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S1. Computational Infrastructure, Methodology Framework and Model Construction

The HSI framework implementation relies on a comprehensive computational infrastructure
designed to handle the complex multi-scale modeling requirements spanning quantum mechanical
calculations, molecular dynamics simulations, statistical mechanical analyses, and machine
learning optimization procedures. The computational architecture was constructed using a hybrid
high-performance computing approach that integrates specialized software packages, custom-
developed algorithms, and distributed computing resources to ensure both computational accuracy
and scalability across diverse material classes and application contexts. All quantum mechanical
calculations were performed using Gaussian 16 (Revision C.01) and ORCA 5.0.3 software
packages, with density functional theory computations utilizing the B3LYP hybrid functional
combined with the 6-311G** basis set for main group elements and the LANL2DZ effective core
potential for transition metals, ensuring consistent treatment of electronic structure across organic
and inorganic materials. Molecular dynamics simulations were conducted using GROMACS
2022.3 and LAMMPS (August 2022 version) molecular simulation packages, employing the
CHARMM36m force field for protein systems and the CGenFF force field for small molecules
and material surfaces, with custom parametrization protocols developed for novel material
surfaces through quantum mechanical fitting procedures. Statistical mechanical calculations and
thermodynamic property predictions utilized custom Python 3.10 scripts integrated with SciPy
1.9.3, NumPy 1.23.4, and scikit-learn 1.1.3 libraries, while machine learning optimization
procedures employed TensorFlow 2.10.0 and PyTorch 1.12.1 frameworks for neural network
implementations and gradient-based parameter optimization.

The computational hardware infrastructure consisted of a heterogeneous cluster configuration
optimized for both CPU-intensive and GPU-accelerated calculations, incorporating 64 compute
nodes each equipped with dual Intel Xeon Gold 6248R processors (48 cores per node, 2.5 GHz
base frequency) and 512 GB DDR4-3200 memory, providing a total of 3,072 CPU cores for
parallel quantum chemical calculations and molecular dynamics simulations. Graphics processing
acceleration was provided through 32 NVIDIA A100 Tensor Core GPUs (80 GB HBM2e memory
each) distributed across dedicated GPU nodes for machine learning training procedures and
accelerated molecular dynamics calculations using CUDA-enabled implementations. High-speed
interconnectivity between compute nodes was maintained through InfiniBand HDR fabric (200
Gbps per port), ensuring minimal communication latency for distributed parallel calculations,
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while persistent data storage utilized a 2 PB Lustre parallel file system configured for high-
throughput concurrent access patterns characteristic of large-scale computational workflows. All
calculations were orchestrated through a custom workflow management system implemented
using Snakemake 7.18.2, enabling automated job scheduling, dependency management, and fault
tolerance across the heterogeneous computing environment.

Quality assurance protocols were implemented at multiple computational levels to ensure
reproducibility and accuracy of HSI calculations, beginning with convergence criteria for quantum
mechanical calculations set to 10 hartrees for energy convergence and 10 hartrees/bohr for
gradient convergence, while molecular dynamics simulations employed energy conservation
monitoring with drift rates maintained below 0.01% per nanosecond. Statistical analyses
incorporated bootstrap resampling procedures with 10,000 iterations for uncertainty
quantification, while machine learning models underwent rigorous cross-validation using stratified
k-fold procedures (k=5) with hyperparameter optimization through Bayesian optimization
algorithms implemented via the Optuna 3.0.3 framework. All computational results were subjected
to systematic validation against experimental benchmarks available in literature databases, with
correlation analyses performed using Pearson, Spearman, and Kendall rank correlation coefficients
to assess predictive accuracy across different material classes and application contexts. Version
control and computational reproducibility were maintained through Git-based source code
management integrated with containerized execution environments using Docker 20.10.21 and
Singularity 3.10.3, ensuring consistent computational environments across different hardware
configurations and enabling exact reproduction of all reported calculations.

The full HSI calculation is computationally tractable and optimized for routine screening
applications. On a standard workstation (Intel 17-12700, 32 GB RAM), each material-hemoglobin
pair requires approximately: (i) 18—-30 minutes for QM parametrization of the material surface; (ii)
2.1-2.4 hours for a 20-ns MD simulation; and (ii1) <10 seconds for descriptor extraction and HSI
scoring. Parallel execution on multi-core machines allows screening of 25—40 materials per day.
This demonstrates that the framework is suitable for both research and regulatory screening
contexts.

Hemoglobin was modeled using the tetrameric human HbA structure (PDB ID: 1A3N), with
protonation states assigned using PropKa at pH 7.4. The full a,B, assembly was retained to
preserve native allosteric pathways. Material models were constructed based on experimentally
reported structures; polymers were represented by 12—24-mer chains reflecting typical biomedical
molecular weights, inorganic particles were modeled using crystallographic slabs of 2—4 nm
thickness, and lipid-based systems incorporated their experimentally relevant molar ratios (e.g.,
DOPC:DOPS 70:30).

