sets of experiments used the 2011 and 2012 

data as training sets. Correspondingly, the 2012 and 2013 data were used as test sets and were 

performed as in the first set of tests. 
 

Table 2. Experimental classification 

 Training set Test set 
Test 1 2010 data 2011 data 
Test 2 2011 data 2012 data 
Test 3 2012 data 2013 data 

4.3 Feature extraction 

Principal component analysis is a commonly used method of multivariate statistical analysis. It 

is a dimensionality reduction technique that compresses the number of indicators as much as 

possible, and is also a comprehensive evaluation method. In practical applications, to analyze 

the problem more comprehensively, the researchers will collect many indicators related to this, 

because different indicators may reflect different information. Although many indicators can 

fully reflect information, the increase in dimension will cause trouble for the distribution of 

research samples. There may be a correlation between different indicators. In this case, the 

sample information reflected by the data will have a certain degree of overlap. Principal 

component analysis is a process that uses a dimensionality reduction method to obtain a 

relatively small number of comprehensive indicators by linearly combining several original 

indicators. Principal component analysis reflects the sample information as much as possible 

through the selected comprehensive indicators, and the indicators are irrelevant, so that the 

purpose of retaining the sample information is simple and easy. 

The specific steps of principal component analysis are as follows: 

First, enter (X )
ij n p

X


 , and calculate the sample mean 
j

X


 and the sample standard deviation Sj 

of each indicator; 

Second, the sample is standardized, and ij j

ij

j

X X
Y

S




 ; 

Third, after calculation, the data array (Y )
ij n p

Y


  and its correlation coefficient matrix Rare 

obtained. 

Fourth, the eigenvalue 1 2 p     >0 of R and its eigenvector ' ' '
1 2(l , l , , l )pL    are solved. 

The corresponding jth principal component is: 

 
'

1 1 2 2 , 1,2, ,j j j j pj pZ l Y l Y l Y l Y j p                                     (4) 



Volume 5 Issue 2 2019 

43 

Fifth, the value of k is determined by the method of cumulative variance contribution rate 

1

k

j
j



>85%. 

In the fifth step, there are various methods for determining k, such as steep slope test, Kaiser 

Method, Horn method, etc. However, the most commonly used is the cumulative contribution 

rate method. The 85% standard is not mandatory, which can be adjusted as appropriate (but it 

must be greater than or equal to 50%). Next, principal component analysis is performed on the 

data that has been subjected to pre-processing and normalization. The cumulative of the 

contribution of the principal component to the variance is obtained, as shown in Table 3 and 

Figure 5. 
 

Table 3. Cumulative contribution rate 

z1 z2 z3 z4 z5 z6 z7 z8 
23.06% 42.86% 55.15% 66.34% 74.28% 80.03% 84.79% 88.06% 
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Figure 5. Cumulative contribution rate 

 
zi represents the i-th principal component. The second column of the table represents the 

variance accumulation corresponding to the i-th principal component. 

After the pre-processed data was analyzed by principal component analysis, eight principal 

components were finally selected (the cumulative variance contribution rate reached 88.06%). 

The main components of the three trials are as follows: 
 

Table 4. Principal component of three tests 

 Test 1 Test 2 Test 3 
Number of principal components 8 7 7 

Cumulative variance contribution rate 88.06% 85.73% 85.97% 
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4.4 Evaluation of classification effect 

Based on the above parameters’ optimization and data balance adjustment, a learning machine 

model is generated by using relevant computer technology. The model is evaluated. After 

classifying the test samples, the stock portfolio is constructed and its yield is verified. 

Taking Test 1 as an example, the rate of return is used to evaluate the classification effect. After 

passing the training sample, the learning model is obtained, and the test set is used for learning. 

In the process of learning, data processing, standardization, and principal component analysis 

are the first steps. After getting a classification, stocks that performed well and performed 

poorly were obtained separately. The stock portfolio is composed in the form of equal weights. 

According to the comparison between the actual rate of return and the overall average rate of 

return, the advantages and disadvantages of the learning machine are explained. 

Through three tests, each generated model was used for classification. Stocks that perform well 

and perform poorly are combined. The rate of return is compared to the average market rate of 

return. The following results were obtained: 
 

Table 5. Comparison of yield and market average yield 

 Test 1 Test 2 Test 3 
Average rate of return 0.10728 -0.27247 0.064742 

Excellent combination yield 0.20901 -0.06816 0.180443 
Excellent combination excess ratio 94.82% 74.98% 178.71% 
Poor performance combined yield 0.01718 -0.33521 -5.487505 

Bad combination excess ratio 83.61% 23.03% 100.1% 
 
From the above results, under the second evaluation method, the stock combination selected by 

the model is excellent in comparison with the average yield, whether it is an excellent 

combination or a bad combination. This shows that the learning model works well. 

5. CONCLUSION 

Based on the practical application, a method based on support vector classifier modeling is 

proposed. The situation where the sample data is insufficient is effectively solved. The goal of 

quantitative stock selection is achieved by means of machine learning. Firstly, the modeling 

principle of SVC and the implementation steps of the algorithm are introduced in detail. Then, 

the method is used to classify the data. The target of quantitative stock selection is realized 

based on classification. Various methods are used in the classification process to achieve 

optimal classification results, such as parameter optimization and processing of sample data 

imbalance. The SVM is reduced to a multi-factor stock selection method. On the one hand, the 

variety of multi-factor models is enriched; on the other hand, the idea of the new multi-factor 

model is expanded. 

REFERENCES 

[1] Chen, Y., & Hao, Y. (2017). A feature weighted support vector machine and K-nearest 

neighbor algorithm for stock market indices prediction. Expert Systems with Applications, 



Volume 5 Issue 2 2019 

45 

80, 340-355. 

[2] Atsalakis, G. S., Protopapadakis, E. E., & Valavanis, K. P. (2016). Stock trend forecasting 

in turbulent market periods using neuro-fuzzy systems. Operational Research, 16(2), 

245-269. 

[3] Pal, R., Kupka, K., Aneja, A. P., & Militky, J. (2016). Business health characterization: a 

hybrid regression and support vector machine analysis. Expert Systems with Applications, 

49, 48-59. 

[4] Karathanasopoulos, A., Theofilatos, K. A., Sermpinis, G., Dunis, C., Mitra, S., & 

Stasinakis, C. (2016). Stock market prediction using evolutionary support vector machines: 

an application to the ASE20 index. The European Journal of Finance, 22(12), 1145-1163. 

[5] Song, Q., Liu, A., & Yang, S. Y. (2017). Stock portfolio selection using learning-to-rank 

algorithms with news sentiment. Neurocomputing, 264, 20-28. 

[6] Hafezi, R., Shahrabi, J., & Hadavandi, E. (2015). A bat-neural network multi-agent system 

(BNNMAS) for stock price prediction: Case study of DAX stock price. Applied Soft 

Computing, 29, 196-210. 

[7] Oliveira, N., Cortez, P., & Areal, N. (2017). The impact of microblogging data for stock 

market prediction: using Twitter to predict returns, volatility, trading volume and survey 

sentiment indices. Expert Systems with Applications, 73, 125-144. 


