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Abstract. Stock price prediction models hold significant research importance in the realm of
guantitative trading. Given this, the present paper introduces a regression model based on the
generalized Gaussian process. Specifically, two distinct models are proposed: one is a generalized
Gaussian process regression model incorporating L1 regularization, and the other is a generalized
Gaussian process regression model utilizing reproducing kernel representation. The former is
capable of handling high-dimensional linear features and conducting crucial variable selection, while
the latter can effectively model the nonlinear relationship between covariates and response variables.
Moreover, both models are adept at capturing the temporal dependence inherent in stock price
series. Under diverse simulation settings, the simulation results consistently demonstrate the strong
applicability and competitiveness of the proposed methods. Ultimately, empirical analyses are
carried out on stock price series data exhibiting varying volatility trends. The results substantiate the
superior predictive performance and substantial application value of the proposed methods.

Keywords: Stock price prediction, Gaussian process, LASSO, regenerative kernel technique.

1. Introduction

In recent years, the stock market has garnered considerable attention due to its inherent volatility
and complexity. Consequently, the quest for reasonable stock price prediction within a certain range
has emerged as a popular research topic. Accurate stock price forecasting is of paramount importance
as it not only empowers investors to effectively manage risks and avert losses, thereby enhancing
their investment returns, but also furnishes enterprises with scientific financial decision-making
support. Moreover, it aids governments and regulatory authorities in maintaining market stability and
making timely adjustments to monetary and fiscal policies. Since the early 20th century, stock price
forecasting methodologies have undergone significant evolution. They have transitioned from
traditional technical and fundamental analysis to time-series regression models grounded in statistical
modeling. Eventually, the advent of quantitative trading, which integrates computer technology and
sophisticated mathematical models to facilitate trading decisions, has further advanced the field.
Compared to traditional methods, quantitative trading has significantly enhanced market efficiency.
This is attributed to its efficiency, discipline, and rapid responsiveness to market fluctuations, which
substantially reduce the emotional interference of investors and lower the probability of human error.
Additionally, quantitative trading offers valuable backtesting and optimization capabilities. Given
these advantages, quantitative trading has proven to be particularly effective in navigating the
complexities and volatility of modern financial markets. Building on the strengths of quantitative
trading, this paper aims to refine the existing models to achieve more accurate stock price predictions.

Machine learning techniques have been extensively employed in the field of stock price forecasting.
Early machine learning models were predominantly linear, positing that stock price changes could be
elucidated through linear combinations of historical prices or other pertinent variables. Typical
examples include autoregressive models (AR), moving average models (MA), and autoregressive
moving average models (ARMA) [1]. These models capture the linear dependencies within stock
price sequences but are constrained in their ability to utilize predictive information, making it
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challenging to integrate additional predictors directly. In contrast, multifactor forecasting models
exhibit greater versatility in practical applications. Ridge regression and LASSO regression [2-4] are
frequently employed within this category to address high-dimensional linear predictor variables.
However, linear models are notably inadequate when confronted with the nonlinear characteristics
inherent in stock market data, as they are only capable of capturing linear relationships. With the
ongoing evolution of machine learning, an increasing number of nonlinear regression models have
been introduced to the realm of stock price prediction. For instance, random forest (RF) [5], support
vector machines based on kernel functions (SVM) [6-7], k-nearest neighbors (KNN) [8], extreme
gradient boosting (XGBoost) [9-10], and neural networks [11-13] have demonstrated proficiency in
managing small samples and high-dimensional data while exhibiting robustness to outliers.
Nevertheless, most nonlinear regression models face limitations in predictive performance when
dealing with high-dimensional data, suffer from poor interpretability, and may experience slow
convergence. Additionally, these methods often fail to adequately account for the autocorrelation
effect present in stock price data, and their predictions typically yield a single value, devoid of any
quantification of prediction uncertainty. In the domain of quantitative finance, the ability to provide
such uncertainty quantification is of paramount importance.