All MD simulations were performed using GROMACS 2023 with the following protocol: (1)
Integrator: leap-frog; (2) Time step: 2 fs; (3) Non-bonded cut-offs: 1.2 nm (LJ), 1.2 nm (Coulomb);
(4) Long-range electrostatics: PME; (5) Constraints: all bonds constrained using LINCS; (6)
Thermostat: V-rescale (t = 0.1 ps); (7) Barostat: Parrinello-Rahman (t = 2.0 ps); (8) Trajectory
sampling: every 1 ps; (9) Production duration: 20 ns per system; (10) Replica count: 3 independent
simulations. This ensures statistically meaningful ensemble sampling (minimum 60,000 frames
per material-hemoglobin pair).

Custom parameterization of novel material surfaces was performed using DFT at the B3LYP/6-
31G(d,p) level for organics and PBE-D3/def2-TZVP for inorganic surfaces. Partial charges were
derived using RESP fitting and mapped to OPLS-AA atom types using an automated topology



builder. Surface-specific Lennard—Jones parameters were fitted by matching QM interaction
energies with water and representative amino acids (Gly, Arg, Phe).

The computational workflow developed in this study was specifically designed and optimized for
the purposes of constructing and evaluating the HSI. As such, it is not released as a publicly
accessible software package. The primary aim of this work is to provide conceptual and
methodological insight into the development of multiscale, descriptor-based biocompatibility
frameworks, rather than to deliver a general-purpose, user-ready computational tool. This study
focused primarily on materials for which validated, literature-reported hemoglobin-interaction
data existed in sufficient quantity to support model benchmarking. Although hydrogels such as
peptide amphiphiles, chitosan, and fibrin-based systems are highly relevant to blood-contacting
biomaterials, consistent hemoglobin-specific datasets for these classes were scarce or not reported
in a form directly comparable to the descriptors used in HSI. For this reason, hydrogels were not
included in the current computational benchmarking. However, the framework is fully compatible
with hydrogel systems and can be extended once standardized datasets become available.

Table S1. Literature-derived dataset used to benchmark the HSI framework. In addition to

literature-derived data!'2, a subset of the descriptor values and material-application assumptions

were informed by the authors’ prior scientific experience and domain knowledge in biomaterials

and hemoglobin—material interactions. These expert-derived inputs were used only in cases where
eer-reviewed experimental information was limited or not consistently reported.

Material Category Representative Application Type of Experimental | Data Summary
Model Used in HSI Context Data Extracted

PEG Polymers PEG (12—-24-mer) IV Delivery, Hemolysis %, Hb- 126 data points

Stents, Imaging binding, RBC extracted
morphology

PEG-PLA PEG-PLA (20-mer) | Drug Delivery, Hemolysis %, platelet 84 data points
Wound activation
Dressings

Liposomes DOPC:DOPS 70:30 | Gene Therapy, Hemoglobin adsorption | 73 data points

(DOPC:DOPS 70:30) | bilayer (90 nm) Contrast Agents | %, lipid—protein affinity

Solid Lipid SLN (80:20 lipid Imaging, Hemolysis %, zeta 52 data points

Nanoparticles (Stearic | matrix) Dialysis potential vs. hemoglobin

acid/GMS 80:20)
CNT (10,10 SWCNT | Single-wall CNT O, Therapeutics, | % hemolysis, oxidative 67 data points

2x20 nm) Biosensors stress assays
Graphene Oxide GO nanosheet, 2 Biosensors, Hemolysis %, ROS- 61 data points
nm thickness Wound mediated Hb oxidation
Dressings
Carbon Dots 3 nm carbon dots Imaging, RBC aggregation %, 48 data points
Pediatrics Hb-denaturation
MXenes Ti;C, MXene O: Therapeutics, | Hemolysis %, redox 79 data points
nanosheet Emergency interactions with Hb
ZIF-8 ZIF-8 (crystalline Gene Therapy, Hb-binding isotherms, 55 data points
slab 2 nm) Drug Delivery degradation-dependent
hemolysis
Other MOFs Ui0-66, MIL-101 Contrast Agents, | Adsorption affinity, 66 data points
IV Delivery protein-corona formation
Silica Nanoparticles 50 nm SiO, Imaging, % hemolysis, Hb 112 data points
Dialysis, adsorption kinetics
Respiratory

