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Abstract

Computational mathematical modeling has become essential across scientific fields,
leveraging numerical methods, Al, and optimization techniques. This research
explores core methodologies, including finite element analysis, differential equation
solvers, and machinelearning prediction models, underpinned by probability theory,
statistical modeling, and differential equations to represent complex systems.
Applications span  physics, biology, and
envitonmental science, addressing structural analysis, disecase modeling, risk

engineering, medicine, finance,
assessment, and climate simulation. Despite advancements, challenges like
computational inefficiency, accuracy limits, and scalability remain. Emerging
technologies—Al, quantum computing, and hybrid models—offer promising solutions
to enhance efficiency and predictive power. Future research should focus on
adaptive algorithms, interdisciplinary approaches, and high-performance computing
to drive more realistic simulations and data-driven decision-making. These

innovations will propel scientific progress and expand the potential of

computational modeling in science, engineering, and applied mathematics.
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INTRODUCTION

Computational mathematical modeling has become a
pillar for tackling real-world problems in diverse fields
from physics and engineering to economics and
biology. Conventional computational methods have
historically formed the foundations of applied
mathematical modeling, employing
approximations to solve partial differential equations
PDEs and optimization problems. The different
approaches such as finite element analysis, finite
difference methods, and Monte Carlo simulation
provide solutions to complex systems and, despite
being powerful, these techniques tend to struggle
with scalability and efficiency for large-scale and high-
dimensional data. It seems to me that Quantum

numerical

Computing and Al-driven optimization has opened
new avenues for optimization and precision in
mathematical modeling which is capitalizing on
previously programming-challenging systems.
Quantum computing, using principles such as
superposition and entanglement, has the potential for
significant increases in the speed of solving
optimization and PDE-based models, while artificial
intelligence, especially from machine learning
algorithms, provides a strong framework for defining
these models and improving their prediction skills
(Zhou et al., 2024; Kumar et al., 2023).

Systems of partial differential equations (PDEs) often
emerge in the context of mathematical modeling,
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including the modeling of physical phenomena like
fluid dynamics, heat conduction, and electromagnetic

fields. These equations are most commonly written as
a conservation law:

ouot+V-Fu=0,

with u(x,t) being the state variable and F(u)
representing the flux term that drives the evolution
of the system. Traditional numerical approaches such
as finite element method (FEM) or spectral methods
discretize to solve these PDEs. However, these
techniques are computationally expensive and
inefficient for high dimensional problems (for

instance, climate modeling or material science).
Quantum algorithms like the Quantum Approximate
Optimization Algorithm (QAOA) and Variational
Quantum Eigensolver (VQE) provide a promising
avenue, capable of decomposing these PDEs into
quantum circuits, and exploiting quantum parallelism
to accelerate calculations (Farhi et al., 2024; Cao et al.,

2023).
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At its core, optimization is a process of finding the
best solution to a problem that is defined in complex
terms and exists within a high-dimensional space.
Traditional optimization methods, like gradient
descent and Newton’s method, face difficulties like
slow convergence and local minima, especially in non-
convex optimization problems. Reinforcement
learning (RL) and other evolutionary algorithms
allow for considerable optimization, thanks to the
ability to dynamically respond to changing
environments and explore vast solution spaces in an
efficient manner. For example, reinforcement
learning learns a policy function m(als), where all
actions always change due to the previously expected
rewards:

E[R]=s€SPsa€AmalsRs,a,

where s€S is the system state, a€A is an action, and
R(s,a) is the reward received for taking action a in
state s, and quantum-enhanced optimization,
specifically via QAOA (Preskill, 2024; Farhi et al.,
2024), to increase the efficiency of solving
combinatorial ~optimization problems through
quantum interference.

