International Journal of Computer Information Systems and Industrial Management Applications
ISSN 2150-7988 Volume 18(2) 2026 pp. 1599-20

https://doi.org/10.70917/ijcisim-2026-4522

Article

PARTIAL DIFFERENTIAL EQUATION (PDE)
SOLVERS ENHANCED BY DEEP LEARNING
FOR GENOMIC FLUID DYNAMICS

C. Manigandan', S.Sharmila Jeyarani?, S.Selvakumar?, S. Gayathri, R.Vanidhasri’, Manisha

Ravindra Parkhe® R.Vanitha’, V. Jenifer®”, G B Hima Bindu’® T.Vengatesh'’

'Department of Mathematics, S.A. College of Arts & Science,Chennai-600077

Mail ID: sk.manimaths@gmail.com

’Department of Computer Science and Engineering, NPR College of Engineering and Technology,Natham.

Mail ID: sharmimca85@gmail.com

3Department of Computer Science and Engineering,Saveetha School of Engineering, Saveetha Institute of Medical and Technical
Science (SIMATS), Saveetha University, Chennai, India.

“Department of CSE, Karpaga Vinayaga College of Engineering and Technology, Padalam, Chengalpattu -603308.
ORCID:0009-0008-3530-9434

Mail ID: gayusiva2502@gmail.com

SDepartment of computer science and business systems, Panimalar Engineering college, Chennai.

Mail ID: vanidhasrir@panimalar.ac.in

®Computer Engineering,Pravara Rural Engineering College Loni Loni,State: Maharashtra, India

Mail ID: narotemn(@pravaraengg.org.in

PG Department of Commerce with Computer Applications, Mannar Thirumalai Naicker College,Madurai, Tamil Nadu, India.
Mail ID:vanithachezian2004(@gmail.com

8 Department of Cyber Security , SRM Institute of Science and Technology Ramapuram Chennai- 600089, Tamil Nadu ,India.
https://orcid.org/0009-0003-7052-6964

Email: jeniferphd2526@gmail.com

“Department of CSE, School of Technology, The Apollo University, The Apollo Knowledge City, Saketa, Murukambattu,
Chittoor - 517127, Andhra Pradesh, India.

himabindugbe@gmail.com

"Department of Computer Science, Government Arts and Science College, Veerapandi, Theni, affiliated to Madurai Kamaraj
university, Tamilnadu, India. Scopus ID: 57195476440

ORCID:0000-0001-8717-3657

EMail: venkibiotinix@gmail.com

Abstract: The integration of deep learning with partial differential equation (PDE) solvers has emerged as a transformative

paradigm in computational science, offering unprecedented capabilities for modeling complex biophysical systems. This paper
presents a comprehensive framework for PDE solvers enhanced by deep learning, specifically tailored for genomic fluid dynamics
applications. We propose a hybrid architecture combining Physics-Informed Neural Networks (PINNs) with operator learning
techniques to efficiently solve nonlinear PDEs governing blood flow in viscoelastic arteries, with emphasis on the influence of
external magnetic fields and genomic-scale parameter variations. Our methodology leverages the complementary strengths of
neural networks and physics-based constraints, enabling accurate prediction of pressure and radius disturbances in arterial fluid
flow while maintaining computational efficiency. The framework incorporates symbolic regression for model interpretability and
demonstrates superior performance compared to conventional numerical solvers across multiple test cases. Experimental results
indicate that our approach achieves up to 85% reduction in computational time while maintaining solution accuracy within 2%
error margins. This research contributes to the growing field of scientific machine learning by providing a robust, interpretable,
and efficient solution for genomic fluid dynamic simulations with potential applications in personalized medicine and biomedical
device design.
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1. INTRODUCTION

Partial differential equations (PDEs) constitute the mathematical foundation for describing a vast array of
physical phenomena across diverse domains, from fluid dynamics to quantum mechanics and biological systems . In
the context of genomic fluid dynamics, PDEs play a crucial role in modeling blood flow through the cardiovascular
system, where complex interactions between fluid mechanics, vessel wall dynamics, and genomic factors determine
physiological and pathological outcomes. However, solving these equations presents significant computational
challenges, particularly when dealing with nonlinearities, complex geometries, and high-dimensional parameter
spaces characteristic of genomic-scale problems .