This paper introduces a novel generalized Gaussian process regression model tailored to address
the complexities of stock price prediction. The model encompasses two distinct formulations. The
first is specifically designed for high-dimensional linear predictor variables and incorporates the L1
regularization technique [14-16]. This approach enables effective variable selection while efficiently
handling high-dimensional problems. The second formulation leverages the regenerative kernel
representation, which is adept at fitting complex structures with non-linear characteristics by
transforming predictor variables in a non-linear manner. Both variants of the model assume that the
relationship between predictor and response variables follows a Gaussian process a priori. Parameter
estimation is achieved by minimizing a negative log-likelihood function criterion, augmented with
penalties, to facilitate accurate stock price prediction. It is important to highlight that the prediction
outcome of this model is not a singular value but rather a predictive distribution. This feature allows
the model to provide robust support for the design of uncertainty quantification schemes in
quantitative trading. Simulation experiments reveal that the generalized Gaussian process regression
model based on L1 regularization not only delivers precise prediction results but also achieves
efficient variable selection. Meanwhile, the model variant based on the regenerative kernel
representation demonstrates exceptional prediction performance under non-linear function settings.
Furthermore, the proposed method was rigorously tested using real-world data. The results confirm
that the method maintains excellent prediction performance when applied to actual data. In summary,
the generalized Gaussian process regression model presented in this paper exhibits strong
applicability in the realm of stock price prediction. It effectively captures data characteristics and
provides substantial support for uncertainty quantification in quantitative trading.

2. Theory and methodology

2.1. Generalized Gaussian Process Regression Model Based on L1 Regularization

Assume the relationship between the predictor variables and the response variable is given as
follows:

Y =X"B+9(s)+¢ (1)

where X represents the linear predictor variables; s denotes the predictor variables associated
with random effects; £ is the coefficient vector to be estimated; g(s) represents an unknown
random function; Y is a scalar response variable; and & follows a standard normal distribution with
mean 0 and variance 1. Assume that g(s) follows a Gaussian process with a zero mean function and
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covariance function defined by its kernel, i.e.,g(s) ~ GP(0,k). Then, Y also follows a Gaussian
process with mean functionX” 8 and covariance functionk , namely: Y ~ GP(X7B, k).

Given the training samples {x;,s;,y;},i =1...... n, the response variable data Y follows an n-
dimensional normal distribution. The likelihood function is expressed as:

n exp[— (yi —X ﬂ)|2<0:2(yi —X ﬂ)]
(272'02)E|K|

)

where K = [k(s;,s;),6,j = 1...... n], and |K| represents the determinant of K . Since the

constructed marginal likelihood function is generally difficult to optimize directly, the negative log-
likelihood is considered, resulting in the following loss function:

1 (y, =X Ky, =X B)
| i i i i 3
" k! -~ I} 3)

Considering the high dimensionality of the linear predictor variables, this study employs LASSO
regression to apply L1 regularization on the coefficient g, leading to the following loss function:

1 (Vi =X AK (Y,
—1 i i i
!

20°
Based on the above, the coefficient £ can be iteratively estimated using gradient optimization
algorithms, with the estimated coefficient denoted as f. For new test data x*, s*, the corresponding
predictive distribution of y* is given by:

y O N[(X) B+ KKy, =X B), K™ =(K) K™ (K] (5)

% Pniopy (4)

where K* = [k(s",s;),i =1...... n],andK™* = k(s*, s*). Finally, the mean of y* istaken as the
final predicted value. This method is referred to as the Generalized Gaussian Process Regression
Model based on L1 Regularization (SGPR).

2.2. Generalized Gaussian Process Regression Model Based on L2 Regularization and
Reproducing Kernel Representation

Assume the relationship between the predictor variables and the response variable is given as
follows:

Y=fT(X)+g(s)+¢ (6)

where g(s) follows a Gaussian process, and since x is high-dimensional and its relationship
with y isunknown, f(x) can be expressed using the reproducing kernel expansion:

fx) = Xiey @i k(xx) (7)

where k(x;x) is the reproducing kernel Hilbert space (RKHS), i = 1...... n, and ¢ follows a
standard normal distribution with mean 0 and variance 1. Given that g(s) follows a Gaussian
process with mean function zero and covariance function k,, it satisfies the distribution:

g(s) ~GP(0,kz) . Thus, Y follows a generalized Gaussian process with mean function
i=1 @; k(x;x)and covariance function k, namely:Y ~ GP (XL, a; k(x;x), kg)
Given the training samples {x;,s;,y;},i =1...... n, the likelihood function of the response data
is expressed as:
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(y;i - Zn:aik(xi X))Kil(yi - Zn:aik(xi X))
i=1 . i=1 ] (8)