<
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It will enable simulation of complex systems (e.g.,
climate models, financial systems, biological
processes) using quantum superposition to describe
complex probability distributions. Quantum systems
are described by wave-functions Yi(x,t), which satisfy
the Schrodinger equation:

ihopot=Hy,

and H is the Hamiltonian operator that governs the
evolution of the system. Classical simulations had a
hard time modeling those interactions within those
systems because so many variables are involved.
Quantum computing also presents an exciting
solution to this problem, allowing for more efficient
simulation of these complex systems, requiring less
computational time and offering greater accuracy.
Methods based on Al, like GANs and VAEs, have
been utilized to represent high-dimensional data,
create simulation models, and improve the precision
of system predictions in terms of learning the latent
representations in the data (Zhang et al., 2023;
Kingma & Welling, 2023).

Quantum computing and Al-driven optimization are
starting to become integrated, making computing

researchnexus.info

| Habiba, 2025 |

Page 11


https://portal.issn.org/resource/ISSN/3106-7867
https://portal.issn.org/resource/ISSN/3106-7859

THE RESEARCH NEXUS
ISSN: 31067867 | 3106-7859

Volume 2, Issue 2, 2025

i\

Research Nexus

models that are able to model far more complex
systems than their predecessors. Quantum machine
learning (QML) is an exciting new frontier that
integrates quantum algorithms within
machine learning models. A notable advance is the
development of quantum neural networks (QNNs),
which combine quantum computing’s capacity to
process high-dimensional complex data with classical
neural networks’ capacity to learn from data. Applying
quantum-enhanced gradient descent, these hybrid
quantum-classical approaches can optimize loss
functions L(0) by updating parameters 0:
Ot+1=0tnVL0t,

where 1 is the learning rate. As quantum hardware
advances, we face challenges related to noise and error
rates in quantum processors; however, machine
learning techniques for error correction (e.g.,
quantum error-correcting codes) are being explored to
reduce these limitations (Schuld et al., 2024; Liu et
al., 2025).

The model's underlying quantum dynamics results in
the combination of quantum and Alinduced
advancement to solve the mathematical problem
reflected in the process of a coupled quantum system
which theoretically becomes optimal. As explored in
this paper, the marriage of quantum algorithms with
machine learning techniques has the potential to
address grand challenges across multiple scientific
domains, ranging from solutions to materials science
to climate change, while underscoring the
importance of ongoing work in hybrid quantum-Al
frameworks. As quantum hardware and Al
methodologies continue to advance, there is the
prospect of a synergistic power that may revolutionize
our capability to model and understand complex
systems in nature, propelling innovation across a
range of research and industrial sectors (Kumar et al.,

2024; Zhang et al., 2025).

classical

Numerical Methods in Engineering Science
Computational Methods for Mathematical
Modelling: Overview

Solving complex systems is needed in engineering,
economics, translating  physics problems to
implementation, and in biology — basically,
computational mathematical modeling is all over the
life-sciences. October 2023: This discipline allows us

real-world
and

to model and study
mathematical

systems
numerical

using
formulas tools.
Typically, models are solved using deterministic
approaches such as finite element methods (FEM) and
finite difference methods (FDM). Such methods
generate a mesh of points or elements from
continuous systems to enable the numerical solution
of partial differential equations (PDEs) used to
describe physical process flow, including heat transfer,
fluid mechanics, and material deformation. The heat
conduction equation is one of most popular PDEs
used in these models, as:

ouot=aV2u,

where u(x,t) is the temperature at position x and time
t and a is the thermal diffusivity. However, these
classical approaches are limited and face major
challenges in applications with high-dimensional and
nonlinear systems, where state-of-the-art methods such
as machine learning (ML) and artificial intelligence
(AI) outperform classical methods by a large extend
(Zhou et al., 2024).
Modelling Techniques based on  Numerical
Methods and/or Al

Deterministic models are well-established, and hence,
numerical methods like FEM and solvers for
differential equations (e.g., Runge-Kutta) will be used
by many researchers due to their robustness. However,
the continued development of computational
techniques frequently incorporates machine learning
(ML) algorithms to replicate the behavior of complex
systems. For example, deep learning neural networks
such as CNNs and RNNs are being used to
approximate solutions to differential equations,
especially those that cannot be computed using
analytical methods or classical numerical solutions
due to excessive computational cost (Zhang et al.,
2023). Such Al-driven approaches are capable of
dealing with high-dimensional input data and greater
flexibility in adjusting to new situations. Neural
networks, for example, can be taught to predict the
solution of a partial differential equation from its
boundary conditions, as in the equation:
fx=i=1Nwi-xi+h,

where f(x) is the predicted output, w_i are weights,
and x_i are inputs. Al-driven techniques provide a
creatve approach to mathematical modeling, as they
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allow flexibility during training (as opposed to
forming a fixed mathematical function) and can
discover patterns by simply learning on raw data

(Kumar et al., 2024).

