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Abstract

Identifying the mechanisms underlying brain injury is essential for improving diag-
nostic precision, guiding surgical planning, and informing post-operative care. These
mechanisms often manifest through observable pathological changes in brain tissue,
and understanding their relationship can support more effective clinical decision-
making. However, direct evidence linking injury mechanisms to tissue-level damage
in humans remains limited, posing a challenge for establishing clinicopathological
correlations. In this context, in silico modeling has emerged as a valuable and
cost-effective tool for gaining deeper insights and uncovering new injury pathways.
Physics- and machine learning-based models contribute to injury prevention and
personalized treatment, mainly when patient-specific data is scarce. A key chal-
lenge is their context-independent nature, which can be addressed by developing
subject-specific in silico models tailored to individual anatomy. Such models enable
personalized assessment, treatment planning, and real-time clinical monitoring,

supporting informed decision-making by clinicians.

This work aims to develop a patient-specific in silico modeling platform for neurosurgi-
cal interventions. An automated pipeline was developed to generate 3D computational
brain models from raw MRI scans. The process includes segmentation, cortical sur-
face reconstruction, and volumetric mesh generation to create anatomically detailed,
personalized 3D models for biomechanical analysis of surgical procedures and trauma
prevention. Further, to enable personalized simulations, in-vivo estimate of the ma-
terial properties can be obtained through elastography. While not essential for all
personalized simulations, such as those focused purely on image-guided navigation,
incorporating in-vivo mechanical properties can significantly enhance the accuracy of
biomechanical simulations involving tissue deformations during neurosurgical proce-

dures.

Elastography, a non-invasive tool for subject-specific brain tissue characterization, re-
quires solving a challenging inverse problem to obtain material parameters. To address
this, an open-source MATLAB-based parallelized inverse finite element algorithm, also
known as Non-Linear Inversion (MatNLI), was developed using BFGS and Levenberg-
Marquardt optimization techniques. The efficacy of the MatNLI was demonstrated
through case studies involving various isotropic and anisotropic material models, with

the Adjoint method used for gradient computation.

Vil



Further, challenges with FE-based NLI frameworks, such as scalability and computa-
tional efficiency, and computation of various implicit expressions in the formulation
when dealing with highly non-linear material models, were addressed using a differen-
tiable physics framework using automatic differentiation. This framework automates
iterative inversion processes like NLI, eliminating the need for human-derived sensitiv-
ities and improving computational efficiency. With the help of various 2D and 3D case
studies, the proposed differentiable physics-based algorithm outperformed MatNLI
through GPU acceleration.

Given the computational intensity of NLI, a data-driven Wavelet Neural Operator
(WNO) was proposed as a surrogate model for inverse problems in elastography. Appli-
cation of WNO to Ultrasound- and MRI-based in-vivo elastography data demonstrated
feasibility in detecting stiff inclusions and accurately predicting stiffness distribution
with a prediction error of less than 2% and a prediction time of just 6/100th of a

second.

Finally, the subject-specific computational model and material parameters can be inte-
grated to simulate surgical interventions and prevent brain tissue injuries. A boundary
value problem for deep-brain retraction — a fundamental neurosurgical procedure — was
developed using a viscohyperelastic framework. The 3D brain model accurately simu-
lated brain deformations during retraction and indicated that intermittent retraction
reduces injury risk compared to continuous retraction for the same extent of retraction.
These biomechanical simulations align with clinical observations of brain retraction and

offer a foundation for future research.

The proposed in silico framework holds promise for pre-surgical planning and intra-
operative guidance, providing general ready-to-use tools for modeling various human
organs. This work establishes a basis for constructing a digital twin of the human
brain by integrating 3D model reconstruction, material parameter identification, and
biomechanical simulations. This unified approach will enable personalized diagnosis

and treatment strategies tailored to individual patients.

Keywords: In silico modeling, Non-linear inversion, In-vivo mechanical characteri-
zation, Magnetic Resonance Elastography, Brain injury, Scientific machine learning,

Deep neural operators
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