Traditional numerical methods, including finite element and finite difference approaches, have long served as
the workhorse for PDE solution. While effective for many applications, these methods become computationally
prohibitive when scaling to tens of millions of simulations required for optimization, sensitivity analysis, and
parameter inference tasks in biological systems . The computational burden extends from months to years for sufficient
coverage to solve complex problems, necessitating novel approaches that can dramatically accelerate simulation
capabilities.

The emergence of deep learning has revolutionized computational science, offering powerful tools for pattern
recognition, function approximation, and data-driven modeling. In particular, Physics-Informed Neural Networks
(PINNSs) have emerged as a key paradigm in Scientific Machine Learning since their introduction in 2017, enabling
the efficient solution of PDEs using sparse measurements while encoding physical laws as components of the neural
network itself . This approach addresses the fundamental limitation of purely data-driven methods by incorporating
domain knowledge through physics-based constraints, yielding models that are both accurate and physically
consistent.

The integration of deep learning with PDE solvers for genomic fluid dynamics presents unique opportunities
and challenges. Genomic fluid dynamics encompasses the study of how genetic variations influence hemodynamic
parameters, including wall shear stress, pressure gradients, and flow patterns in the cardiovascular system. The high-
dimensional nature of genomic data, combined with the complexity of biophysical models, demands computational
approaches capable of capturing intricate spatiotemporal dynamics while maintaining interpretability and
generalizability .

Recent advances in neural operator frameworks, such as the Fourier Neural Operator (FNO) and DeepONet,
have demonstrated the potential to learn solution operators of PDEs, enabling rapid inference for new parameter
configurations without retraining . When combined with physics-based regularization, these approaches yield hybrid
models that retain physical fidelity while leveraging the flexibility of machine learning .

This paper addresses the critical need for efficient and accurate PDE solvers in genomic fluid dynamics through
the development of a deep learning-enhanced framework. Our contributions are threefold: (1) We propose a novel
hybrid architecture combining PINNs with operator learning techniques for solving nonlinear PDEs describing arterial
blood flow; (2) We incorporate symbolic regression to derive interpretable mathematical expressions from neural
network predictions, enhancing model transparency and clinical applicability; (3) We validate our approach through
comprehensive experiments on benchmark problems and real-world genomic fluid dynamics scenarios.

The remainder of this paper is organized as follows: Section 2 provides a comprehensive literature survey
covering deep learning-based PDE solvers, PINNs, operator learning, and applications in biofluid mechanics. Section
3 describes the dataset used for model training and validation. Section 4 presents our proposed methodology with
detailed architectural specifications. Section 5 reports experimental results and implementation details. Section 6
discusses the implications, limitations, and future directions. Section 7 concludes the paper with key findings and
contributions.

2. LITERATURE SURVEY
2.1 Deep Learning for Partial Differential Equations

The application of deep learning to PDE solving has gained significant momentum over the past decade, driven
by the need for efficient surrogates for computationally expensive numerical simulations. Early work focused on using
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neural networks as function approximators for PDE solutions, with seminal contributions including the Deep Ritz
Method and the Physics-Informed Neural Networks (PINNs) framework .

Neural networks offer several advantages over traditional numerical methods, including mesh-free
approximation, automatic differentiation for computing derivatives, and the ability to incorporate observational data
seamlessly. However, DNN-based solvers become particularly compelling when many queries are needed or when
incorporating noisy data, as the upfront training cost can be amortized over fast, repeated inference .

2.2 Physics-Informed Neural Networks (PINNs)

PINNSs represent a paradigm shift in computational science by embedding physical laws directly into the neural
network training process . The fundamental concept involves minimizing a composite loss function that includes terms
for PDE residuals, boundary conditions, initial conditions, and any available observational data. This approach enables
the solution of both forward and inverse problems, where unknown parameters of the PDE can be inferred from sparse
measurements.

The mathematical formulation of PINNs for a general nonlinear PDE is expressed as:
G(X,t;v)Evt+F[v]=OG(x,t;v) =y+F[v]=0

where v(x,t)v(x,f) represents the solution field, and FF denotes the nonlinear differential operator . The neural
network approximates the solution v(x,t)v(x,f) through a composition of linear transformations and nonlinear
activations:

Wj(x,t)=fact(WjTWj-1(x,t)+cj) Wj(x,0)=fact Wi T¥j— 1(x,t)+cj)

where WjWj and cjcj represent the weight matrix and bias vector, respectively, and factfact denotes the
nonlinear activation function .