Bioactive Glass 4585 Bioglass Orthopedics, Ion-release—mediated 42 data points




Wound hemolysis
Dressings
Aluminum Oxide Al,O; nanoparticles | Orthopedics, Hb-binding, oxidative 33 data points
Stents response
Titanium Oxide TiO; (anatase, 2 nm | Heart Valves, Hemolysis %, 38 data points
slab) Orthopedics photocatalysis-mediated
Hb damage
Iron Oxide Fe,O; nanoparticle | Imaging, ROS-mediated Hb 45 data points
Emergency oxidation, hemolysis
Calcium Phosphate Hydroxyapatite Bone-contacting | Hemoglobin adsorption, | 39 data points
(HAp) implants RBC integrity
Gold Nanoparticles 20 nm AuNP Biosensors, Hb-binding affinity, 58 data points
Imaging plasmonic oxidation
Silver Nanoparticles 10 nm AgNP Wound Hemolysis %, ROS- 51 data points
Dressings dependent Hb
denaturation
Quantum Dots CdSe/ZnS QDs Imaging RBC viability, 44 data points
hemolysis %, size-
related toxicity
Ceramics Zirconia, alumina Orthopedics Hemolysis %, 36 data points
mechanical stress—
induced interactions
Biopolymers Chitosan, gelatin Wound Healing, | RBC aggregation, 62 data points
Dermal membrane
permeabilization
Hydrophobic PLA, PCL Stents, Hemolysis %, 67 data points
Polymers Orthopedics degradation-induced ion
release
Soft Matter Hydrogels (various) | — (Dataset — (Insufficient Excluded from
(Excluded) unavailable) standardized Hb data) benchmarking
Total — — 1,247 total
datapoints

S2. Computational Normalization Protocols

The normalization protocols accommodate the diverse mathematical behaviors exhibited by
different parameters through three distinct scaling approaches selected based on the underlying
physics and predicted data distributions across material classes derived from computational
modeling rather than experimental measurements. Type I linear scaling applies to parameters
spanning fewer than two orders of magnitude and follows the relationship:

X -X

mp min,p
S =——"a +f
PX -X 14
max,p

min,p pp (Equation 1)

B rp represents scaling constants determined through computational optimization against predicted
parameter datasets, and X values represent computationally predicted parameter quantities based
on fundamental physicochemical principles. Type II logarithmic scaling addresses parameters
spanning two or more orders of magnitude using:

Sewp = ((l"(X wp) = ln(Xmin_p))/ (ln(Xmax.p) - l"(Xmin,p))) Xa,+ B, (Equation 2)



to ensure appropriate computational weighting of materials across the full predicted dynamic range
without bias toward extreme values. Type III sigmoid scaling captures parameters exhibiting
threshold effects through:

Swe=1/(1 + exp( = kX, = X*°,))) (Equation 3)

where Ko represents steepness parameters and X, denotes half-maximal values determined
through computational curve fitting to predicted dose-response relationships derived from
mechanistic modeling. The selection among these normalization approaches follows rigorous
statistical criteria, including distribution analysis of predicted values, goodness-of-fit assessments
through computational validation, and cross-validation against independent computational
datasets to ensure optimal parameter representation within the integrated framework without
requiring experimental verification of individual scaling relationships.

The minimum-value subtraction was selected over mean-centering because many descriptors are
strictly non-negative and exhibit right-skewed distributions; subtracting the mean would introduce
negative values that are physically meaningless for these quantities. The empirical coefficients o
and  were determined by performing a 2D grid search (o € [0.1-2.0], B € [0.1-2.0]) to minimize
prediction error data. The optimal parameters (a = 0.72, p = 1.14) yielded the lowest RMSE
(0.087). The integration of descriptors spanning quantum mechanics, molecular dynamics, and
statistical mechanics is achieved by mapping each parameter onto a dimensionless normalized
scale, allowing their contributions to be combined within a unified scoring model. The ten selected
descriptors were chosen because they represent the dominant physicochemical mechanisms known
to influence hemoglobin—material interactions (electrostatics, van der Waals interactions,
hydrophobicity, redox potential, structural perturbation, and binding free energy). While not
exhaustive of all possible biological factors, these descriptors reflect the primary mechanistic
drivers at the molecular interface. Background blood interactions (e.g., competitive protein
adsorption, plasma corona formation) are indirectly accounted for by the inclusion of surface
charge, hydrophobicity, and ROS-related descriptors, which are known to modulate protein—
material behavior in physiological environments.

