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Abstract. The goal of this study is to deeply study the theoretical foundation and algorithm
improvement technology of high-dimensional data statistical learning in order to meet the challenges
of high-dimensional data in contemporary science, engineering, economics and other fields. Firstly,
this paper expounds the universality of high-dimensional data and the limitations of traditional
statistical learning methods in dealing with such data, and emphasizes the importance and practical
application value of studying the statistical learning theory and algorithm optimization of high-
dimensional data. Then the basic theory of statistical learning of high-dimensional data is
comprehensively reviewed, including the characteristics and challenges of high-dimensional data,
the basic concepts of statistical learning theory and statistical learning methods suitable for high-
dimensional data. Based on the above, a series of algorithm optimization strategies for high-
dimensional data processing are proposed, including feature selection and dimension reduction
technology, parallel and distributed computing technology, and the effectiveness of these strategies
is verified by empirical research. The research results show that the proposed algorithm optimization
technology significantly improves the accuracy, stability and computational efficiency of high-
dimensional data processing.
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1. Introduction

In the information age, high-dimensional data has been widely infiltrated into many fields such as
modern science, industry and economy [1]. Whether it is massive biological information data from
gene sequencing, multi-dimensional sensor data in industrial production, or high-frequency trading
data in financial markets, they all show the remarkable characteristics of high-dimensional data [2].
These data have high-dimensional nature, complicated structure, rich information and potential laws
[3]. Traditional statistical learning methods often encounter many difficulties when dealing with such
data. The dimension disaster caused by high-dimensional data leads to a sharp increase in computing
costs [4]. Futhermore, the noise and redundant information in the data may also seriously affect the
accuracy of the analysis results. Therefore, it is particularly critical to explore the statistical learning
theory and algorithm optimization of high-dimensional data [5]. By deeply studying the
characteristics of high-dimensional data and developing efficient and accurate algorithms, we can
mine the value information in the data more effectively and provide strong technical support for
scientific decision-making, industrial optimization, economic forecasting and other fields.

In recent years, the theory and algorithm optimization of high-dimensional data statistical learning
has become the research focus in statistics, machine learning, data mining and other fields [6].
Scholars have made great achievements in this field and put forward many effective algorithms and
models. Despite some achievements, statistical learning of high-dimensional data still faces many
challenges [7]. How to further improve the accuracy, stability and efficiency of the algorithm, and
how to deal with the noise and redundant information in the data more effectively are still the top
priority of the research.

Aiming at the topic of statistical learning theory and algorithm optimization of high-dimensional
data, this paper will conduct in-depth research from different angles. Through research, this paper
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aims to provide a new perspective and method for statistical learning theory and algorithm
optimization of high-dimensional data, and promote the sustainable development of related fields.

2. Statistical learning theory of high-dimensional data

In the field of modern data analysis, high-dimensional data has become the most important
research because of its unique dimensional characteristics and complex structure [8]. This kind of
data has a high dimension, which may involve hundreds or even thousands of variables, and there
may be complicated interrelationships and interactions among these variables. The amount of
information brought by high-dimensional data is unprecedented, but it also brings unprecedented
challenges to data analysis. On the one hand, with the increase of dimensions, the sparsity of data
becomes more prominent, and many variables may have almost no value or very small value in a
large number of samples. This makes traditional statistical methods unable to capture the information
of these variables. On the other hand, the noise and redundant information in high-dimensional data
also increase sharply. This information may seriously distort the accuracy of the analysis results, and
may even lead to wrong judgment.

Statistical learning theory focuses on how to learn and predict from data. It provides us with a set
of systematic theories and methods to guide us how to extract useful information from data and build
an accurate prediction model [9]. In this theory, empirical risk minimization and structural risk
minimization are two basic principles. Empirical risk minimization focuses on finding the best model
by reducing the errors in training data. On the basis of structural risk minimization, the consideration
of model complexity is added to prevent over-fitting. These principles provide a solid theoretical
basis for statistical learning of high-dimensional data and help us find accurate and concise models
in high-dimensional space. Futhermore, statistical learning theory has also developed a variety of
algorithms and models, such as support vector machine, neural network and so on. These algorithms
show strong performance in high-dimensional data processing.