Optimization  Algorithms in Computational
Modeling
Computational modeling often involves

optimization—minimizing or maximizing a system
parameter like cost, efficiency, or energy usage.
Optimization is key in making informed decision
solutions in a given context, as it helps experts address
the issues as they arise. Conventional optimization
algorithms like gradient descent and Newton’s
method work well for nice, convex problems. But in
complex systems where numerous variables can be
optimized, Al optimization techniques like genetic
algorithms and reinforcement learning can effectively
explore the solution space even in cases where the
problem is non-convex or contains numerous local
One of the bestknown optimization
equations in this context is the gradient descent
update rule:

0t+1=0tnVO]0r,

where 0 is the parameters, 1 is the learning rate, and
J(6_t) is the cost function. Hamiltonian simulation in
quantum computers can help to port optimized and
complex models more naturally to quantum
computers, recently emerging quantum optimization
algorithms, such as the Quantum Approximate
Optimization Algorithm (QAOA), could provide an
exponential speedup compared to classical methods
(Farhi et al., 20241). The problem size can grows
exponentially due to some fields, such as the
determining the topology of mathematical surfaces —
it requires advanced computational methods. And it
can be one approach with Al and quantum
approaches to solving mathematical problems.

minima.

Theoretical Basis and Mathematical Foundation
Mathematical Models Underpinning
Computational Theories

They are rooted in the core mathematical principles
of linear algebra, calculus, differential equations and
probability theory and are used to model and analyze
complex systems. Matrix operations and eigenvalue
problems for linear algebra provide the foundation of

many computational algorithms — from machine
learning to optimization. In this context, one
important equation is the eigenvalue problem:
Ax=Ax

where A is a square matrix, X is a nonzero vector, and
A is the eigen value. Dynamic systems and their
changes over time are typically described using
ordinary (ODEs) and partial (PDEs) differential
equations. For example, we have the following
general form for a first-order ODE:

dydt=fy,t

that predict population growth and heat transfer
processes (Zhou et al., 2023). Computational models
take advantage of numerical solvers, such as the
Runge-Kutta and finite element methods, to find
solutions when analytical approaches cannot be

pursued (Kumar et al., 2024).
Mathematical Equations to Model Real-World
Systems

Mathematical equations that relate various quantities
or variables often describe real world systems. Fluid
dynamics simulations, for instance, use the Navier-
Stokes equations, which explain how viscous fluid
flow:

pouot+u-Vu=-Vp+uV2u+f

where p is fluid density, u is velocity, p is pressure, u
is dynamic viscosity, and f is external force (Chen et
al., 2022). Stochastic differential equations (SDEs) are
used in probability and statistics to model random
processes, like for example changes in stock prices in
financial modeling. The Black-Scholes equation,
0Vot+1262S202V0S2+rSoVoS-rV=0,

A mathematical definition such as the Black &
Scholes equation (Eqn:1),where V is the option price,
S is the stock price o is volatility, and r is the risk-free
rate, is commonly  used in finance
computations(Wang et al., 2024). These rely on
numerical approaches (e.g., Monte Carlo simulations)
to compute probabilities and expected values.

Ongoing Process of in Computational Description
By enabling efficient simulations and optimizations,

computational tools are essential for analyzing
mathematical models. Predictive analytics and
automated parameter tuning techniques from

machine learning and artificial intelligence (AI) have
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improved the accuracy of predictive models.