The ten mechanistic descriptors used in HSI are defined as follows: (1) Electrostatic Binding
Energy (AEck.): QM-derived Coulombic interaction energy between hemoglobin and material
surface. (2) van der Waals Attraction (AE,qw): Lennard—Jones term from MD trajectory averages.
(3) Hydrophobic Surface Index (HSIyq): Ratio of apolar SASA to total SASA. (4) ROS Generation
Propensity: DFT-computed HOMO-LUMO gap inversion probability. (5) Surface Charge
Density: Net charge per nm?. (6) Protein Contact Probability: Fraction of MD frames with < 0.4
nm contact. (7) Binding Free Energy (AGy;ng): MM/PBSA estimate. (8) Surface Roughness Factor:
RMS deviation of the material surface. (9) Hydrogen Bonding Capacity: Mean H-bond count at
interface. (10) Structural Perturbation Index: RMSF deviation of hemoglobin upon binding.
Hemoglobin exhibits well-known allosteric transitions between T (tense) and R (relaxed) states,
which influence its conformational flexibility. To account for these effects, the full a,f, tetramer
was retained during simulations, preserving inter-subunit cooperativity. Although the HSI
framework does not explicitly model ligand-driven allosteric switching, the inclusion of tetrameric
hemoglobin ensures that the intrinsic conformational ensemble responsible for allosteric behavior
is captured implicitly within the MD sampling.

S3. Binding Thermodynamics Computational Model



Binding thermodynamics constitutes the first fundamental parameter through computational
quantification of material-hemoglobin interaction strength using quantum mechanical calculations
combined with molecular dynamics simulations to predict the complete free energy profile
governing protein-surface associations without experimental measurements!3%- 131 The
computational binding free energy incorporates electronic, vibrational, conformational, and
solvation contributions through:
AGpq = AG

elec vib

+AGy + AGeons + Alsory (Equation 4)

where each component is calculated using established computational chemistry methods validated
against literature benchmarks rather than direct experimental validation. The electronic component
utilizes density functional theory calculations at the B3LYP/6-311G** level of theory to predict:

AGelec =E EHb - Ematerial +AE

complex ~

corelation (Equation 5)

accounting for electron correlation effects through post-Hartree-Fock corrections!3? that capture
the subtle electronic interactions governing heme-material binding through computational
quantum chemistry. Vibrational contributions follow harmonic oscillator approximations through
computational prediction of:

AG,, = RTZ In(1 - exp( - hv,/KT))
i (Equation 6)

where vibrational frequencies v; are calculated from quantum chemical hessian matrices derived
through computational methods, while conformational components employ statistical mechanical
treatments using:

AGconf =" RTln(Zbound/Zfree) (Equation 7)

where partition functions Z account for accessible conformational states in bound and free protein
configurations predicted through molecular dynamics simulations. Also, the partition function
terminology refers to a Boltzmann-weighted probability estimate derived from MD free-energy
profiles, not a full canonical partition function. This approximation captures relative state
probabilities and avoids the need for explicitly computing the full configurational integral.
Solvation effects utilize Poisson-Boltzmann continuum models!3® through computational
prediction of:

AGgp, = ((5 - go)/(Zg))fp(T)(p(T')d3T (Equation 8)

where charge distributions p(r) and electrostatic potentials ¢(r) are calculated self-consistently in
aqueous environments mimicking physiological conditions through computational electrostatics.
Parameter weights were optimized using constrained least-squares regression to minimize the
prediction error between HSI values and literature-reported hemolysis trends. Sensitivity and
SHAP analyses revealed that ROS-related descriptors exhibited the highest predictive



contribution, consistent with extensive evidence that oxidative stress is a dominant mechanism
driving hemolysis and hemoglobin denaturation on biomaterial surfaces.

S4. Electrostatic Interaction Computational Framework

The second parameter encompasses electrostatic interactions between charged or polar materials
and hemoglobin through computational implementation of extended DLVO  theory!3
incorporating ion correlation effects and surface heterogeneity predicted through molecular-level
simulations rather than experimental surface potential measurements. The total computational
interaction energy follows:

Utorar(W) = Upgy(R) + U (M) + Uhydration(h) + Udepleton(h) (Equation 9)

where each component is calculated using validated computational methods that account for the
complex electrostatic environment surrounding hemoglobin in physiological conditions. Van der
Waals components are computed through:

Uygw(h) == (A153/(6mh%)) = [1 + (14mh/D)] (Equation 10)

where Hamaker constants A3 are predicted through quantum mechanical calculations of material
polarizabilities and hemoglobin electronic properties. Electrostatic components utilize Poisson-
Boltzmann solutions through computational prediction of:

Ustee(h) = (64TKT oo/ %) = 'y » ex0( = xh) (Equation 11)

where y' = tanh(zey;4kT) incorporates surface potentials ' predicted from material electronic
structure calculations, and « represents the Debye screening length calculated for physiological
ionic strength conditions. Hydration forces are computationally modeled through:

Uhydration(h) =Ax* exp( - h/lH) (Equation 12)

where decay lengths Ay are predicted through molecular dynamics simulations of water structure
perturbations near material surfaces, while depletion interactions account for protein exclusion
effects through computational modeling of hemoglobin conformational constraints near surfaces.
Surface potential calculations incorporate quantum mechanical predictions of material work
functions and hemoglobin charge distributions to determine:

Y° = (4kT/(ze)) » tanh ™ ({/(47,,ax)) (Equation 13)

where zeta potentials C are predicted through computational electrophoretic mobility calculations
rather than experimental measurements.

