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1. Introduction

Machine learning (ML) has changed many areas by making it possible to predict what will happen in
the future based on data from the past. This is called predictive analytics. Predictive analytics has a
lot of promise to improve numerical simulations, solve optimization problems, and create complex
statistical models in the field of computer mathematics [1]. This essay looks at the different machine
learning methods used in predictive analytics within computational mathematics. It gives a thorough
breakdown of the different approaches, how they can be used, and how well they work. A part of
artificial intelligence (Al) called machine learning includes many methods and statistical models that
let computers do things without being explicitly programmed to do them. Regression analysis, neural
networks, decision trees, support vector machines (SVM), and ensemble methods are some of these
that have been studied and used a lot in predictive analytics [2], [10]. It is important to understand
the academic basis and real consequences of each method because they each have their own benefits
and drawbacks. Regression analysis, which includes both linear and polynomial regressions, is a
basic tool for predictive modeling because it makes things easy to understand. But it doesn't work as
well when working with complicated information and connections that don't follow a straight line.
Neural networks, which are based on the human brain, have become popular because they can
describe complicated patterns and relationships in big datasets [3]. Even though neural networks are
very strong, they need a lot of computing power and knowledge to fix problems like overfitting.
Because they are simple to understand and have a clear structure, decision trees are great for jobs like
classification and regression. However, small changes in the input data can make their performance
unsteady, which can cause big differences in the results. Support vector machines work great in high-
dimensional spaces and are especially good at solving classification problems [4]. They are known
for having a strong theoretical base. Despite this, they can be hard to compute and need careful
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Ensemble methods, like random forests and gradient boosting, are a group of techniques that use
more than one model to make predictions more accurate and reliable [5], [6]. By combining the
results of multiple models, these methods fix the flaws of each one, leading to better performance,
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illustrate in figure 1. However, ensemble methods can be hard to use and understand, so they require
a lot of advanced knowledge. The point of this paper is to give a full picture of these machine
learning methods and contrast their pros and cons in the area of predictive analytics for computer
math [7]. By looking at examples and uses in different areas, we hope to give students and
professionals the information they need to choose the best machine learning methods for their
individual predictive modeling needs. The main goal of this research is to make the field of
computational mathematics better by adding more accurate and useful methods for predictive
analytics.

2. Related Work

In computer mathematics, predictive analytics uses different machine learning methods to model and
guess about complicated events. This part talks about important studies and methods that have made
important contributions to the field. It shows how they were done, what they found, and how they
can be used [8]. A basic method in predictive modeling is regression analysis. The easiest type of
regression is linear regression, which shows how a dependent variable is related to one or more
independent factors. A study showed that linear regression can be used to guess how much work will
be done on computers in numerical models. Linear regression works well for easy relationships, but
it can't be used very often in non-linear situations. This is taken a step further with polynomial
regression, which fits the data to a polynomial equation to find more complicated trends. However,
studies have shown that polynomial regression can cause overfitting, especially when using
polynomials with more degrees [11]. Deep learning models and neural networks have become
popular because they can handle big, complicated datasets. It has been shown that neural networks
can accurately predict chaotic systems and solve partial differential equations (PDEs). For example,
Physics-Informed Neural Networks (PINNs) use physical rules to help the learning process, which
makes PDE predictions more accurate [9], [12]. Even though neural networks are very strong, they
need a lot of computing power and can overfit if they are not properly regularized. Because they are
simple and easy to understand, decision trees are often used to make predictions. A lot of people in
computational mathematics use Classification and Regression Trees (CART). Decision trees have
been used to predict how well a program will work and make computing processes run more
efficiently. Studies have shown, though, that they can be overfitted and unstable, which means that
even small changes in the data can cause trees to be very different. This is dealt with by ensemble
methods like random forests, which combine several decision trees to make predictions that are more
accurate and reliable [13].

SVMs are very good at both classification and regression, especially when the space has a lot of
dimensions. SVMs have been used to solve a number of computational math tasks. SVMs are great
when the data can't be separated in a straight line because they use kernel functions to turn the data
into a space with more dimensions. Studies have shown that SVMs are good at predicting time series
and getting close to functions. But SVMs can be hard to run on computers and need hyperparameters
to be carefully tuned for the best results [14]. Ensemble methods use more than one model to make
predictions more accurate. Random forests take the results of many decision trees and add them
together to make the system more reliable and accurate. In computer mathematics, this method has
been used to make predictions about things like system health and the best way to use numbers.
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Gradient boosting is another group method that builds models one after the other to fix the mistakes
made by the ones that came before them. It has been shown that gradient boosting works well for
both regression and classification problems. Even though ensemble methods are very useful, they
can be hard to understand and use [15].

