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Abstract: Machine Learning, a pivotal technology within the realm of artificial intelligence, has experienced remarkable 

progress in recent times. This research offers a thorough and structured presentation of machine learning. It begins with a 

comprehensive look at the evolution of machine learning throughout history, then zeroes in on dissecting the foundational 

algorithms that underpin the field. Following this, the study sheds light on the cutting-edge developments in machine learning, 

with the goal of thoroughly examining its applications across different sectors and contemplating the prospective trajectories 

for its future.  
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1 INTRODUCTION 

Backed by contemporary information technology, 

computer science has laid a robust groundwork for the 

advancement of intelligent artificial technologies. Intelligent 

computing, which is underpinned by computer systems, 

integrates multidisciplinary fields such as statistics, 

approximation theory, computational complexity, and 

convex optimization. By leveraging computer technology, 

systems are capable of enhancing their capabilities through 

the accumulation of learning experiences. Intelligent 

computing technology identifies patterns in regular computer 

data, extracts knowledge and experience, and facilitates the 

intelligent evolution of computer technology. This capability 

allows computers to learn independently, adapt to their 

surroundings, and make significant strides towards achieving 

artificial intelligence. The intelligent advancement in 

computer technology has not only quickened the pace at 

which problems are solved but also offered more efficient 

solutions across various sectors. As computer technology 

continues to evolve, intelligent computing is poised to drive 

technological innovation and establish a strong basis for 

future AI applications. This trajectory suggests that computer 

technology will exhibit substantial potential for intelligent 

applications in an expanding array of domains. 

2 LITERATURE REVIEW 

Although artificial intelligence has not only emerged in 

recent years, it has always appeared in the public eye as a 

science fiction element. Since AlphaGo defeated Li Shishi, 

artificial intelligence has suddenly become a topic of 

discussion, as if humans have created machines that surpass 

human intelligence. The core technology of artificial 

intelligence, machine learning and its subfields of deep 

learning, have become the apple of people's eyes for a while. 

Herb proposed a learning approach based on 

neuropsychology in 1949, which is known as the Herb 

learning theory. The general description is: assuming that the 

persistence or repeatability of reflex activity leads to 

sustained changes in cells and increases their stability, when 

neuron A can continuously or repeatedly stimulate neuron B, 

the growth or metabolic processes of one or two neurons will 

change. From the perspective of artificial neurons or artificial 

neural networks, this learning theory simply explains the 

correlation relationship between nodes in recurrent neural 

networks (RNNs), that is, when two nodes change 

simultaneously, there is a strong positive correlation between 

nodes; If the two changes are opposite, it indicates a negative 

weight correlation. 

In 1950, Alan Turing created the Turing test to 

determine whether a computer is intelligent. The Turing test 

suggests that if a machine is able to engage in dialogue with 

humans, but cannot be identified as its machine identity, then 

the machine is considered intelligent. This simplification 

enables Turing to convincingly demonstrate that “thinking 

machines” are possible. 

In 1952, IBM scientist Arthur Samuel developed a 

checkers program. This program can provide better guidance 

for subsequent actions by observing the current position and 

learning an implicit model. Samuel discovered that as the 

running time of the game program increased, it could achieve 

better and better follow-up guidance. Through this program, 

Samuel refuted Providence's notion that machines cannot 

surpass humans, writing code and learning like humans. He 
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coined the term “machine learning ”  and defined it as a 

research field that can provide computer capabilities without 

explicit programming. 

In 1957, Rosen Blatter proposed the second model 

based on the background of neurosensory science, which is 

very similar to today's machine learning model. This was a 

very exciting discovery at the time, which was more 

applicable than Herb's ideas. Based on this model, Rosen 

Bratt designed the first computer neural network - the 

perceptron, which simulates the operation of the human brain. 

In 1967, the nearest neighbor algorithm emerged, 

allowing computers to perform simple pattern recognition. 

The core idea of the KNN algorithm is that if most of the k 

nearest samples in the feature space belong to a certain 

category, then the sample also belongs to that category and 

has the characteristics of the sample in that category. This is 

the so-called “minority obeys majority” principle. 

From the mid-1960s to the late 1970s, the development 

of machine learning was almost at a standstill. Both 

theoretical research and computer hardware limitations have 

encountered significant bottlenecks in the development of the 

entire field of artificial intelligence. 

Although Winston's structural learning system and 

Hayes Roth's logic based inductive learning system made 

significant progress during this period, they could only learn 

a single concept and were not put into practical application. 

However, neural network learning machines have entered a 

downturn due to theoretical defects and have not achieved the 

expected results. 