S5. Hydrophobic Force Computational Analysis

Hydrophobic interactions constitute the third parameter through computational quantification of
water structure perturbations and entropy changes accompanying hemoglobin-material
associations, utilizing molecular dynamics simulations to predict water reorganization energies



and surface tension contributions without requiring experimental contact angle measurements. The
computational hydrophobic interaction free energy follows:

AGpyarophovic = YAA + f At ()P (r)dr (Equation 14)

where surface tension 7y is predicted through computational surface chemistry calculations, and
hydrophobic surface area changes AA are determined through computational geometry analysis of
protein-material complexes. Local chemical potential perturbations Ap,(r) are calculated through
molecular dynamics simulations that track water density fluctuations and hydrogen bonding
patterns near material surfaces, providing computational predictions of hydrophobic driving forces
without experimental validation. Contact angle predictions utilize computational implementation
of Young-Dupré equations!33 with line tension corrections through:

YLV *cos =ygV -yl - (k/T) (Equation 15)

where surface energies are calculated from quantum mechanical predictions of material electronic
properties and intermolecular interaction strengths. Protein adsorption correlations are
computationally modeled through:

1—‘Hb = (Fmax * Kads * exp( - AGhydrophabic/(RT)))/(l + Kads * exp( - AGhydrophobic/(RT))) (Equation 16)

where maximum adsorption capacities [, and equilibrium constants K4 are predicted through
statistical mechanical calculations of protein-surface binding equilibria. The computational
framework incorporates entropy corrections through molecular dynamics calculations of
conformational flexibility changes upon protein adsorption, accounting for the loss of translational
and rotational degrees of freedom that contribute to hydrophobic binding thermodynamics without
requiring experimental calorimetric measurements.

S6. Size-Dependent Transport Computational Model

Size-dependent transport phenomena constitute the fourth parameter through computational
implementation of Brownian dynamics frameworks!3¢ that predict diffusion coefficients, collision
frequencies, and transport limitations based on material dimensions and shape characteristics
predicted through computational geometry analysis. The effective diffusion coefficient
incorporates hydrodynamic interactions through computational prediction of:

Depr= (kT/ (6m’Rh)) * f erowding * f shape (Equation 17)

where hydrodynamic radii Ry, are calculated from material geometry, crowding corrections account
for red blood cell volume fractions through:

— (-2.5) .
fcrowding - (1 - q’RBC) (Equat]on 18)

with hematocrit @rpc = 0.45, and shape factors fyn,,. are computed through computational fluid
dynamics simulations of particle motion in viscous media. Collision frequency analysis utilizes



computational implementation of Smoluchowski encounter theory with convective enhancements
through:

Keotiision = 4(Dp, + Dgpc) (R, + Repc) * (1 + Pe/3) (Equation 19)

where Péclet numbers P, = YR?/D account for shear flow effects predicted through computational
hemodynamics modeling. The computational framework incorporates margination effects through
prediction of particle migration toward vessel walls under physiological flow conditions, utilizing
computational fluid dynamics simulations that account for red blood cell deformability and plasma
protein effects on particle transport. Renal clearance predictions utilize computational
pharmacokinetic modeling based on glomerular filtration size cutoffs, where particles exceeding
6-8 nanometer effective diameters exhibit reduced clearance rates calculated through
computational filtration barrier modeling that accounts for nephron architecture and hemodynamic
constraints.

S7. Morphological Effects Computational Analysis

Shape-dependent interactions constitute the fifth parameter through computational implementation
of geometric analysis frameworks that predict how material morphology influences hemoglobin
binding kinetics, protein unfolding susceptibility, and cellular uptake mechanisms without
requiring direct experimental shape characterization. The shape-dependent interaction free energy
incorporates curvature effects and contact area variations through:

AGhape = f AW Y KOAA B ation 20)

where A(r) represents local surface area elements, y(n) denotes orientation-dependent surface
energies calculated through computational surface chemistry, and «(r) represents local curvatures
determined through computational geometric analysis. Aspect ratio calculations follow material-
specific geometric relationships where spheroids utilize AR = a/b representing semi-major to semi-
minor axis ratios, cylinders employ AR = L/D for length-to-diameter ratios, and irregular shapes
use AR = L,,/W 4, based on maximum length and average perpendicular width dimensions
predicted through computational shape analysis. Rotational dynamics predictions utilize
computational implementation of Jeffery's equation with Brownian perturbations through:

(d6/dt) = (v /2) « ((AR* - 1)/(AR® + 1)) * sin(26) + [(2D)&(t) (Equation 21)

where rotational diffusivity D, = kT/(8nma®) and &(t) represents Gaussian white noise accounting
for thermal fluctuations that influence particle orientation in shear flow. The computational
framework incorporates membrane penetration predictions through modeling of high-aspect-ratio
materials that can pierce cellular membranes, utilizing molecular dynamics simulations of
material-membrane interactions that predict insertion energetics and membrane disruption
thresholds based on material geometry and surface chemistry.

S8. Surface Reactivity Computational Framework
Surface reactivity constitutes the sixth parameter through computational quantification of reactive
site densities and chemical reaction propensities using quantum mechanical calculations of frontier



molecular orbitals and transition state energetics without requiring experimental surface
characterization. The reaction rate predictions utilize quantum chemical analysis through:

kreaction =A% exp( - (AEHOMO —wmot AGreorganization)/(kT)) (Equa‘[ion 22)

where activation barriers incorporate HOMO-LUMO energy gaps calculated through density
functional theory and reorganization energies accounting for structural changes during chemical
bond formation. Site density quantification follows Langmuir-Hinshelwood mechanisms through
computational modeling of:

d[Hb — material]/dt = klpsites[Hb](l -0) -k~ 1[Hb - material] (Equation 23)

where surface coverage 6 = [Hb-material]/[sites]. represents the fraction of occupied binding
sites predicted through computational adsorption isotherm modeling. Reactivity classification
follows computational activation energy criteria where Class I physisorption exhibits activation
energies exceeding 40 kilojoules per mole, Class II chemisorption shows intermediate values
between 20 and 40 kilojoules per mole, and Class III covalent bonding demonstrates activation
energies below 20 kilojoules per mole. The computational framework incorporates catalytic effects
through the prediction of material-mediated reaction pathways that can accelerate hemoglobin
oxidation or degradation, utilizing transition state theory calculations that account for surface-
stabilized intermediate species and alternative reaction mechanisms not accessible in
homogeneous solution.

S9. Oxidative Stress Generation Computational Model

Reactive oxygen species generation constitutes the seventh parameter through computational
modeling of material-catalyzed oxidation pathways, photochemical processes, and Fenton-type
reactions that produce hydroxyl radicals, superoxide anions, and hydrogen peroxide without
requiring experimental ROS detection assays. Multi-pathway ROS generation follows kinetic
modeling through:

d[ROS]

T koqu[Mat] + koo [Mat][H,0,] + k

[Mat][0; | - kyeqn[RO

cat3

S] .
(Equation 24)

where catalytic rate constants are predicted through computational transition state analysis, and
scavenging terms account for antioxidant effects in physiological environments. Fenton-like
reactions are computationally modeled through:

n+ nm+1+ . - .
Mat™" + H,0,—»Mat + +0OH + OH (Equation 25)

where electron transfer kinetics are calculated using Marcus theory!37 with reorganization energies
predicted through quantum mechanical calculations of material electronic structure changes during
redox cycling. Photocatalytic processes follow quantum yield predictions through:

NROS generated
Pros = N, .
photons absorbed (Equation 26)



where photon absorption cross-sections are calculated through time-dependent density functional
theory, and excited state dynamics are modeled using computational photochemistry methods. The
computational framework incorporates material-specific ROS generation mechanisms, including
surface plasmon-enhanced photocatalysis for metal nanoparticles, band gap excitation for
semiconductor materials, and surface defect-mediated electron transfer for carbon-based
nanomaterials, utilizing computational predictions of electronic band structures and defect state
energies.

S10. Degradation Kinetics Computational Analysis

Material degradation constitutes the eighth parameter through computational modeling of time-
dependent material breakdown processes, including hydrolysis, oxidation, enzymatic degradation,
and mechanical wear that influence long-term biocompatibility through the release of potentially
toxic degradation products. Multi-phase degradation kinetics are computationally modeled
through:

Ea‘i+a
kT

dm/dt =- Zkimniexp( - Stress
i (Equation 27)

where activation energies E, ; are predicted through computational chemistry calculations of bond
dissociation energies and stress terms Ggss account for mechanical loading effects on degradation
rates. Stress-dependent acceleration follows computational mechanics predictions through:
. . (O'V * )
=k,exp(—— .
of o kT * (Equation 28)

where activation volumes V* are calculated through computational analysis of transition state
geometries under applied mechanical stress. lon release kinetics utilize computational predictions
of dissolution thermodynamics through:

Lon], = [lon],, * (1 - exp(- t/D) (Equation 29)

where time constants T and shape parameters f are predicted through computational modeling of
diffusion-limited dissolution processes that account for surface area changes and transport
limitations. The computational framework incorporates pH-dependent degradation through
predictions of protonation state effects on material stability, utilizing computational pKa
calculations and acid-base equilibrium modeling to predict degradation rate variations across
physiological pH ranges.