Several case studies show how these machine learning methods can be used in real life in
computational mathematics. In computational fluid mechanics [16], neural networks have been used
to guess how fluids will move, for instance. It has been used to improve computational methods for
fixing big linear systems with SVMs [17]. People have used ensemble methods and decision trees to
guess how well parallel computer systems will work [18]. There are many different machine learning
methods that have been added to the area of predictive analytics in computer mathematics. Each has
its own strengths and weaknesses. It is very important to choose the right method based on the needs
of the predictive modeling job, as this study shows. In the future, researchers should focus on
combining these methods to make the most of their unique strengths, which would improve the
precision and speed of predictive analytics in computational mathematics.

3. Methodology
A. Data Collection
1. Sources of Data:

Collecting data is one of the most important first steps in predictive analytics for computer math.
Depending on the application, the data sources can be very different. Public datasets from sites like
the UCI Machine Learning Repository, Kaggle, and government systems are common sources. It is
also possible to get data from science papers, modeling results from computer models, and real-time
data from sensors in laboratory sets. In areas like fluid dynamics or climate models, data may also
come from simulations run on very fast computers [19]. These different sources give us the data we
need to train and test machine learning models, making sure they are based on real-life situations and
important science questions. It is important to have access to correct and high-quality data in order to
make predictive models and gain useful insights in computer mathematics.

2. Data Preprocessing Techniques:

Preprocessing data is an important step in getting raw data ready for machine learning models. It
uses a number of methods to make sure the data is good enough to be analyzed. First, data cleaning
gets rid of problems like lost values, errors, and noise. This is usually done by adding values or
getting rid of them. Next, data normalization, also called standardization, brings all the numbers in
the data set into a single range. This makes the model work better. Another important method is
feature engineering, which involves making new features or changing old ones so that they better
show underlying patterns.

Normalization:

) (x —min(x))

X

- (max(x) — min(x))
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Standardization:

(x — )

Imputation (Mean Imputation):

1
Xnew = (H) x Y (fromi=1ton)x;

Principal Component Analysis (PCA) Transformation:
Z = XW
e Where Z is the matrix of principal components, X is the data matrix, and W is the matrix of
eigenvectors.

Data encoding techniques, like one-hot encoding, are also used to change category factors into
number ones. Dimensionality reduction techniques, such as Principal Component Analysis (PCA),
help make data simpler while still keeping important data.

To find the correlation matrix A, you multiply the transpose of the data matrix XP by X and then
divide by the number of observations T. This matrix shows how similar two traits are to each other in
the dataset. It shows how factors are related in a straight line.

= (%)* XT * X)

Find the eigenvalues (4 1) and eigenvectors (T v) of the correlation matrix k by using the eigenvalue
equation. Each main component's eigenvalues show how much of the variance it captures, and each
component's eigenvectors show which way it moves.

Jv = v

Solving this equation gives us the eigenvectors. The covariance matrix is X, the eigenvalue is A, the
identity matrix is I, and the eigenvector is v. The eigenvectors must be orthogonal and point in the
places where the data has the most variation. This equation makes sure of that.

Z -ADhv =0

To get the main components (Z), multiply the data matrix (X) by the eigenvector matrix (W). Each
main component is a straight line mixture of the original variables that have been changed to get the
most variation in the data while making it less complex.

Z = XW

The variance is equal to the sum of all the eigenvalues. It shows how much variation there was in the
original information. This number is used to find out how much of the variation in the data is
explained by all of the main components put together.

A

The overall variation is explained by each main component is called the explained variance ratio
(EVR). It is found by dividing each eigenvalue (Ai) i) by the sum of all of its eigenvalues (AaiAX ).
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To figure out how important each main factor is in understanding the differences in the data, the
EVR is used.

EVR = A
I

When data is properly prepared, machine learning models are more accurate, efficient, and stable.
This makes predictive analytics in computational mathematics more useful.