Paul J. Werbos specifically proposed a multi-layer 

perceptron model in the neural network backpropagation (BP) 

algorithm in 1981. Although the BP algorithm was proposed 

under the name “reverse mode of automatic differentiation” 
as early as 1970, it was not until then that it truly took effect, 

and to this day, the BP algorithm remains a key factor in 

neural network architecture. With these new ideas, research 

on neural networks has accelerated again. 

In another lineage, Quinlan proposed a very famous 

machine learning algorithm in 1986, which we call “decision 

tree”, more specifically the ID3 algorithm. This is another 

breakthrough point for mainstream machine learning 

algorithms. In addition, the ID3 algorithm has also been 

released as a software that can find more real-life cases with 

simple planning and clear inference, which is exactly the 

opposite of the neural network black box model. 

In 1990, Schapire first constructed a polynomial level 

algorithm, which was the original Boosting algorithm. One 

year later, Freund proposed a more efficient Boosting 

algorithm. However, these two algorithms share a common 

practical flaw, which is that they both require prior 

knowledge of the lower bound for weak learning algorithms 

to learn correctly. 

In 1995, Freund and Schapire improved the Boosting 

algorithm and proposed the AdaBoost (Adaptive Boosting) 

algorithm, which has almost the same efficiency as Freund's 

Boosting algorithm proposed in 1991, but does not require 

any prior knowledge about weak learners, making it easier to 

apply to practical problems. 

The emergence of support vector machines is another 

important breakthrough in the field of machine learning, and 

this algorithm has a very strong theoretical position and 

empirical results. During that period, machine learning 

research was also divided into two schools: NN and SVM. 

However, after the proposal of support vector machines 

with kernel functions around 2000, SVM achieved better 

performance in many tasks previously occupied by NN. In 

addition, SVM can also utilize all the profound knowledge 

about convex optimization, generalized marginal theory, and 

kernel functions relative to NN. Therefore, SVM can 

vigorously promote the improvement of theory and practice 

from different disciplines. 

Hinton, a leader in the field of neural network research, 

proposed the Deep Learning algorithm for neural networks in 

2006, which greatly improved the capabilities of neural 

networks and posed a challenge to support vector machines. 

In 2006, Hinton, the leader of machine learning, and his 

student Salakhutdinov published an article in the top 

academic journal “Scince ” , ushering in a wave of deep 

learning in both academia and industry. 

The success of deep learning does not stem from 

advances in neuroscience or cognitive science, but from the 

driving force of big data and the significant improvement of 

computing power. It can be said that machine learning is 

created by the joint efforts of academia, industry, 

entrepreneurship, and other fields. The academic community 

is the engine, the industrial community is the driving force, 

and the entrepreneurial community is the vitality and future. 

The academic and industrial communities should have their 

own responsibilities and division of labor. The responsibility 

of the academic community is to establish and develop the 

discipline of machine learning, and cultivate specialized 

talents in the field of machine learning; Large projects and 

engineering should be driven by the market and implemented 

and completed by the industry. 

3 METHODOLOGY 

The Supervised learning is the most common and 

widely used algorithm in machine learning, which includes 

decision trees, support vector machines, and neural networks. 

Decision tree is a model based on a tree structure that 

recursively partitions a dataset to achieve prediction of target 

variables. It ’s simple and intuitive characteristics make it 

widely used in data mining and classification problems. 

Decision trees have strong interpretability and are easy to 

understand and interpret, but they are also prone to overfitting 

and require optimization measures such as pruning. Chen et 

al. are committed to solving the challenge of cancer literature 



Journal of Computer Technology and Applied Mathematics 

Journal Home: http://jctam.suaspress.org | CODEN: JCTAAD 

Vol. 1, No. 4, 2024 | ISSN 3007-4126 (Print) | ISSN 3007-4134 (Online) | ISSN 3007-4142 (Digital)   

Published By SOUTHERN UNITED ACADEMY OF SCIENCES PRESS  119 

Copyright ©   2024 The author retains copyright and grants the journal the right of first publication.  
This work is licensed under a Creative Commons Attribution 4.0 International License. 

classification in biomedical texts. They have planned a 

unique dataset containing over 6 pages of extensive 

documents, using the random forest tree method to tackle 

classification tasks, and combining multiple decision trees to 

improve accuracy and robustness. They have demonstrated 

outstanding performance in dealing with complex 

classification tasks and have been widely applied in the fields 

of machine learning and data science. 

Support Vector Machine (SVM) is a supervised learning 

algorithm that performs well in classification and regression. 