S11. Protein Corona Dynamics Computational Model

Protein corona formation constitutes the ninth parameter through computational modeling of
competitive adsorption processes that determine hemoglobin accessibility and binding site
availability on material surfaces, utilizing molecular dynamics simulations and statistical
mechanical treatments of multi-component protein adsorption without requiring experimental



proteomics characterization. Competitive adsorption dynamics follow extended Vroman effect
modeling through:

de,/dt = k £0,-3,

o j* ikexch,ij *0; % 9] (Equation 30)

ni*Ci* (1- Zjej) - koff,i
where surface coverage fractions 6; for each protein species are predicted through computational

binding kinetics, and exchange rates Kkexni account for protein displacement processes.
Thermodynamic equilibrium predictions utilize computational statistical mechanics through:

010 = (K )/ (1 + ZKje; + 2, Kjucicr) (Equation 31)

where binding constants K; are predicted through computational thermodynamic analysis, and
cooperative binding terms Kj, account for protein-protein interactions on material surfaces. Corona
hardness parameters quantify the stability of bound protein layers through:

hard
Hcorona = (ZiK air * Ci)/(ZiKsolft * Ci) (Equation 32)

where hard and soft binding categories are determined through computational analysis of protein
desorption kinetics and exchange susceptibility. The computational framework incorporates the
temporal evolution of corona composition through the prediction of protein exchange dynamics
driven by concentration gradients, binding affinity differences, and conformational stability
changes that occur during protein residence on material surfaces.

S12. Mechanical Stress Response Computational Framework

Shear-induced denaturation constitutes the tenth parameter through computational modeling of
hemoglobin unfolding under mechanical stress conditions encountered in biomedical devices,
utilizing molecular dynamics simulations and statistical mechanical treatments of force-dependent
protein stability without requiring experimental shear stress measurements. Force-dependent
unfolding kinetics follow Bell model predictions with cooperative effects through:

Kungord(T) = ko * exp((z8x ™ = AGy,, )/ (KT)) (Equation 33)
where unfolding distances Ax! to transition states are predicted through steered molecular
dynamics simulations and cooperative free energies AGg,, account for inter-subunit
communication within the hemoglobin tetramer. Flow-dependent stress calculations incorporate
geometry and confinement effects through:
T=7Y * fgeometry * fconfinement (Equati()n 34)

where shear rates y are predicted through computational fluid dynamics modeling, and correction
factors account for device-specific flow patterns and wall effects. Cooperative unfolding

predictions utilize computational analysis of allosteric networks through:

AGcoop = Ngomains * Gcoupling * <6unfold) (Equation 35)



where coupling strengths geoupiing are calculated through normal mode analysis of protein
dynamics, and average unfolding probabilities 0,51 are determined through computational
sampling of conformational states under applied stress. The computational framework
incorporates material-specific stress amplification effects where surface binding can alter protein
mechanical stability through constraint-induced changes in protein flexibility and unfolding
pathways.

S13. Iterative Optimization and Convergence Methodologies

The HSI framework employs a sophisticated multi-level iterative optimization strategy designed
to achieve convergence across the complex parameter space while maintaining computational
efficiency and ensuring physically meaningful results across all material classes and biomedical
applications. The optimization procedure follows a hierarchical approach beginning with
individual parameter optimization at the quantum mechanical level, progressing through
molecular-scale conformational sampling, and culminating in system-level parameter weight
optimization using machine learning-enhanced algorithms. Convergence criteria are established at
each hierarchical level to ensure that computational resources are allocated efficiently while
maintaining the accuracy standards required for regulatory-quality predictions. At the quantum
mechanical level, iterative self-consistent field (SCF) calculations for density functional theory
computations employ adaptive convergence algorithms with initial convergence thresholds set to
10 hartrees for energy and 10 hartrees/bohr for gradient calculations, followed by progressive
tightening to final convergence criteria of 10-® hartrees and 10-¢ hartrees/bohr, respectively, for
systems requiring high-accuracy electronic structure characterization. Geometry optimization
procedures utilize quasi-Newton algorithms (BFGS) with line search procedures and trust region
methods to ensure robust convergence to local minima, while transition state searches employ the
synchronous transit-guided quasi-Newton (STQN) method with confirmation through frequency
calculations, ensuring single imaginary frequencies corresponding to reaction coordinates. For
systems exhibiting convergence difficulties due to electronic near-degeneracies or spin
contamination, alternative approaches, including complete active space SCF (CASSCF)
calculations with (10,10) active spaces for transition metal centers and spin-unrestricted
calculations with stability analysis, are automatically invoked through exception handling
protocols.