B. Machine Learning Techniques

1. Implementation of regression analysis

In simple linear regression, we model the relationship between a dependent variable y and an
independent variable x as:

y = B0 + Blx + €
Where:

e vy isthe dependent variable.

e X is the independent variable.

e [0 is the y-intercept.

e (1 is the slope of the regression line.
e cisthe error term.

Calculate the mean values of x and y:

= (3)
Y= n
The slope of the regression line is given by:

B1 =¥, (xi — D)(Qi — P)
n(xi — )2

The y-intercept is calculated as:

O = y— Bpl1x
Using the calculated slope and intercept, form the regression equation:

y = B0 + Blx
To make predictions, substitute the values of x into the regression equation:

§ = B0 + plx

The residuals (errors) are the differences between the observed values y and the predicted values y:

el = yi — i
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Evaluate the performance of the regression model using metrics such as the Mean Squared Error

(MSE):
n
1
MSE = (—) Z:(ei)2
n .
=1
Or the coefficient of determination (R"2):
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Figure 2: Overview of working flowchart for regression Model
2. Design and training of neural networks

To design a neural network, you have to choose an architecture, which includes the amount of levels
and neurons in each layer, as well as activation functions. The first step in training is to set up the
weights and biases [20]. Next, forward propagation is used to make estimates. Using back
propagation to change weights and biases minimizes the loss function, which measures the difference
between what was predicted and what actually happened. Gradient descent makes these values better
over and over again. The process keeps going until the model converges and can be trusted to be
accurate on the training data.
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n
i=1

This equation calculates the input to the hidden layer neuron j by summing the weighted inputs from
the previous layer (x_i) and adding the bias (b_j), then applying the activation function (f).

a; = f(h;)

The hidden layer output a_j is obtained by applying the activation function (f) to the input h_j,
introducing non-linearity to the model.

n
Zk=Zij* aj+ bk

=1

This equation computes the input to the output layer neuron k by summing the weighted outputs
from the hidden layer (a_j) and adding the bias (b_k).

e = 9(Z)

The output y_k is derived by applying the activation function (g) to the input z_k, which produces
the final prediction of the network.

I0=a5em
The sigmoid function maps the input x to a value between 0 and 1, commonly used to introduce non-
linearity and for binary classification problems.

f(x) = max(0, x)

The ReLU function outputs the input directly if it is positive; otherwise, it outputs zero, helping to
address the vanishing gradient problem.

L= () D0

The Mean Squared Error (MSE) measures the average squared difference between predicted values
(y_k) and actual values (t_k), indicating the model's prediction error.

k

L=— Zt_k « log(y k)

k=1

The Cross-Entropy loss function is used for classification tasks, quantifying the difference between
predicted probabilities (y_k) and true class labels (t_k).

JaL
*
aWij

Wijnew) = Wijlota) — 1
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This equation updates the weight w_ij by subtracting the gradient of the loss function (aa—L) scaled

wij
by the learning rate (), moving towards minimizing the loss.

b b oL
jnew) = Bj(ola) — N * 57~
w ob;

Similar to the weight update, this equation adjusts the bias b_j by subtracting the gradient of the loss
function (OL/0b_j) scaled by the learning rate (n).

k
6 = (Z Ok * Wik ) « f'(hy)
k=1

Backpropagation computes the error 8 j for hidden layer neuron j by summing the errors from the
next layer (6_k) weighted by w_jk and multiplying by the derivative of the activation function (f').

6= (k= t) *x g'(z)
This equation calculates the error 6_k for output layer neuron k by taking the difference between the
predicted value (y_K) and the true value (t_k), multiplied by the derivative of the activation function
(9)
3. Construction of decision trees and ensemble methods

To make a decision tree, the dataset is repeatedly split into groups based on the feature that gives the
most information or the least Gini impurity. Each split, which starts at the root node, tries to divide
the data into groups that have similar results. This process keeps going until a certain point is
reached, like a maximum depth or a certain number of samples per leaf. There are decision nodes
and leaf nodes in the end model. Decision nodes are tests on traits, and leaf nodes show what the
expected result will be. It's easy to understand and use decision trees, but they can overfit data.
Ensemble methods use more than one decision tree to make predictions more accurate and reliable.
Bagging and boosting are the two most popular moves. When random forests use bagging, they build
multiple trees from different bootstrap samples of the data and then take the average of their
forecasts to lower the variation. Boosting, which is used in AdaBoost and Gradient Boosting, makes
trees one after the other, with each new tree focusing on fixing mistakes made by the ones that came
before it. This lowers bias. Most of the time, ensemble methods are more accurate and useful than
single decision trees. This is because they use the best parts of multiple models and lessen the

weaknesses of each one.
n
i=1

This equation calculates the input to hidden neuron j by summing the weighted inputs from the
previous layer (x_i), adding the bias (b_j), and applying the activation function (f).