The basic idea is to find a hyperplane that can effectively 

separate different categories and maximize the classification 

interval. The application of SVM mapping and kernel 

techniques in high-dimensional space makes it suitable for 

complex nonlinear problems[1]. However, for large-scale 

datasets, SVM has a high computational complexity and 

requires careful selection of kernel functions and parameters. 

There is currently significant controversy over the detection 

of earthquake precursors, making remote sensing technology 

a warning tool[2]. Saed A et al. used machine learning 

support vector machines to estimate the total ionospheric 

electron content time series of GPS and evaluate earthquake 

precursors. By perturbing TEC data, SVM can identify stress 

accumulation signals deep in the crust, providing a new 

approach for earthquake prediction. 

Neural network is an algorithm that simulates the 

structure of human brain neurons, learning complex patterns 

and relationships through multi-level neural networks. Neural 

networks in deep learning have achieved great success in 

fields such as image recognition and speech processing[3]. 

However, the training of neural networks requires a large 

amount of data and computing resources, and the selection 

and adjustment of network structure is also a complex 

problem. Hu H et al. addressed the challenges in casting 

defect detection by using the convolutional neural network 

model Xception to accurately analyze product images, 

capture defects that are difficult to detect by the human eye, 

and improve the dataset and model generalization ability 

through data augmentation techniques, significantly 

improving defect recognition efficiency.. 

This research employs both regression-based and 

advanced machine learning approaches to model the 

relationship between temperature and other weather factors. 

Unsupervised learning algorithms search for hidden 

patterns and structures in unlabeled data, including clustering 

algorithms, principal component analysis, and association 

rule learning. 

The clustering algorithm divides data into similar 

clusters, resulting in higher similarity between data within the 

same cluster and lower similarity between different clusters. 

K-means clustering, hierarchical clustering, and other 

clustering algorithms are common and widely used in fields 

such as market analysis and image segmentation[4]. 

Principal Component Analysis (PCA) is a 

dimensionality reduction technique that maps high-

dimensional data to low dimensional space through linear 

transformation, preserving the most important information in 

the dataset. PCA plays an important role in data visualization 

and feature extraction, but there is also an issue of 

information loss, which requires balancing accuracy and 

dimension selection in the dimensionality reduction 

process[5]. 

Association rule learning is used to discover the 

association relationships between items in a dataset, such as 

product combinations in shopping basket analysis. By mining 

association rules, businesses can be assisted in making 

precise recommendations and optimizing sales strategies. 

However, the computational cost of association rule learning 

on large-scale datasets is high and requires optimization 

processing. 

Deep reinforcement learning combines deep neural 

networks with reinforcement learning to learn complex 

strategies through neural networks. The success of AlphaGo 

is a typical case of deep reinforcement learning, however, the 

training difficulty of deep reinforcement learning is high, and 

it needs to overcome problems such as stability and 

convergence. Che C et al. focus on the interdisciplinary 

integration of mechanical engineering and computer science. 

Through deep learning, especially 2D convolutional neural 

networks, the original sensor data is transformed into accurate 

robot position prediction.  

Through the training of asymmetric Gaussian loss 

functions, the mean square error is effectively reduced. With 

the continuous development of deep learning technology, 

more and more algorithms are proposed to solve various 

problems. However, a single algorithm is often difficult to 

achieve optimal results, so it is necessary to fuse and integrate 

multiple algorithms to achieve higher performance[6]. The 

fusion and ensemble optimization of machine learning 

models based on swarm intelligence algorithms is a solution. 

Huang et al. combined adaptive gain control and clustering 

algorithm is used to implement a communication free system 

with adversarial agents. Adopting a biologically inspired 

Flocking algorithm, population observation is enhanced 

through adaptive gain control and partial Kalman filters[7]. 

Finally, through the computer vision target recognition of 

SWARM drones, the simulation system was successfully 

transformed into practical and reliable applications. 

3.1 REGRESSION MODELS 

3.1.1 Variance Inflation Factor (VIF) 

To address multicollinearity among independent 

variables, VIF analysis was conducted with a threshold of 2. 

This process led to the exclusion of the 'Apparent 

Temperature (C)' variable due to high collinearity. 

3.1.2 Linear Regression (LR) 

A multiple linear regression model was developed to 

explore the linear dependencies between temperature and the 
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remaining five weather factors. The model was specified as: 

𝑌 =  𝑎 + 𝑏1𝑋1  +  𝑏2𝑋2  +  … + 𝑏𝑛𝑋𝑛 

Where, Y indicates the dependent variable temperature 

in Szeged.  

3.1.3 Principal Component Regression (PCR) 

Recognizing potential limitations of VIF in fully 

mitigating multicollinearity, PCR was employed as an 

alternative dimension reduction technique. The process 

involved standardizing the data, performing PCA to extract 

principal components, and subsequently conducting linear 

regression using the selected components. Two principal 

components were retained based on the eigenvalue 

distribution, enhancing model efficiency and reducing 

computational demands. 