1
————eXp[-
n 20
\’(272'0'2)2 |K|

Taking the negative logarithm of the marginal likelihood function yields:

1 (Y; _Zn:aik(xix))K_l(yi _Zn:aik(xix))
_| i=1 i=1 9
n{m|K|eXp[ 20_2 ]} ( )

To account for the smoothness of the function, L2 regularization is applied to f(x), leading to the
following penalized negative log-likelihood function:

(3~ 3k GNK Ay, = D k(%)
i1 = HOfrF

—In{ ! exp[ >
J(@27)" K] 20
(10)

By solving the above using gradient optimization algorithms, the kernel expansion coefficients
can be obtained. For new test data x*, s*, the predicted distribution of y* is given by:

Y0 NEY @O+ KK, — Dk (x), K™ () K (K] (1)

This method is referred to as the Generalized Gaussian Process Regression Model based on L2
Regularization and Reproducing Kernel Representation (KGPR).

3. Data analysis

3.1. Simulation experiment

To comprehensively evaluate the prediction performance of the proposed method, this paper
conducts extensive simulation experiments by varying different model parameters. Specifically, the
first set of experiments aims to verify the ability of the generalized Gaussian process regression model
based on L1 regularization to handle dimensionality challenges and achieve effective feature selection.
For this purpose, the connectivity between the predictor variables and the response variables is
assumed as follows:

Y; = XT84+ sin(S) +&,i=1,2,--- ,n (12)

We consider a scenario where the dimension of the linear predictor variable X is set to 5, and it
follows a 5-dimensional standard normal distribution. Two cases are examined for the coefficient
vector: one where all elements are zero, and another where the elements are non-zero, with non-zero
values generated from a standard normal distribution. Additionally, the covariate S follows a standard
normal distribution. The number of samples is set to n = 100, and the error term is assumed to follow
a normal distribution. The dataset is randomly split into a training set and a test set in a 6:4 ratio. The
training set is used to estimate the model parameters, while the test set is employed to evaluate the
model's predictive performance. The results of variable selection are presented in Figures 1 and 2.
Specifically, Figure 1 (left) corresponds to the case where the coefficient vector contains non-zero
elements, while Figure 2 (left) pertains to the case where some coefficient vector elements are zero.
Experimental results demonstrate that the proposed method effectively identifies important variables,
thereby confirming its efficacy in feature selection. Moreover, Figures 1 (right) and 2 (right) illustrate
the model's fitting performance on the test set under both scenarios. The prediction results indicate
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that the proposed approach not only achieves high prediction accuracy but also exhibits robust
performance in the presence of systematic errors. These findings suggest that the model is capable of
performing both effective variable selection and accurate response prediction when handling complex
and high-dimensional data. This validates the theoretical significance and practical applicability of
the proposed method.

Comparison of True and Estimated Coefficients Linear Fit with linear model

s True Coefficients e Data
Estimated Coefficients 3
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Figure 1 Feature selection and prediction results for the case where none of the coefficient vector
elements is zero
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Figure 2 Feature selection and prediction results for the case where the coefficient vector element is
partially O

Then, in order to further verify the effectiveness of the proposed method in dealing with high-
dimensional linear predictive variables, the prediction accuracies of the models in different
dimensions are compared and analyzed in this paper. In order to objectively and comprehensively
reflect the comprehensive performance of the proposed method, XGBoost, Random Forest (RF),
Nonlinear Support Vector Machine (SVR), ElasticNet, and Gaussian Process Regression (GPR) are
chosen as the comparison models. The Monte Carlo simulation method was used to calculate the
evaluation indexes as follows: in the experiments, the training and test sets were randomly divided
for a total of 10 times, and the mean square error (MSE) of the model on the test set was calculated
under each division. Finally, the mean and standard deviation of the mean square error of the 10
experiments are used as the evaluation indexes. The smaller the mean value of the mean square error,
the higher the prediction accuracy of the model; the smaller the standard deviation, the more robust
the model is. The experimental results are shown in Table 1. From the table, it can be clearly seen
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that the proposed method exhibits the highest prediction accuracy and the strongest robustness in
different dimensions. This indicates that the proposed method effectively handles the problem of
nonlinear relationship modelling and dimensionality catastrophe by introducing the L1 regularization
technique and assuming that the nonlinear relationship obeys the Gaussian process a priori. The
experimental results fully demonstrate the significant advantages and reliability of the proposed
method in high-dimensional linear predictor variable scenarios.