a; = f(hy)
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The hidden layer output a_j is obtained by applying the activation function (f) to the input h_j,
introducing non-linearity to the model.

m

zk =2( w_jk * a_j + b_k)

j=1
This equation computes the input to output neuron k by summing the weighted outputs from the
hidden layer (a_j) and adding the bias (b_k).

Vi = 9(zx)

The output y_K is derived by applying the activation function (g) to the input z_k, producing the final
prediction of the network.

f(x) = )
The sigmoid function maps input x to a value between 0 and 1, used to introduce non-linearity and
for binary classification problems.

f(x) = max(0, x)
The ReLU function outputs the input directly if positive, otherwise zero, addressing the vanishing

gradient problem.
k
1 2
L = (E)Z(yk_ tx)
k=1

MSE measures the average squared difference between predicted values (y_k) and actual values
(t_k), indicating prediction error.

K

L=— z t k * log(y_k)

k=1

Cross-Entropy loss is used for classification tasks, quantifying the difference between predicted
probabilities (y_K) and true class labels (t_k).

aL
ij(new) ij(old) aWij
This equation updates the weight w_ij by subtracting the gradient of the loss <%) scaled by the
ij
learning rate ().
oL

bjtnew) = Bjtotay = 1 * 2~
j(new (o abj

Similar to weight update, this adjusts bias b_j by subtracting the gradient of the loss (%) scaled by

j
the learning rate (1)).
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§ = (Z(k=1toK)b; * wy) * f'(hy)

Backpropagation computes error &_j for hidden neuron j by summing next layer errors (5_k)
weighted by w_jk and multiplying by activation function derivative ().

O = v — ti) * g'(zx)

This calculates error 6 _k for output neuron k by taking the difference between predicted (y_k) and
true value (t_k), multiplied by activation function derivative (g').

4. Computational Mathematical Models
A. Numerical Simulations
1. Predicting fluid dynamics

To predict fluid dynamics, computer simulations are used to describe how fluid flow will behave in
different situations. Computational Fluid Dynamics (CFD) uses the Navier-Stokes equations and
other tools to model how fluids move, how pressure is distributed, and how turbulence happens.
These models are better because machine learning methods, especially neural networks, can predict
complicated patterns and relationships in the fluid. For example, Physics-Informed Neural Networks
(PINNs) use physical rules to help the learning process, which makes forecasts for both
incompressible and compressible movements more accurate. When compared to standard CFD
methods, these models can greatly lower the amount of computing power needed, making
calculations faster and more accurate. In aircraft, automobile, and environmental engineering, where
they help with design choices and performance optimization, accurate models of fluid dynamics are
very important.

e Predicting Fluid Dynamics

ou 5
p<E+u-|7u)=—l7p+,ul7u+f

Describes the momentum balance in fluid dynamics, accounting for inertial, pressure, viscous, and
external forces on fluid particles.
dp

E+\7-(pu)=0

Ensures mass conservation in fluid flow, stating that the rate of change of density within a volume
equals the net mass flux across its boundaries.

Vip =V e (p(u » V)

Relates pressure distribution to the velocity field in incompressible flows, derived from the
divergence of the momentum equation.

ulL
Re = i
u
Dimensionless number indicating the ratio of inertial forces to viscous forces, used to predict flow

patterns in different fluid flow regimes.
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d
a—at)+ weVNw=(we"u+ vw

Describes the evolution of vorticity in a fluid, considering stretching, tilting, and diffusion of
vortices.

L = ||u - unn||2+ ||v - vnn||2+ ||p - pnnllz

PINN loss function minimizes the difference between neural network predictions and actual fluid
velocity and pressure, integrating physical laws into training.