Molecular dynamics simulations implement adaptive sampling strategies with iterative
equilibration phases designed to achieve thermal and conformational equilibrium while
minimizing computational overhead through intelligent convergence monitoring. Initial system
equilibration follows a multi-stage protocol beginning with energy minimization using steepest
descent algorithms (maximum force threshold: 1000 kJ/mol/nm), followed by conjugate gradient
refinement (maximum force threshold: 100 kJ/mol/nm), after which temperature equilibration is
performed using velocity rescaling with exponential decay time constants of 0.1 ps over 100 ps
simulation periods. Pressure equilibration subsequently employs Berendsen barostat coupling!3®
with time constants of 1.0 ps over 500 ps periods, while production simulations utilize Nosé-
Hoover temperature coupling!3® and Parrinello-Rahman pressure coupling'4? with time constants
optimized for each system based on autocorrelation function analysis of kinetic and potential
energy fluctuations. Convergence assessment for equilibration phases relies on statistical analyses
of thermodynamic properties, including running averages of temperature, pressure, density, and
potential energy with convergence declared when running averages exhibit stationary behavior
with relative standard deviations below 1% over the final 25% of equilibration trajectories.



Production molecular dynamics simulations employ adaptive simulation time extensions based on
convergence monitoring of target observables, including protein-material binding free energies,
radial distribution functions, and orientational correlation functions, with convergence criteria
established through block averaging analysis and statistical inefficiency calculations to ensure
adequate sampling of relevant conformational states. Binding free energy calculations utilize
thermodynamic integration and free energy perturbation methods with soft-core potentials to avoid
numerical instabilities, employing A-schedules optimized through preliminary calculations to
achieve smooth thermodynamic pathways with overlap integrals maintained above 0.1 between
adjacent A-windows. Statistical uncertainties are estimated through bootstrap analysis with 1000
resampling iterations, while systematic errors are assessed through comparison of forward and
reverse thermodynamic pathways with hysteresis analysis to identify irreversible transitions or
inadequate sampling.

Parameter weight optimization for application-specific HSI calculations employs iterative
machine learning algorithms combining gradient-based optimization with evolutionary strategies
to navigate the high-dimensional parameter space while avoiding local optima that could
compromise predictive accuracy. The optimization objective function incorporates multiple terms,
including predictive accuracy (mean squared error between predicted and reference HSI values),
parameter stability (L2 regularization penalty with A = 0.001), and physical consistency
(constraints ensuring parameter weights remain within physically reasonable bounds). Initial
parameter weight estimates are generated using principal component analysis of correlation
matrices computed from reference datasets, followed by refinement using limited-memory
Broyden-Fletcher-Goldfarb-Shanno  (L-BFGS)'#!  optimization with numerical gradients
computed through finite difference approximations with step sizes of 10 for numerical stability.
Evolutionary optimization components utilize genetic algorithms with population sizes of 200
candidate solutions, tournament selection with tournament size 5, single-point crossover with
probability 0.7, and Gaussian mutation with adaptive variance scaling based on population
diversity metrics to maintain exploration capability throughout optimization trajectories.
Convergence assessment for machine learning optimization employs multiple criteria, including
objective function stagnation (relative change <10 over 50 consecutive iterations), parameter
vector convergence (L2 norm of parameter changes <10+), and validation set performance
stabilization (relative change in validation accuracy <0.1% over 25 iterations). Early stopping
protocols prevent overfitting through monitoring of validation loss with patience parameters set to
100 iterations for gradient-based methods and 500 generations for evolutionary algorithms. Global
convergence verification across all hierarchical levels employs comprehensive cross-validation
procedures, including leave-one-out cross-validation for small datasets and stratified k-fold cross-
validation (k=5) for larger datasets, with additional temporal validation using chronologically
separated training and testing sets to assess model generalization across different time periods of
literature data collection. Uncertainty quantification throughout iterative procedures utilizes Monte
Carlo sampling with Latin hypercube design for efficient exploration of parameter uncertainty
spaces, while confidence intervals for final HSI predictions are computed using bootstrap
aggregation with 10,000 sampling iterations to ensure robust statistical estimates suitable for
regulatory decision-making processes. The complete iterative optimization framework is
implemented with automatic checkpointing and restart capabilities to ensure computational
resilience against hardware failures, while convergence monitoring and diagnostic information are
continuously logged to enable post-hoc analysis of optimization trajectories and identification of
potential numerical issues requiring manual intervention.
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