Table.1. Mean and variance of mean square error for each model at different feature dimensions

Methods D=5 D=10 D=15 D=20
SGPR 0.062(0.059) 0.013(0.002) 0.020(0.011) 0.020(0.004)
XGBoost 0.071(0.028) 2.001(0.619) 4.801(0.431) 13.529(3.971)
RF 0.062(0.026) 2.014(0.737) 4.156(1.308) 10.041(2.847)
SVR 0.387(0.062) 2.431(0.644) 4.823(1.484) 13.723(6.056)
ElasticNet 0.507(0.085) 3.169(0.947) 4.092(1.442) 7.212(3.351)
GPR 0.491(0.078) 1.658(0.491) 2.459(0.913) 6.489(3.206)

Second, this paper presents a convergence analysis of the generalized Gaussian process regression
model based on the L1 penalty. The specific settings are such that the sample sizes n are 50, 100, 200
and 500, and the rest of the parameters are kept consistent with the initial experimental settings. The
prediction performance of the model is evaluated by Monte Carlo simulation method for different
sample sizes. The experimental results are shown in Table 2. It can be clearly seen from the table that
with the increase of sample size, the prediction accuracy of the proposed method on the test set
gradually improves, and the mean of mean square error (MSE) decreases significantly, while the
standard deviation also decreases gradually, which indicates that the robustness of the model is
enhanced. From the experimental results, it can be concluded that the proposed method is able to
show higher prediction accuracy and stronger robustness when the sample size increases. This verifies
the convergence of the proposed method from the experimental point of view, i.e., the increase of
sample size can effectively improve the performance of the model, which further proves the reliability
and applicability of the method in practical applications.

Table.2. Mean and variance of mean square error for each model with different number of samples

Methods n=50 n=100 n=200 n=500
SGPR 0.065(0.095) 0.013(0.002) 0.010(0.0013) 0.00997(0.001)
XGBoost 1.44(0.499) 2.001(0.619) 1.677(0.348) 1.471(0.317)
RF 0.999(0.323) 2.014(0.737) 1.581(0.321) 1.758(0.216)
SVR 1.007(0.312) 2.431(0.644) 1.441(0.440) 1.441(0.440)
ElasticNet 1.121(0.323) 3.169(0.947) 2.409(0.478) 3.357(0.654)
GPR 0.832(0.256) 1.658(0.491) 0.803(0.140) 0.712(0.159)

Then, the paper further explores the effect of different dimensions of the covariate S and different
nonlinear functional forms on the proposed method. The rest of the parameter settings in the
experiment are kept consistent with the initial experiment. The experimental results are shown in
Tables 3 and 4. From the tables, it can be seen that the proposed method performs well in dealing
with the modelling of random effects between the covariates S and the response variable. When the
dimensionality of the covariates increases, although the prediction accuracy slightly decreases, the
overall performance remains stable, indicating that the proposed method is robust to high-dimensional
covariates. In addition, the proposed method is still able to accurately capture the nonlinear
relationship between the variables under different nonlinear functions, and the prediction
performance maintains a high level. In summary, the experimental results show that the proposed
method can not only effectively handle the random effects between the covariates and the response
variables, but also maintain a good prediction performance when the dimensionality of the covariates
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increases. This property proves the flexibility and applicability of the proposed method in dealing
with complex data relationships.