Recent advances in PINNs have focused on addressing challenges including spectral bias, training instability,
and computational efficiency. Innovations include adaptive activation functions, domain decomposition strategies
such as Extended PINNs (XPINNs), and architectures incorporating Kolmogorov-Arnold Networks (KANSs) as
alternatives to traditional MLPs . Physics-Informed Kolmogorov-Arnold Networks (PIKANs) have demonstrated
benefits including faster neural scaling and improved interpretability .

2.3 Operator Learning for PDEs

Operator learning represents a distinct paradigm that aims to learn mappings between infinite-dimensional
function spaces, enabling solution prediction for entire families of PDEs rather than single instances . Neural operators,
including the Fourier Neural Operator (FNO) and DeepONet, have shown remarkable success in learning solution
operators for various PDEs.

The Physics-Informed Neural Operator (PINO) incorporates PDE residuals into the training of neural operator
frameworks, allowing models to generalize from limited data while maintaining physical fidelity . This hybrid
approach enhances training stability and reduces data requirements, particularly important for systems with partial or
uncertain physics.

2.4 Applications in Biofluid Mechanics

The application of deep learning-based PDE solvers to biofluid mechanics has gained considerable attention,
particularly in cardiovascular modeling. Karniadakis and colleagues have demonstrated the power of PINNs for
inverse problems in biofluid mechanics, including inferring wall shear stress in brain aneurysms from dye
visualizations only .

In arterial blood flow modeling, one-dimensional nonlinear PDEs are frequently employed as reduced-order
surrogates to capture essential features of momentum transport and wave propagation in compliant vessels . Burgers-
type equations model the balance between nonlinear convection and viscous dissipation in simplified descriptions of
blood flow under external forcing, serving as canonical representations of pulse smoothing and shock-like behavior
in narrow or highly viscous vessels. Similarly, Korteweg-de Vries (KdV)-type equations arise as long-wave
asymptotic reductions of the governing fluid-structure interaction system in elastic and viscoelastic arteries .

Recent work has combined PINNs with symbolic regression using PySR, an open-source Python module
employing genetic programming, to derive concise mathematical expressions for predicted solutions . This hybrid
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approach enables better understanding of how pulsatile blood flow and magnetic fields interact in viscoelastic arterial
circulation, offering more transparent and reliable alternatives to traditional methods.

2.5 Variable-Coefficient PDE Discovery

Most existing PDE discovery methods are limited to constant-coefficient equations, inadequately addressing
variable coefficients that characterize most real-world physical systems . Recent frameworks, such as Variable-
Coefficient Deep Learning Genetic Algorithm (VC-DLGA), extend PDE discovery to variable-coefficient scenarios
through composite gene encoding and semantic-preserving genetic operations. These approaches simultaneously
represent derivative term combinations and associated coefficient functions, supporting constant, linear, polynomial,
exponential, and trigonometric forms .

2.6 Challenges and Research Gaps

Despite significant progress, several challenges remain in applying deep learning-based PDE solvers to
genomic fluid dynamics. These include: (1) handling high-dimensional genomic parameter spaces; (2) ensuring
interpretability and clinical validation; (3) achieving computational efficiency for real-time applications; (4)
addressing multi-scale and multi-physics phenomena; and (5) quantifying uncertainty in predictions.

3. DATA DESCRIPTION AND DATASET
3.1 Genomic Fluid Dynamic Data

Our dataset comprises simulated arterial blood flow data under various genomic parameter configurations,
generated using high-fidelity numerical solvers. The dataset includes:

Primary Variables:

e Pressure field p(x,t)p(x,f)

e Radius disturbance n(x,t)%(x,t)

e Velocity field u(x,t)u(x,t)

o Wall shear stress Tw(x,t)tw(x,)

e Permeability coefficient «(xX,t)x(x,f)

Genomic Parameters:

e Vessel compliance coefficients (varying with genetic markers)

e Wall viscoelastic properties

e Blood viscosity parameters

e Magnetic field interaction coefficients (magnetohydrodynamic effects)
3.2 Training and Validation Data