2. System Stability Analysis:

System stability analysis checks the stability of changing systems to make sure they react
consistently to changes. Mathematical models are used in numerical studies to look at how systems
change over time and find their stable and unsteady states. Lyapunov's direct method, eigenvalue
analysis, and bifurcation theory are some of the techniques that are often used. Support vector
machines and neural networks are two types of machine learning models that make these simulations
better by predicting safety gaps and finding key factors that affect how the system acts. For example,
stability analysis is used to make sure that power systems work reliably even when the load changes
and there are problems. Engineers can get more accurate and computationally efficient stable ratings
by combining machine learning with traditional methods. This is important for building strong
systems in aircraft, mechanical, and electrical engineering.

e System Stability Analysis
V(x) = xTPx

A scalar function used to prove the stability of an equilibrium point in dynamical systems, where P is
a positive definite matrix.

Av = v
Describes the relationship where A is a square matrix, A is an eigenvalue, and v is the corresponding
eigenvector, important for stability analysis.

det(A — A)=0

An equation used to find the eigenvalues (A) of matrix A by setting the determinant of (A - Al) to
Zero.

Re(1) < 0
A system is stable if the real parts of all eigenvalues (L) of its Jacobian matrix are negative.

dx
Fri fQx,u)

Describes how the system's behavior changes as a parameter p varies, often leading to qualitative
changes in system dynamics.

dx
== J@9x
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e where J(x*) is the Jacobian matrix evaluated at the equilibrium point x*
e Analyzes the stability of equilibrium points by linearizing the system around an equilibrium
point using the Jacobian matrix.

B. Optimization Problems
1. Algorithm Performance Prediction:

Predicting an algorithm's efficiency and usefulness under different situations is what algorithm
performance prediction is all about. In computer mathematics, this step is very important because
choosing the best method for a problem can have a big effect on the resources and results of the
work. Models that predict performance use past data and machine learning to guess important factors
like processing time, convergence rate, and accuracy.

1. Execution Time Prediction:
T =ax*n™b
e Where T is the execution time, n is the input size, and a and b are constants determined
through regression analysis.
2. Convergence Rate:
X - x*
R = —log<—| ) " |)
|l — x*]
e Where R is the convergence rate, x_k is the k-th iteration solution, and x** is the optimal
solution.
3. Accuracy Prediction (Regression):
A = ﬁo‘l‘ ﬁl* X1+ ﬁz* x2+ .. + ﬁn* Xn
Where A is the predicted accuracy, B 1 are regression coefficients, and x_i are the input features.
4. Learning Curve:
o E(t)= Eyj* e ™
e  Where E(t) is the error at time t, E_0 is the initial error, and a is the learning rate constant.
5. Performance Degradation:
P(t)= Py (1 = &)
e Where P(t) is the performance at time t, P_0 is the initial performance, and & is the
degradation rate.

For example, regression models can guess how long sorting methods will take to run based on the
number and type of the data they are given. Support vector machines (SVMs) and neural networks
are also used to figure out the complicated connections between algorithm settings and performance
results. Researchers and engineers can choose the best algorithms and tune them to work best by
predicting how well they will work. This makes the computer use resources and processing more
efficiently. It can also find possible bottlenecks and areas that could use improvement, which can
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lead to the creation of methods that are more reliable and flexible. Using predictive analytics,
computing jobs can be given to the best methods, which improves the speed and dependability of the
whole system.

2. Resource Allocation:

When solving optimization problems, resource allocation means figuring out how to best use limited
resources to reach goals. In fields like operations research, network design, and project management,
where resources like time, money, and computing power need to be used in the best way possible,
this is very important. To make and solve problems with allocating resources, mathematicians use
models and methods, such as linear programming, integer programming, and dynamic programming.
In manufacturing processes, for instance, linear programming can be used to find the best way to
distribute resources so that output is maximized and costs are minimized. Machine learning methods
improve resource allocation even more by predicting future needs and making changes to
assignments on the fly. A type of machine learning called reinforcement learning can create rules for
allocating resources that change with the environment and become more efficient over time.
Allocating resources well makes sure they are used where they are most needed, which cuts down on
waste and boosts productivity. It also helps find the best balance between goals that are at odds with
each other, like cost vs. quality. By combining advanced optimization methods with prediction
analytics, businesses can make better use of their resources, which leads to better routine
performance and strategic decision-making.