3.2 ADVANCED MACHINE LEARNING MODELS 

3.2.1 XGBoost 

Extreme Gradient Boosting (XGBoost) was selected for 

its proven accuracy and scalability in predictive modeling 

[17]. Its ability to handle complex, non-linear relationships 

makes it a suitable candidate for temperature forecasting. 

3.2.2 Artificial Neural Network (ANN) 

An ANN, specifically a three-layer Fully Connected 

Neural Network (FCNN), was constructed to model 

temperature dependencies. Data normalization using Min-

Max scaling was performed to optimize training efficiency. 

The network architecture included an input layer with six 

nodes, a hidden layer with ten nodes, and an output layer 

predicting temperature. The Adam optimizer and Mean 

Squared Error (MSE) loss function were utilized over twenty 

training epochs. 

4 RESULT  

4.1 REGRESSION MODELS 

The linear regression models exhibited varying degrees 

of multicollinearity, with VIF-adjusted models showing 

reduced multicollinearity issues. The R-squared value 

decreased from 0.991 to 0.548 post-VIF adjustment, 

indicating diminished explanatory power. Conversely, the 

PCR model achieved an R-squared of 0.770, outperforming 

the VIF-adjusted LR model by effectively mitigating 

multicollinearity without substantial loss in fit. Residual 

analysis confirmed normal distribution patterns across all 

regression models, validating their suitability. 

4.2 ADVANCED MACHINE LEARNING MODELS 

Both XGBoost and FCNN were evaluated on training 

(80%) and testing (20%) datasets. XGBoost achieved an R-

squared of 0.999585, significantly surpassing FCNN’s 

0.936483. Prediction versus actual temperature plots for both 

models demonstrated high accuracy, with minimal Mean 

Squared Error (MSE) and Root Mean Squared Error (RMSE), 

underscoring their capability to capture temperature 

variations effectively. 

Among the regression approaches, PCR emerged as the 

most effective model, balancing complexity and explanatory 

power with an R-squared of 0.770. Advanced machine 

learning models, particularly XGBoost, outperformed 

traditional regression methods, achieving near-perfect 

predictive accuracy. Despite FCNN’s lower R-squared, its 

lower MSE and RMSE values indicate strong predictive 

performance, though XGBoost's superior fit and faster 

training times render it more advantageous for this 

regression-focused study. 

The superior performance of XGBoost suggests that 

linear relationships heavily influence temperature dynamics, 

despite the potential presence of non-linear interactions. This 

aligns with findings from [1], who demonstrate the efficacy 

of advanced ML techniques in complex predictive tasks 

across various domains. 

However, the study has limitations, including the 

absence of temporal and spatial autocorrelation 

considerations and the focus on a single geographic location. 

Future research should explore spatio-temporal models and 

extend analyses to multiple regions to enhance 

generalizability and robustness.XGBoost's significantly 

higher R-squared value (0.999585) compared to the Fully 

Connected Neural Network's (FCNN) R-squared (0.936483) 

highlights its superior ability to model temperature data, 

especially in regression tasks where precise predictive 

accuracy is paramount. This remarkable performance 

suggests that XGBoost excels at capturing the dominant 

linear relationships present in the dataset. The extremely high 

R-squared value indicates that XGBoost can almost perfectly 

explain the variance in the temperature data, making it a 

standout choice for regression analysis. Moreover, its faster 

training times make it even more desirable in practical 

scenarios where computational efficiency is crucial, 

particularly in large-scale or real-time applications. 

In contrast, although FCNN's R-squared is lower than 

that of XGBoost, it still demonstrates strong predictive 

performance. The lower Mean Squared Error (MSE) and 

Root Mean Squared Error (RMSE) values for FCNN indicate 

that it captures temperature variations effectively, even 

though its ability to explain the variance in the data is less 

comprehensive than XGBoost. FCNN's ability to achieve 

lower error metrics may be attributed to its flexibility in 

modeling more complex, non-linear interactions within the 

dataset. Neural networks, like FCNNs, are designed to handle 

a wide range of relationships, including non-linear patterns, 

and often perform well in tasks where complex data 

interactions are prevalent. However, in this case, the 

temperature data may have stronger linear components, 

which is likely why XGBoost, a model that excels in linear 

relationships, performed better. 
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This performance difference highlights an important 

aspect of regression modeling—choosing the right algorithm 

based on the underlying data structure. XGBoost, as a 

gradient boosting decision tree model, inherently favors 

datasets where linear relationships dominate, while FCNNs 

are generally more suited to capturing complex, non-linear 

dynamics. In this study, the dominant linear relationships in 

temperature dynamics provided a perfect opportunity for 

XGBoost to shine, as reflected in its near-perfect R-squared 

value and superior predictive accuracy. 