Table.3. Mean and variance of mean square error for each model in covariate dimensions

Methods S=50 5=100 5=200 5=300
SGPR 0.065(0.095) 0.013(0.002) 0.010(0.0014) 0.011(0.0015)
XGBoost 1.437(0.499) 2.001(0.619) 1.677(0.348) 0.787(0.0935)
RF 0.999(0.323) 2.014(0.737) 1.581(0.322) 0.873(0.134)
SVR 1.007(0.312) 2.431(0.644) 1.304(0.260) 1.254(0.353)
ElasticNet 1.121(0.323) 3.169(0.947) 2.409(0.478) 2.053(0.494)
GPR 0.832(0.256) 1.658(0.491) 0.803(0.140) 0.634(0.146)

Table.4. Mean and variance of mean square error for each model with different function structures

Methods g(S):sin(ng) g(S) :cosgzzs g(S)=¢e° g(S) =sinS+S?
SGPR 0.0126(0.0021)  0.0126(0.0022)  0.012(0.00196)  0.013(0.0045)
XGBoost 2.001(0.619) 2.432(0.502) 2.329(0.738) 3.215(2.077)
RF 2.014(0.737) 2.202(0.557) 2.118(0.796) 2.999(1.860)
SVR 2.431(0.644) 2.313(0.623) 2.379(0.823) 3.353(1.715)
ElasticNet 3.169(0.947) 3.261(0.767) 2.956(1.226) 4.040(1.901)
GPR 1.658(0.491) 1.590(0.421) 1.421(0.485) 2.782(1.718)

Finally, we examine the performance of the generalized Gaussian process regression model based
on L2 regularization and regenerative kernel representation. The hypothesized predictor variables are
connected to the response variables as shown below:

84 oS Gy g
YV =0.1% (Xq1; + Xo;)° + 3576(57‘(81) + & (13)
where both X1i and X2i obey the standard normal distribution and Si obeys the standard normal
distribution. In this experiment, the error terms obey the standard normal distribution and are
independent of the predictor variables. The number of samples is set to 100, and the dataset is divided
into a training set and a test set in the ratio of 6:4, where the training set is used to estimate the model
parameters and the test set is used to test the predictive performance of the model. In order to ensure
the optimal performance of the model, the hyperparameters of the proposed method are determined
by a cross-validation method. The prediction results on the test set are shown in Fig. 3. From the
results, it can be seen that when there are nonlinear relationships between the predictor variables and
the response variables, the proposed method is able to effectively capture and fit these nonlinear
relationships by selecting appropriate kernel functions. In addition, the fitted curves are highly
consistent with the true values, indicating that the proposed method has high prediction accuracy and
strong nonlinear modelling capability. This indicates that the proposed method can still show
excellent adaptability and robustness in complex nonlinear situations.
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Error Result of Kernel Gaussian Process Regression
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Figure 3 Fitting of the nonlinear function on the test set

In order to further validate the predictive performance and applicability of the generalized
Gaussian process regression model based on L2 regularization and regenerative kernel representation,
a series of experiments are designed in this paper to investigate the performance of the method under
different sample numbers and different connection functions. In the experiments, the other parameter
settings are consistent with the initial experiments, and the specific experimental results are shown in
Tables 5 and 6. From the experimental results, it can be seen that the proposed method can accurately
fit nonlinear connection functions of different complexity while dealing with the random effects, and
shows strong prediction performance. In addition, with the increase of the number of samples, the
prediction accuracy of the method is further improved and the robustness is significantly enhanced.
This indicates that the proposed method is not only able to effectively capture the nonlinear
relationship, but also exhibits good adaptability and convergence under different sample sizes.

Table.5. Mean and variance of mean square error for each model with different number of samples

Methods

n=50

n=100

n=200

n=500

KGPR 0.273(0.546) 0.237(0.484) 0.155(0.253) 0.128(0.206)
XGBoost 0.364(0.298) 0.745(0.684) 0.479(0.344) 0.224(0.126)
RF 0.343(0.330) 0.965(0.855) 0.626(0.469) 0.375(0.212)
SVR 0.257(0.301) 1.224(1.203) 0.527(0.497) 0.268(0.168)
ElasticNet 0.643(0.354) 2.297(1.459) 1.817(1.129) 1.456(0.346)
GPR 0.515(0.290) 1.171(1.160) 0.507(0.469) 0.252(0.140)

Table.6. Mean and variance of mean square error for each model with nonlinear function structures