According to the characteristics of high-dimensional data, statisticians and machine learning
experts have developed many special coping strategies [10]. Feature selection is a key dimension
reduction method. By evaluating the influence of each variable on the prediction performance of the
model, the variable with the largest amount of information is selected for modeling. This effectively
reduces the dimension and noise of data. Dimension reduction technology maps data from high-
dimensional space to low-dimensional space through linear transformation, which retains the main
information and removes redundancy. Other methods combine the sparsity hypothesis. For example,
Lasso regression, etc., they automatically select features in the modeling process, making the model
more concise and easy to explain.

3. Optimization technology of high-dimensional data algorithm

When dealing with high-dimensional data, the optimization strategy of the algorithm is particularly
important. Due to the complexity and vastness of high-dimensional data, traditional algorithms face
problems such as low computational efficiency and large memory consumption. Based on this, we
need to adopt a series of optimization strategies to improve the performance of the algorithm. Firstly,
this paper improves the mathematical model of the algorithm and reduces unnecessary calculation
steps to improve the running speed of the algorithm. Futhermore, taking advantage of the sparsity of
data, we can design more efficient storage and access methods and reduce the use of memory. In
addition, this paper also considers using heuristic algorithm to greatly improve the computational
efficiency of the algorithm on the premise of ensuring a certain accuracy.

PSO (Particle Swarm Optimization) is an optimization algorithm based on swarm intelligence,
which simulates the foraging behavior of birds in nature. As a heuristic algorithm, PSO has become
an ideal choice because of its simplicity, effectiveness, easy implementation and good ability to deal
with high-dimensional problems. In PSO, each solution is regarded as a particle, and the particle
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swarm is composed of multiple particles, each of which has two properties: position and speed.
Through information sharing and cooperation, particle swarm updates its speed and position
according to the individual optimal position and the global optimal position, and iteratively finds the
optimal solution. For each particle i and dimensiond , the velocity updating formula is as follows:

V() =w v (d) o, (pH(d) - xH(d) e, -1y - (gM(d) - x(@)) 1)

Where W is the inertia weight; ¢, and c, are acceleration coefficients; r, and r, are
random numbers in the interval of [0,1]; pl/(d) is the optimal position of particle i in the k

iteration; g"“(d) is the global optimal position of the k iteration. The fitness function f(x)
formula is as follows:

f (x) = Evaluate (x) )

Where: f(x) is used to evaluate the performance of individual X. X Stands for a candidate
solution (individual), that is, a set of heat treatment process parameters. In order to improve the
performance of PSO in processing high-dimensional data, this paper introduces sine and cosine
function or logarithmic function to construct nonlinear asynchronous learning factor, which balances
the ability of global search and local search.

Feature selection and dimensionality reduction are indispensable methods to deal with high-
dimensional data. Feature selection aims to select the most useful features for model prediction from
many variables, then remove redundant information and noise, and improve the accuracy and
generalization ability of the model. This paper considers that the importance of features can be
evaluated by means of statistical testing and correlation analysis, and the most representative features
can be selected. Dimension reduction method is to map high-dimensional data to low-dimensional
space through mathematical transformation, keep the main information structure of data, and remove
unimportant dimensions at the same time. Dimension reduction techniques such as principal
component analysis and linear discriminant analysis are widely used in this field. These methods can
effectively reduce the dimension of data and improve the calculation efficiency and accuracy of
subsequent algorithms.

With the advent of the era of big data, parallel and distributed computing technology has become
an important means to deal with high-dimensional data. The processing of high-dimensional data
requires a lot of computing resources and storage space, and it is difficult for a single computer to
meet these needs. Therefore, in this paper, the computing task is decomposed into several subtasks,
and the calculation is carried out on multiple computers Futhermore, thus realizing parallel processing.
Distributed computing technology can also store data in multiple nodes and transmit and process data
through the network, further improving the efficiency and scalability of data processing. The
application of these technologies can accelerate the processing of high-dimensional data and provide
strong support for large-scale data analysis.