Optimization methods like down gradient,
0t+1=0tnVO]0r,

where 0 are model parameters, 1) is the learning rate,
and J(0) is the cost function, and iteratively refine
model predictions (Liu et al., 2023). Moreover,
quantum computing is also becoming a powerful
method of solving sophisticated mathematical
models, especially those related to high-dimensional
optimization and cryptographic applications (Farhi et
al.,, 2024). This interdisciplinary approach harnesses
the power of modern computation to tackle
previously intractable problems, updated on data
enabled up to October 2023 with respect to new tools
and methodologies already implement in engineering,
science, and industries.

Case studies and real-world applications
Computational Models, Physics & Engineering
Computational models are of immense importance in
physics and engineering, more specifically during
structural analysis, fluid dynamics, and material
science. In structural engineering, finite element
methods (FEM) are commonly used to study stress
and deformation in buildings and bridges. The
displacement of an elastic structure can be described
by:

Ku=F

K — stiffness matrix; u — displacement vector; and
F — external forces (Kumar et al.,, 2024). In fluid
dynamics, the Navier-Stokes equations govern the
motion of incompressible fluids:
ouot+u-Vu=-1pVp+vV2u

where u, p, p, Vv are velocity, pressure, density, and
kinematic viscosity respectively (Chen et al., 2023).
Computational fluid Dynamics (CFD) techniques are
used to solve these equations for optimization of
aerodynamic designs in aerospace and automotive

fields.

Application in Biology and Medicine

Computer modeling in biology and medicine has
greatly contributed to predicting disease spread,
pharmacokinetics, and  bioinformatics.  The
Susceptible-Infected-Recovered (SIR) model is one of
the most commonly used mathematical frameworks
in epidemiology and is given by:

dSde=-8SI, dIde=pSLyl, dRdt=yI

where S, 1, and R represent susceptible, infected, and
recovered populations, respectively, and 3 and y are
transmission- and recovery rates (Wang et al., 2022).
Pharmacokinetics- first-order differential equations
are used for blood concentrations to optimize dosage
regimens (Patel et al, 2024) Moreover, with an
emphasis on ML and probabilistic models like
HMMs, bioinformatics has been used for gene
sequencing, protein structure predictions (Liu et al.,

2023).

Computational Methods in Finance and Economics
Even in finance and economics, computational
models optimize risk assessment, market predictions,
and portfolio optimization. The Black-Scholes
equation,

0Vot+1202S202V0S2+rSoVoS-rV=0,

is extensively employed in options pricing (where V is
the value of the option, S is the price of the asset, 0
is the volatility, and r is the risk-free interest rate (Zhou
et al., 2024)). Monte Carlo simulations are a
technique that can enhance risk assessment response
by issuing probabilistic predictions of financial
markets (Lai & Chen, 2023). Game theory and agent-
based simulations are also used in economic models
to predict market behavior and the impacts of policies.

Climate Modeling and Environmental Science
Computational models  have applications in
environmental science such as climate prediction,
population dynamics, and disaster prediction.
Examples include the coupled differential equations
that govern the behavior of the atmosphere and
oceans that are solved by climate models:
dTdt=-aT+Q

where T is temperature, a a dissipation coefficient,
and Q external heat input (Gao et al., 2022). The
Lotka-Volterra equations are used in population
dynamics to model predator-prey relationships:
dxdt=axBxy, dydt=6xy-yy

where xandy are prey and predator populations, and
a,B,8,y are interaction coefficients (Singh et al.,
2024). These models guide conservation efforts and
disaster preparedness planning.
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Comparative Study of Computational Methods

In diverse fields, though conventional numerical
approaches such as finite difference and finite
element remain crucial, contemporary Al-integrated
methods have enhanced both the precision of the
models and their computational capabilities. For
example, machine learning-based solvers improve
climate forecasting by incorporating real-time data
from sensors (Schuld et al. 2024), and quantum
computing enables faster optimization for financial
risk modeling (Farhi et al. 2024). As illustrated in an
upcoming  special journal npj
Computational Materials, hybrid methods that
integrate numerical solvers and deep learning are
gaining favour in the simulation of complex systems
since they perform better in terms of predictive power
across scientific and industrial applications.