The dataset is partitioned into:

o Training set: 70% of spatio-temporal points

e Validation set: 15% of spatio-temporal points

o Test set: 15% of spatio-temporal points

Sampling strategies include:

o Uniform grid sampling for regular domains

e Adaptive sampling focusing on high-gradient regions

e Boundary-focused sampling for accurate boundary condition representation
3.3 Data Preprocessing

Data preprocessing steps include:
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1. Normalization: Min-max scaling of all variables to [0,1] range
2. Gaussian smoothing: Noise reduction for derivative computation
3. Coordinate transformation: Converting physical coordinates to normalized computational domain

4. Feature engineering: Computing relevant derived quantities (gradients, Laplacians)

4. PROPOSED METHODOLOGY
4.1 Hybrid Neural PDE Solver Architecture

Our proposed framework integrates three key components:
1. Physics-Informed Neural Network (PINN) for forward solution
2. Neural Operator for parameter-to-solution mapping
3. Symbolic Regression Module for interpretable expression discovery
4.1.1 PINN Component
The PINN architecture consists of:
e Input layer: Spatiotemporal coordinates (X,t)(x,f) and genomic parameters AL
e Hidden layers: Multiple fully-connected layers with learnable activation functions
e Output layer: Predicted solution fields [p(x,t),n(x,t),u(x,t)][p(x,),7(x,),u(x,?)]

The loss function incorporates: Ltotal=01LPDE+w02LBC+m3LIC+w4lLdataltotal=w1 LPDE+®w2LBC+w3LIC
+w4Ldata

where:
e LPDELPDE: Residual of governing PDEs
e [BCLBC: Boundary condition residuals
e LICLIC: Initial condition residuals
e [dataldata: Data mismatch for available observations
e oiwi: Weight coefficients for each loss component
4.1.2 Neural Operator Component

The neural operator component learns the mapping from genomic parameters to solution fields:
G:A=[p(x.6),n(x,6),u(x,6) ] G:A=[p(x, ), (x, 1) u(x,0)]
This enables rapid inference for new parameter configurations without retraining.

4.1.3 Symbolic Regression Module

Following training, symbolic regression via PySR generates interpretable expressions:
S:PINN predictions—f(x,t;\)S:PINN predictions—/{x,;1)

where ff represents a closed-form mathematical expression.
4.2 Governing Equations
The system is governed by modified Burgers and KdV equations with forcing terms:
Forced Burgers Equation: dudt+ududx=voaudx+F(x,t)d10ut+udxou=vox202u+F(x,)

Forced Korteweg—de Vries (KdV) Equation: dudt+ududx+893udx3=F(x.t)otdu+udxdu
+00x393u=F(x,f)

1603



where F(x,t)F(x,f) represents the forcing from external magnetic fields, and vv, 3 are genomic parameter-

dependent coefficients.

4.3 Architecture Diagram

4R BIPZE HYERID NEURAL PDE SOLVER )

INPUT GENOMIC HIDDEN LAYERS OUTPUT
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Figure 1 Architecture of the Hybrid Neural PDE Solver

The figure 1 illustrates the workflow of a Hybrid Neural PDE Solver, a sophisticated physics-informed
machine learning framework designed to predict and explain physical phenomena. The system begins by passing
spatio-temporal and parametric variables from the Input Layer into a Genomic Parameter Encoder. These encoded
inputs are then processed through a deep neural network containing 5 to 8 Hidden Layers equipped with learnable
activation functions and KAN (Kolmogorov-Arnold Network) basis functions. To enforce physical accuracy, the
model continuously optimizes itself via backpropagation, minimizing a total loss function that combines PDE
Residual Loss (physics equation violations), BC/IC Loss (boundary and initial conditions), and Data Loss (empirical
model points). Instead of stopping at standard numerical outputs, the framework passes its preliminary predictions
into a Symbolic Regression (PySR) module. This final crucial step translates the neural network's "fuzzy" numerical
data into clear, interpretable mathematical formulas, ultimately generating explicit analytical expressions alongside

the visualized Predicted Solution Fields.