4. Empirical research

In order to verify the effectiveness of the proposed high-dimensional data algorithm optimization
technology, this section carries out experimental design. First of all, we made clear the goal of the
experiment, that is, to compare the performance differences of different algorithms when dealing with
high-dimensional data, including accuracy, stability and computational efficiency. Then select a
number of representative high-dimensional data sets. These data sets cover bioinformatics, finance,
image processing and other fields. In the data preparation stage, this paper preprocesses the original
data, including data cleaning, missing value filling, and abnormal value processing and so on.
Futhermore, the data are normalized to eliminate the influence of different dimensions on the
performance of the algorithm. In the algorithm implementation stage, we have implemented a variety
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of high-dimensional data processing algorithms according to the algorithm optimization strategy
proposed above. These include feature selection algorithm, dimension reduction algorithm and
parallel and distributed computing algorithm. In order to ensure the fairness and accuracy of the
experiment, the experiment adopted the same experimental environment and parameter settings, ran
each algorithm several times, and recorded its average performance and standard deviation, as shown
in Table 1.

Table 1. Algorithm Performance Experiment
Results (Average Performance and Standard Deviation).

Accuracy Stability Computational Efficienc
Algorithm Name Data Domain (Mean xStd (Mean %xStd mp y
(Time/s, Mean £Std Dev)
Dev) Dev)
Random Forest Feature | pjoineormatics | 0.85+0.02 | 0.92 +0.01 12503
Selection (RF-FS) T T T
Lasso Feature Selection | ;000 0.88+001 | 0.90=0.02 152 +0.5
(Lasso-FS)
Principal Component Image
Analysis (PCA) Processing 0.90 +0.01 0.93 +0.01 8.7 +0.2
MapReduce Parallel | g; i fomatics | 0.87+001 | 091 20,01 6.8 +£0.1
Computing (MR)
Spark Distributed Finance 0.89 +0.02 0.90 +0.01 9.5 +0.4
Computing (Spark)
K-means Clustering (K- Image 0.86+0.03 | 0.890.02 14.0 +0.6
means) Processing
Particle Swarm Image
Optimization (PSO) Processing 0.89 +0.02 0.92 +0.01 10.5 0.3

In the comparison of algorithms, the algorithms are evaluated from three dimensions: accuracy,
stability and computational efficiency. The results are shown in Table 2:

Table 2. Summary of Algorithm Performance Comparisons.

Evaluation Dominant Algorithm Dominant Algorithm Dominant Algorithm
Dimension (Bioinformatics) (Finance) (Image Processing)
Accuracy Random _Forest Feature La_sso Feature Principal _Component
Selection (RF-FS) Selection (Lasso-FS) Analysis (PCA)
Stability MapRedu_ce Parallel La_sso Feature Pgrt!cle_Swarm
Computing (MR) Selection (Lasso-FS) Optimization (PSO)
Computational MapReduce Parallel Spark Distributed Principal Component
Efficiency Computing (MR) Computing (Spark) Analysis (PCA)

Through comparative analysis, it is found that different algorithms have their own advantages
when dealing with different types of high-dimensional data, which also provides a useful reference
for our subsequent selection of algorithms.

5. References

This study deeply analyzes the theoretical basis of statistical learning of high-dimensional data,
and puts forward a set of techniques aimed at optimizing the algorithm of high-dimensional data.
Through empirical analysis, this paper confirms the effectiveness and practical value of these
optimization techniques in dealing with high-dimensional data. It is found that the algorithm
optimization significantly enhances the accuracy and stability of data processing, and at the same
time greatly improves the calculation efficiency. It provides a solid guarantee for practical application.
This paper emphasizes that algorithm optimization plays a decisive role in statistical learning of high-
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dimensional data, which helps us to mine information in data more effectively and promote theoretical
progress and technological innovation in related fields.

In the future, high-dimensional data statistical learning and its algorithm optimization will
continue to be a research direction full of challenges and opportunities. Faced with the growth of data
scale and the richness of data types, we will continue to explore new optimization strategies and
technical means to adapt to the changes in the data environment. Future research includes: deeply
exploring the characteristics of high-dimensional data, and developing more efficient and accurate
feature selection and dimension reduction technologies; Using parallel and distributed computing
technology, real-time processing and analysis of large-scale high-dimensional data are realized. In
addition, future research will also focus on the interpretability and robustness of the algorithm to
enhance the credibility of the algorithm in practical applications.
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