issue of the

Emerging challenges and Future directions
Limitations of Current Computational Techniques
These include limitations in accuracy, efficiency, and
computational complexity, despite great progress in
computational modeling.  The
predictions of many models are wrong because for a
lot of models we use approximations. As an example,
discretization errors appear for numerical methods
like the finite difference method (FDM) as:
E=02uox2-ui+1-2uitui-1Ax2

where E is the truncation error, u is the function
which needs to be approximated and Ax is the step
size (Wang et al., 2023). But as the hours go by these
errors mount up, leading to a decrease in model
reliability. ~ Moreover, such  high-dimensional
simulations can be quite heavy on resources,
hindering real-time applications. The curse of
dimensionality is still a crucial barrier, especially for
large scale scientific simulations (Chen et al., 2024).

mathematical

Problems in Accuracy, Efficiency and Computation
Complexity of Model

Accuracy of this model relies on the estimation of the
parameters and the quality of the data. Many
models—including climate simulations—are described
by nonlinear partial differential equations (PDEs):
ouot+ududx=vo2uox2

where u is the dependent variable andvis the diffusion
coefficient (Zhang et al., 2022). Accurately solving

these equations can be legally demanding.
Furthermore, efficiency is limited due to algorithmic
restrictions; for example, classical optimization
methods, like gradient descent, are slow to converge
in high-dimensional landscapes:

Ot+1=0ta VIOt

(where a is the learning rate and f(0) is the objective
function (Liu & Patel, 2024). As system size scales up,
computational complexity increases exponentially,
which requires novel approaches to maintain accuracy
yet avoid inefficiency.

The Future With Al, Quantum Computing, and
Hybrid Computational Models

There are plenty of advances to look forward to in
computational modeling, including the ability for Al
to solve challenges, quantum computing, and hybrid
methods. Al algorithms refine the estimation of these
parameters and increase the accuracy of prediction.
So neural networks can efficiently approximate
complex functions:

y=tWx+b

here, W denotes weight matrices and b means biases
(Singh et al., 2025). Quantum computing can offer
exponential speedups in solving PDE and large-scale
optimizations via quantum parallelism. Variational
Quantum Eigensolver (VQE) is one of such quantum
algorithms that does energy functions minimization
in quite an efficient manner (Farhi et al, 2024)
Integrating Al, quantum algorithms and classical
solvers into hybrid models can greatly enhance the
accuracy and efficiency of computations.

Coming Research Directions in Applied Math
Modeling

Future work may involve adaptive models, which
adjust the cost and accuracy trade-off. Reduced-order
modeling innovations, such as Proper Orthogonal
Decomposition (POD), help reduce complexity by
transforming the high-dimensional data to the lower-
dimensional space:

ux,t=i=1raitpix

where ¢_i(x) are basis functions and a_i(t) are time-
dependent coefficients (Gao et al., 2023). Moreover,
the intersection of mathematics, computer science,
and physics can fuel collaborations that vyield
breakthroughs in realworld applications. Fast and
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fast-enhanced modeling would continue by the way of
growing scale of computational hardware (GPUs,
quantum processors, and so forth).

Conclusion
Study examined recent trends in computational
mathematical modeling, with emphasis on numerical
methods, Albased approaches and optimization
algorithms. It explored the theoretical basis of
computational models, focusing on how well
probability, statistics, and differential equations can
describe realworld systems. Trending | how boost
only one of the goes the little behind each protocol
January faces a The applications entered a variety of
fields, including physics, medicine, finance, and
environmental science, and demonstrated the power
of computational models to generate solutions to
challenging problems. The
challenges (e.g., computational complexity, model
accuracy, and efficiency) as well as emerging solutions
(Al-enhanced solvers, quantum computing, hybrid
approaches, etc. ) NEW! errer to specific characteristics
of the layered data, allowing for readers to process
information avoiding ~ computation
overhead. Pushes to Further Develop: These new
developments will greatly enhance computational
modeling capabilities,

covered

discussion

overload

stimulating inventions in
and data-driven decision

science, engineering,
making.
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