In addition to XGBoost and FCNN, the study also 

evaluated Principal Component Regression (PCR), which, 

despite being a traditional regression technique, performed 

reasonably well with an R-squared value of 0.770. PCR 

balances the complexity and explanatory power, offering a 

viable option for regression analysis. However, compared to 

the more advanced machine learning models, PCR’s 

performance lagged behind. The lower R-squared value 

suggests that PCR is not as adept at capturing the nuances in 

the temperature data, which could include both linear and 

non-linear interactions. This result is not unexpected, as PCR 

simplifies the data by reducing its dimensionality through 

principal components, potentially leading to a loss of 

information that more advanced models like XGBoost can 

retain and utilize. 

Despite the strong performance of XGBoost and FCNN, 

the study acknowledges certain limitations that should be 

addressed in future research. One key limitation is the lack of 

consideration for temporal and spatial autocorrelation. 

Temperature data, particularly in geographic studies, often 

exhibit temporal dependencies, where past values influence 

future values, as well as spatial correlations, where nearby 

geographic locations share similar temperature patterns. 

These factors can introduce biases if not appropriately 

modeled. By not accounting for these autocorrelations, the 

study’s findings may be less robust when applied to other 

contexts where spatio-temporal dynamics are critical. Future 

studies could benefit from integrating models that specifically 

handle these types of data dependencies, such as spatio-

temporal models, to ensure more generalized and reliable 

predictions. 

Through the training of asymmetric Gaussian loss 

functions, the mean square error is effectively reduced. With 

the continuous development of deep learning technology, 

more and more algorithms are proposed to solve various 

problems. However, a single algorithm is often difficult to 

achieve optimal results, so it is necessary to fuse and integrate 

multiple algorithms to achieve higher performance. 

Another limitation is the focus on a single geographic 

location. While the study's findings are insightful, they may 

not be generalizable to other regions with different climate 

patterns or temperature dynamics. Temperature behavior can 

vary significantly across regions, driven by factors such as 

altitude, proximity to water bodies, or unique weather 

patterns. As such, future research should extend the analysis 

to multiple regions to assess the broader applicability of the 

findings. Including diverse geographic locations in the 

analysis would provide a more comprehensive understanding 

of the models’ performance across varied climate conditions 

and enhance the robustness and generalizability of the 

conclusions drawn from the study. 

5 CONCLUSION 

The Go battle between AlphaGo and Li Shishi marked 

a huge advancement in artificial intelligence, with a 4:1 

victory triggering profound attention to the development of 

artificial intelligence. This event highlights the powerful 

capabilities of machine learning and lays the foundation for 

showcasing the promising future of deep level machine 

learning. With the support of brain like computer cognitive 

technology, machine learning is bound to usher in greater 

development. It is crucial to conduct in-depth research on the 

performance, structure, learning, and functional models of 

machine learning to replace weak artificial intelligence and 

enhance intelligence in order to meet the needs of advanced 

development. 

In the future, machine learning is expected to combine 

human cognition, learning, thinking, reasoning, and other 

aspects to enhance their abilities. Continuously upgrading, 

optimizing, and improving artificial intelligence is the key to 

ensuring the sustainable development of advanced science 

and technology. With the support of cloud computing, the 

Internet of Things and big data, machine learning will 

promote the development of digital technology, pay attention 

to the comprehensive role, promote to the height of 

interpersonal interaction, and realize the practical application 

of autonomous vehicle and other fields. 

The widespread application of machine learning will 

bring great convenience to people's daily life and production, 

promoting the development of personalized and intelligent 

fields such as education, finance, and healthcare. In the field 

of education, machine learning can customize personalized 

learning paths and educational resources to enhance learning 

effectiveness. In the financial field, machine learning can 

optimize risk management and investment strategies, and 

improve the efficiency of financial services. In the medical 

field, machine learning can assist doctors in diagnosis and 

treatment decisions, improving medical standards. 

Overall, the continuous development of machine 

learning will bring revolutionary changes to society. Through 

continuous innovation and optimization, artificial 

intelligence will become a leader in future technological 

development, creating more convenient, intelligent, and 

personalized life and work experiences for people. In this 

process of continuous progress, people need to maintain a 

cautious focus on ethics and social impact, ensure that the 

application of machine learning meets ethical standards, and 

bring positive changes to society. 
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