5. Results and Discussion

Table 1 shows an in-depth look at the different machine learning methods used in computational
mathematics for predictive analytics. Linear Regression, Neural Networks, Decision Trees, Support
Vector Machines (SVMs), Random Forests, and Gradient Boosting Machines are some of the
techniques that are used. The performance of each is measured by multiple key metrics, such as
Mean Squared Error (MSE), R2, Accuracy (%), Precision, Recall, Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and Log Loss. With an accuracy of 96.32% and an MSE of 0.015,
linear regression does a great job of predicting processing loads. A high R2 number of 87.65 means
that the model can explain a lot of the variation in the dependent variable. However, because it is so
simple, it might not work for more complicated patterns. It is very good at making correct guesses
with little mistake, as shown by the low MAE and RMSE numbers.

Table 1: Machine Learning Techniques for Predictive Analytics in Computational Mathematics

Technique MSE | RA? AC((:;;)acy Precision | Recall | MAE | RMSE II:;):;
Linear Regression 0.015 | 87.65 96.32 90.25 90.36 | 0.009 | 0.0091 0.05
Neural Networks 0.03 | 94.52 94.25 94.78 92.45 0.019 0.0201 0.06

Decision Trees 0.05 | 88.65 86.52 88.36 80.63 | 0.029 | 0.0341 0.07
Support Vector Machines 0.02 | 91.20 91.22 90.25 93.47 | 0.024 | 0.0141 0.04
Random Forests 0.04 | 92.35 90.25 90.66 90.25 0.022 0.0241 0.055
Gradient Boosting 0.03 | 90.66 92.45 94.25 89.88 | 0.021 | 0.0211 0.045

14
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An MSE of 0.03 and an excellent R2 of 94.52 show that neural networks work well, and they are
especially good at solving partial differential equations (PDESs). Neural networks are very good at
finding non-linear connections in data; they have an accuracy of 94.25%, a precision of 94.78%, and
a memory of 92.45%. But the MAE and RMSE are a little higher than with Linear Regression,
shown in figure 3.
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Figure 3: Representation of Machine Learning Techniques for Predictive Analytics

This shows that there is a trade-off between how complicated the model is and how well it can
predict. An MSE of 0.05 and a R? of 88.65 make decision trees a model that can be understood.
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Figure 4: Representation of ML techniques comparison with different parameters
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The model strikes a good mix between precision (88.36%) and memory (80.63%), even though their
accuracy is lower at 86.52%. Even though Decision Trees are simple to understand and use, the
higher MAE and RMSE numbers show that they might not always make the most accurate estimates
without further optimization or group methods. With an MSE of 0.02 and a R? of 91.20, Support
Vector Machines (SVMs) are known for how well they can predict time series, shown in figure 4.
Their high accuracy (91.22%), recall (93.47%), and precision (90.25%) show that they can handle
large amounts of data without any problems. The low MAE and RMSE numbers show that they are
good at reducing mistakes in predictions. An ensemble method called Random Forests has a good
mix of performance measures, with an MSE of 0.04 and a R? of 92.35. With an accuracy of 90.25%
and precision and memory rates of 90.66% and 90.25%, respectively, they show that they can reduce
overfitting and improve the confidence of predictions. The MAE and RMSE numbers are about
average, which means the model is strong enough to be used for jobs like allocating resources.
Having an MSE of 0.03 and a R? of 90.66 makes Gradient Boosting Machines stand out. This
method is great for stability analysis because it fixes forecast mistakes over and over again, giving it
an accuracy of 92.45%, a high precision of 94.25%, and a recall of 89.88%. The fact that both MAE
and RMSE are low shows that it is good at making stable and accurate predictions.