Methods g(XpZXz) , 9(X1,X3) 9(Xy, X5) 9X1, X3)
=X*+X, = sin X, cos X, = eX1tX: =X +X°
KGPR 0.096(0.676) 0.015(0.011) 0.054(0.256) 0.035(0.132)
XGBoost 1.314(0.754) 0.156(0.041) 1.567(1.187) 6.537(5.156)
RF 1.418(1.379) 0.158(0.042) 1.134(0.731) 5.546(4.004)
SVR 1.191(1.987) 0.095(0.047) 1.138(0.832) 18.53(10.447)
ElasticNet 4.343(2.947) 0.585(0.201) 2.833(1.450) 13.663(8.207)
GPR 1.807(2.527) 0.193(0.070) 1.227(0.727) 10.697(7.437)

3.2. Analysis of actual data

Equity forecasting is crucial in quantitative investing, helping investors to optimize their portfolios,
reduce risk and increase returns through effective modelling and data analysis. At the same time,
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forecasting models can dynamically adapt to market changes, thus enabling investors to maintain a
competitive advantage in a complex and volatile market environment. In order to verify whether the
model proposed in this paper can have the same accuracy and robustness as simulation experiments
when dealing with real data, and whether it can be applied to the analysis of real data, the experiments
of real data analysis are conducted here. The experimental data come from the Tushare website, and
six listed companies, namely Ping An Bank, Midea Group, Ningde Times, Hikvision, Vanke and
China Merchants Shekou, are selected, and the share price data of these six companies from 2 January
2024 to 29 November 2024 are extracted for analysis. These six companies come from different
industries and are very representative of their respective industries, so the selection of these six
companies for analysis can illustrate the broad applicability and effectiveness of the model in this
paper. This part of the experimental data analysis adopts the rolling sliding method of prediction
principle, by moving a fixed-size window on the time series data, gradually updating the training data
and retraining the model, so as to dynamically adapt to the data changes and improve the accuracy of
prediction. The hyperparameters for prediction are determined by cross-validation.
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Figure 4 The result of actual data analysis for six listed companies
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In the figure, the black line graph is plotted based on the real closing price, and the red line graph
is plotted based on the predicted closing price of this model. As shown in the figure, the error between
the predicted closing price and the real closing price in the real data experiments of the above six
enterprises is small, and the similarity between the fitted closing price curve and the real closing price
curve is extremely high, so this model has a high prediction accuracy. At the same time, based on the
analysis of the real data of six enterprises, the model shows excellent prediction ability for all six
enterprises, which proves that the model has wide applicability in the real application.

4. Conclusion

This study proposes a model based on generalized Gaussian process regression, which is capable
of performing variable selection, addressing the random effects of the response variable, and
capturing the nonlinear relationships between covariates and the response variable. The model
effectively resolves challenges such as selecting influencing factors in stock price forecasting,
processing complex stock market data, and addressing autocorrelation within stock price series.
Compared with other models, the proposed approach not only provides point forecasts of stock prices
but also offers uncertainty intervals for the forecasts. Simulation experiments demonstrate that the
proposed model outperforms classical models such as Random Forest, Nonlinear Support Vector
Machines, Gaussian Process Regression, and XGBoost, highlighting its capability for efficient
variable selection. Furthermore, the favorable performance observed in real-world data experiments
substantiates the model's high applicability and predictive performance.

The application of this model can be extended to stock price volatility prediction, risk management,
and trading signal generation. For instance, by leveraging the model to predict future stock price
movements and formulating corresponding trading strategies based on prediction intervals, investors
can optimize returns by adopting short positions when a price decline is anticipated and long positions
when prices are expected to rise, thereby achieving risk-controlled investment decisions. Additionally,
the model's applicability extends beyond financial markets to various fields such as weather
forecasting. In this context, the model can capture dynamic characteristics of temperature, weather,
and climate data, filter relevant influencing factors, and generate reliable forecasts. To further
enhance the model's generalizability and predictive capabilities, the selection of kernel functions and
hyperparameter optimization are crucial. These factors significantly impact the model's fitting and
generalization performance. The choice of kernel function should be tailored to the specific
characteristics of the data, while hyperparameter optimization can be conducted using techniques
such as grid search, random search, and Bayesian optimization.
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