4.4 Training Strategy
Algorithm: Hybrid Neural PDE Solver Training
Input: Training data D = {(x_i,t i,A_i,u i)}
Output: Trained neural network and symbolic expressions
Initialize PINN parameters 6 randomly
For epoch = 1 to max_epochs:
Sample minibatch from training data
Forward pass: Compute @t = NN(x, t, A; 0)
Compute PDE residual: R = 6/t + i00/0x - vo*0/0x? - F
Compute L PDE = MSE(R, 0)
Compute L BC = MSE({i|_boundary, boundary values)
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Compute L IC = MSE({]_t=0, initial values)
Compute L_data = MSE({, u_true) for available measurements
L total = @iL PDE + w2 BC+ sl IC + w4l _data
Update 6 via Adam optimizer
If epoch % 100 == 0:
Save checkpoint and evaluate on validation set
After training:
Apply symbolic regression to extract analytical expressions
Validate expressions on test set
Return: Trained PINN and symbolic expressions

5. RESULTS AND IMPLEMENTATION

5.1 Implementation Details
Hardware and Software:
e GPU: NVIDIA A100 40GB
e CPU: Intel Xeon Platinum 8259CL
e RAM: 128GB
e Framework: PyTorch 2.0.1 with TensorFlow 2.10 backend
e Libraries: DeepXDE 1.9.0, PySR 0.10.0, NumPy 1.24.0, SciPy 1.10.0
Hyperparameters:
e Neural Network: 5 hidden layers, 128 neurons each
e Activation: Swish (beta=1.0)
e Optimizer: Adam with learning rate 1e-3 (scheduled)
e Batch size: 1024
e Training epochs: 50,000
e PDE residual points: 10,000 per batch
e Boundary points: 2,000 per batch
e Initial condition points: 1,000 per batch

5.2 Performance Comparison

Method MAE MAE Computational Training
(Pressure) (Velocity) Time (s) Time (h)
FEM (Fine Mesh) 0.000 0.000 185.4 N/A
FEM (Coarse Mesh) 0.082 0.074 24.7 N/A
FDM 0.091 0.083 923 N/A
Standard PINN (MLP) 0.043 0.051 0.23 8.5
KAN-based PINN 0.028 0.035 0.18 10.2
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Hybrid 0.015 0.019 0.04 14.7
PINN+Operator
(Proposed)
Hybrid + Symbolic 0.018 0.021 0.06 16.3
Regression

Table 1: Performance comparison of different PDE solvers for genomic fluid dynamics test cases

Table 1 outlines the performance of various PDE solvers for genomic fluid dynamics test cases, comparing
them across Mean Absolute Error (MAE) for pressure and velocity, computational time (in seconds), and training time
(in hours).While the FEM (Fine Mesh) serves as the zero-error baseline, it is the most computationally expensive
method, taking 185.4 seconds. Traditional numerical alternatives like FEM (Coarse Mesh) and FDM reduce this
computational burden (24.7 seconds and 92.3 seconds, respectively) but suffer from the highest error rates.
Conversely, the neural network-based approaches drastically reduce inference time at the cost of upfront training
hours. The Proposed Hybrid PINN+Operator emerges as the most efficient model during inference; it achieves the
lowest error rates among the machine learning methods (0.015 for pressure and 0.019 for velocity) and the fastest
computational time (0.04 seconds), though it requires a significant 14.7 hours of training. Furthermore, integrating
Symbolic Regression into the hybrid model marginally increases both the error rates and the training time to a peak
of 16.3 hours, but it maintains a highly competitive, near-instantaneous performance profile compared to traditional
baselines.

5.3 Convergence Analysis

Training Loss Convergence
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Figure 2: Training loss convergence for the proposed hybrid framework

The Figure 2 displays a line graph detailing the "Training Loss Convergence" of a model over 40,000 epochs.
The vertical axis represents the loss value plotted on a negative log scale, ranging from 1 down to -9. The graph tracks
four distinct metrics: Total Loss (solid blue line), PDE Loss (solid green line), BC Loss (dashed orange line), and Data
Loss (dotted red line). All loss components demonstrate a sharp, rapid decline during the initial few thousand epochs,
indicating swift early optimization. As training progresses toward the 40,000-epoch mark, the curves gradually
plateau, signifying stable asymptotic convergence. Ultimately, the Data Loss achieves the lowest final value at
approximately -8.5 on the scale, while the PDE Loss and BC Loss converge closely together near -8. The Total Loss,
reflecting the aggregate of these individual functions, remains the highest overall metric, flattening out between -6
and -7 by the end of the training cycle.
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5.4 Prediction Accuracy Visualization

The following figures illustrate the prediction accuracy of our framework for arterial blood flow under varying
genomic parameters:

Pressure Field Prediction:
e PINN prediction shows excellent agreement with ground truth
e Mean absolute error < 1.5%
e Maximum error concentrated near boundary layers
Velocity Field Prediction:
e Captures nonlinear convection effects accurately
e Maintains accuracy for extended time horizons
e Preserves shock propagation characteristics
Radius Disturbance Prediction:
e Accurate representation of wave propagation
e Captures viscoelastic damping effects
e Correctly models dispersion due to genomic variations
5.5 Symbolic Regression Results
The symbolic regression module successfully derived interpretable expressions for key quantities:

Pressure Field Expression:

+A-e—ox-cos(wt—kx)+B-sinh(px)-e—yt

Velocity Field Expression: u(x,t)=ul0-sech2(x—ct8)+e-sini(kx—Qt )u(x,n)=u0
-sech2(dx—ct)+e-sin(uxx—Qf)

Radius Disturbance Expression: n(x,t)=n0-e-At-cn(K:(x-c0t),m)n(x,t)=70-e—it-cn(K-(x—c0t),m)
These expressions achieve R? > 0.95 on test data and provide physical interpretability for clinical applications.

5.6 Genomic Parameter Sensitivity

Genomic Parameter Effect on Pressure Effect on Wave Effect on
Amplitude Speed Damping
Compliance Coefficient -23% per unit increase -15% per unit -8% per unit
©) increase increase
Wall Viscosity (p) -12% per unit increase +5% per unit +35% per unit
increase increase
Magnetic Field +8% per unit increase +3% per unit +12% per unit
Strength (Bo) increase increase
Blood Density (p) +5% per unit increase +10% per unit -4% per unit
increase increase
Genetic Variant Score +15% variation +8% variation +10% variation
(&)

Table 2: Sensitivity of hemodynamic parameters to genomic variations
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Table 2 details the sensitivity of hemodynamic parameters to various genomic and physical variations,
specifically measuring their impact on pressure amplitude, wave speed, and damping. The Compliance Coefficient
(C) demonstrates a universally negative correlation, decreasing pressure amplitude by 23%, wave speed by 15%, and
damping by 8% per unit increase. In contrast, an increase in Wall Viscosity () significantly raises damping by 35%
and slightly increases wave speed by 5%, while reducing pressure amplitude by 12%. Magnetic Field Strength (Bo)
introduces a 12% increase in damping, but causes bidirectional fluctuations in both pressure amplitude (+8%) and
wave speed (£3%). Blood Density (p) has a largely positive effect on hemodynamics, increasing pressure and wave
speed by 5% and 10% respectively, though it marginally reduces damping by 4%. Finally, the Genetic Variant Score
(G) induces generalized bidirectional variability across all metrics, resulting in fluctuations of +£15% for pressure
amplitude, £8% for wave speed, and +£10% for damping.

5.7 Computational Efficiency
The proposed framework achieves significant speedups compared to traditional methods:
e Training Phase: 14.7 hours (one-time cost)
e Inference Phase: 0.04 seconds per simulation
e Speedup vs. FEM: 4,635x for single prediction
e Speedup vs. FDM: 2,308x for single prediction

e Amortization Break-even: ~14 FEM-equivalent runs

6. DISCUSSION
6.1 Key Findings

Our research demonstrates the efficacy of deep learning-enhanced PDE solvers for genomic fluid dynamics.
The hybrid framework combining PINNs with operator learning achieves superior accuracy (MAE < 2%) while
providing dramatic speedups (>4,600x) compared to traditional numerical methods. The incorporation of symbolic
regression enhances interpretability, enabling clinical translation and mechanistic understanding of genomic
influences on hemodynamics.

6.2 Comparison with Existing Approaches
Compared to standard PINN implementations, our hybrid approach demonstrates:
e Superior Accuracy: Lower error by 47-65% due to operator learning component
e Improved Generalization: Effective parameter extrapolation through neural operator
e Enhanced Interpretability: Symbolic regression yields analyzable expressions
e Computational Efficiency: 5-6x faster than standard PINN inference
Compared to traditional numerical methods, the framework offers:
e Dramatic Speedup: 4,635x faster than fine-mesh FEM
e Resolution Independence: No mesh refinement required
e Data Flexibility: Incorporates sparse observations seamlessly
e Inverse Problem Capability: Unknown parameters can be inferred from data
6.3 Implications for Genomic Fluid Dynamics
The ability to rapidly solve PDEs under varying genomic parameters has significant implications:

Personalized Medicine: Rapid simulation of hemodynamic outcomes based on individual genetic profiles
enables:

e Patient-specific risk assessment

e Treatment optimization
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e Drug response prediction
Biomedical Device Design: Accelerated parameter exploration facilitates:
e Stent and graft optimization
o Artificial heart valve design
e Implant placement planning
Clinical Decision Support: Real-time simulation capabilities support:
e Acute care decision-making
e Surgical planning
e Interventional guidance
6.4 Limitations
Several limitations should be acknowledged:

Generalization to Complex Geometries: While effective for idealized and simple geometries, extension to
patient-specific anatomical models requires additional development. Domain decomposition strategies such as
XPINNs may address this limitation.

High-Dimensional Parameter Spaces: Genomic parameter spaces can be extremely high-dimensional. Our
framework currently handles moderate-dimensional spaces; scaling to full genomic profiles requires further
innovation.

Uncertainty Quantification: The current framework provides point estimates. Extending to probabilistic
predictions requires integration with Bayesian neural networks or ensemble methods .

Training Data Requirements: Large training datasets remain necessary for complex problems. Transfer learning
and meta-learning approaches may reduce data requirements .

6.5 Future Research Directions
Based on our findings and current trends in the field, the following research directions are recommended:

1. Advanced Architectures for Complex Biology: Exploring Physics-Informed Kolmogorov-Arnold
Networks (PIKANS) offers potential for faster neural scaling and improved interpretability . Multi-scale and multi-
physics modeling frameworks should be developed to capture the full complexity of genomic fluid dynamics.

2. Uncertainty Quantification: Integrating Bayesian PINNs and neural operators with probabilistic priors over
weights and outputs will provide solution distributions instead of point estimates, enabling principled risk assessment
and error bounding .

3. Adaptive Sampling and Error Control: Developing residual-driven point placement and iterative
refinement strategies will improve accuracy in regions with sharp solution gradients or high PDE residuals .

4. Real-World Deployment: Scalable deployment strategies for complex biomedical problems remain a major
frontier. Integration with clinical decision support systems requires validated models with appropriate safety margins .

5. Multi-Modal Data Integration: Incorporating additional data modalities (imaging, genomics, clinical data)
into the PINN framework will enhance predictive capabilities and clinical relevance.

6. Interpretability Enhancement: Advanced symbolic regression and expression simplification algorithms
should be developed to yield more concise and physically meaningful expressions.

7. CONCLUSION

This paper has presented a comprehensive framework for PDE solvers enhanced by deep learning for genomic
fluid dynamics applications. The proposed hybrid architecture integrating Physics-Informed Neural Networks,
operator learning, and symbolic regression achieves state-of-the-art performance in solving nonlinear PDEs governing
arterial blood flow with genomic parameter dependencies.
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Key contributions of this work include:

1. Novel Architecture: A hybrid PINN-operator framework that combines the strengths of physics-based
modeling and data-driven learning for genomic fluid dynamics.

2. Interpretable Solutions: Integration of symbolic regression enables derivation of closed-form
expressions that explain the relationship between genomic parameters and hemodynamic outcomes.

3. Computational Efficiency: Dramatic speedup (4,635x) compared to high-fidelity numerical methods
enables real-time simulation and large-scale parameter exploration.

4. Empirical Validation: Comprehensive experiments demonstrate accuracy (<2% MAE), generalization
to varying parameters, and sensitivity analysis revealing the influence of genomic factors.

5. Clinical Translation: The framework provides a pathway toward personalized medicine applications,
including patient-specific risk assessment and treatment optimization.

The integration of deep learning with PDE solvers represents a transformative approach to computational

science in general and genomic fluid dynamics in particular. As methods mature, including advances in uncertainty
quantification, adaptive sampling, and multi-physics modeling, these approaches will increasingly enable scientific
discovery and clinical applications that were previously computationally infeasible.

Our results demonstrate that deep learning-enhanced PDE solvers are not merely academic exercises but

practical tools with the potential to revolutionize hemodynamic modeling and personalized cardiovascular care.
Continued research in this direction will further bridge the gap between computational advances and clinical impact,
ultimately improving patient outcomes through more accurate and accessible simulation capabilities.
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