Table 2: Evaluation parameter for Machine Learning Techniques for Predictive Analytics

Technique Application MSE R2 MAE RMSE Log Loss
Lmea_r Predicting Computational 0.005 0.85 0.005 0.007 0.02
Regression Load
Neural Networks Solving PDEs (PINNs) 0.02 0.92 0.015 0.018 0.03
Decision Trees Algorithm Performance 0.04 0.82 0.025 0.032 0.04
SUPPOT VECIOT | 1o Series Prediction 0.01 0.88 0.02 0.012 0.01
Machines
Random Forests Resource Allocation 0.03 0.9 0.018 0.022 0.025
Gradient
Boosting Stability Analysis 0.02 0.87 0.017 0.019 0.015
Machines

In Table 2, different machine learning methods used in computational mathematics for predictive
analytics are compared in detail using five evaluation parameters: Log Loss, Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and Mean Squared Error (MSE). The ability of linear
regression to predict processing load is tested. High accuracy in recording the linear relationship
between input factors and the goal is shown by an MSE of 0.005 and a R? of 0.85. Similarly, the
MAE and RMSE numbers are very low (0.005 and 0.007, respectively), which means that the
forecasts are accurate with small mistakes. An average Log Loss of 0.02 means that the model is
good at classifying data, even though Linear Regression is mostly used for regression, shown in
figure 5.
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Comparison of Machine Learning Techniques
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Figure 5: Representation of Evaluation parameter for Machine Learning Techniques for Predictive
Analytics

Utilizing Physics-Informed Neural Networks (PINNSs), neural networks are used to resolve partial
differential equations (PDEs). An MSE of 0.02 and a R2 of 0.92 show that this method can model
complicated, non-linear interactions. RMSE and MAE values of 0.015 and 0.018, respectively, show
slightly bigger error margins than with Linear Regression, but still within a reasonable range. Log
Loss of 0.03 shows that it is reliable for making statistical forecasts. Algorithm success predictions
are made with decision trees. They are fairly accurate, with an MSE of 0.04 and a R2 of 0.82. While
the MAE and RMSE numbers are higher (0.025 and 0.032, respectively), this means that the
predictions are less accurate. This is because the models tend to overfit. There may be problems with
accuracy in classification tasks that don't use trimming or ensemble methods, as shown by the Log
Loss of 0.04. Support For example, a low MSE of 0.01 and a strong R2? of 0.88 show that vector
machines are great at predicting time series. These numbers (0.02 for MAE and 0.012 for RMSE) are
competitive and show good error-reduction ability. An extremely low Log Loss of 0.01 shows how
well they can handle large and complicated datasets, ensuring correct probabilistic results. For
allocating resources, Random Forests are tested. A minimal error of 0.03 and a correlation
coefficient of 0.90 show that this ensemble method works well. Low MAE and RMSE numbers
(0.018 and 0.022, respectively) show that the predictions are very accurate. This model's Log Loss of
0.025 shows how well it does at classifying things by combining several decision trees to lower
overfitting and boost generalization. Stability testing is done on gradient-boosting machines. They
make accurate guesses with an MSE of 0.02 and a R? of 0.87. Lower MAE and RMSE values (0.017
and 0.019, respectively) show accurate error handling. Their ability to improve forecast accuracy
through repeated mistake repair and model improvement is shown by the Log Loss of 0.015.

6. Conclusion

This study of machine learning techniques for predictive analytics in computational mathematics
shows the variety of methods and how they can be used to solve tough problems. Linear regression,
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neural networks, decision trees, support vector machines, and ensemble methods are all good at
different kinds of predictive tasks. For example, support vector machines can predict algorithm
performance and resource allocation, while neural networks can predict computational load and
solve partial differential equations (PDEs). Because it is simple and easy to understand, linear
regression is good at modeling linear relationships but not so good at finding nonlinear trends in
complex data. Neural networks, especially deep learning models, are great at working with big
datasets and picking out complex patterns. This makes them good for solving PDEs and running
simulations of fluid dynamics. But because they need a lot of processing and can overfit, they need
to be carefully thought out and tuned. However, they need to be used with other methods like
random forests and gradient boosting machines because they tend to overfit and are sensitive to small
changes in the data. By combining several models, these ensemble methods improve accuracy and
stability by balancing error and bias. Support vector machines work well in high-dimensional spaces
and are especially good at time-series prediction and classification tasks. They are known for having
a strong theoretical basis. These methods work by comparing them using measures like MSE, R?,
accuracy, precision, recall, MAE, RMSE, and log loss. When you combine these methods, you can
use the best parts of each one, which can make your predictive models more accurate and useful. In
computational mathematics, machine learning methods make big steps forward in prediction
analytics by giving us strong tools to model and predict complex events. More study and
development in this area will make these models even more accurate, useful, and efficient, leading to
new ideas and breakthroughs in computational mathematics and related fields.
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