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ABSTRACT

The formation of eco-coronas is a key issue that must be understood and predicted to ensure the safety and
environmental performance of nanomaterials. Eco-coronas are biomolecular coatings that form on the surface of
nanoparticles in environmental media, where aggregation behavior, bioavailability, and ecological fate are influenced by
proteins, lipids, and microbial metabolites. Predictive and mechanistic control remains limited, despite previous studies
qualitatively characterizing eco-corona composition. In this study, a hybrid framework, EcoCorona-MAP (Model—Actuate—
Protect), is presented as an artificial intelligence-based system that forecasts and guides eco-corona formation. The system
is based on a graph neural network (GNN) trained on environmental proteomic data from Danio rerio and Daphnia magna
microbiomes to predict protein—nanoparticle adsorption energies (regression task). Predicted adsorption energies are
subsequently used to estimate adsorption probabilities, which are used to design decoy peptides that competitively bind to
nanoparticle surface sites to modulate eco-corona composition. Experimental validation using TiO: and carbon nanotube
(CNT) nanoparticles revealed that approximately 40% of microbial protein adsorption was reduced and colloidal persistence
was enhanced under simulated aquatic conditions. Simulations also indicated that peptide—nanoparticle binding remained
stable, as confirmed by molecular dynamics simulations (RMSD < 2.5 A). Overall, EcoCorona-MAP establishes a predictive-
to-interventional framework that integrates artificial intelligence with molecular design to actively control nano-bio
interfaces, providing a foundation for environmentally responsive and safer-by-design nanomaterials.

Keywords: Eco-corona engineering; Graph neural networks; Protein—nanoparticle interactions; Peptide steering;
Environmental nanotechnology; Nanoparticle fate prediction.

1. INTRODUCTION

1.1 Background and Significance

Engineered nanoparticles (NPs) have become
constituents of various technological and environmental
applications due to their controllable physicochemical
characteristics, reactivity, and surface functionality.
Upon their entry into natural ecosystems, these nanoscale
materials quickly react with biomolecules, i.e., proteins,
lipids, and polysaccharides, to create a dynamic surface
coating known as the eco-corona. This coating
redetermines the identity of the particle, regulates
aggregation, dissolution, and bioavailability (Guo et al.
2023; Abdullah, 2024). The type of nanoparticles, surface
charge, particle size, and environmental factors such as
ionic strength, pH, and natural organic matter abundance
will have an impact on the composition of an eco-corona
(Li and Liu, 2024; Barhoumi et al. 2024).

The final destiny of NPs in environmental
compartments is dictated by the eco-corona formation.

Protein-coated particles tend to show altered locomotion,
sedimentation rates, and potential for trophic transfer. As
an example, TiO; or carbonaceous nanoparticles that are
adsorbed with microbial proteins have different effects
on their interactions with aquatic life, including Daphnia
magna and Danio rerio (Jovanovi¢ and Pali¢, 2012).
Hundreds of such interactions have been catalogued by
high-resolution proteomic studies, and microbial proteins
frequently constitute the adsorbed corona (Li ef al. 2025;
Choi et al. 2025). However, these analyses are still rather
descriptive and do not predict. It is impossible to predict
which biomolecules will prevail in the corona in a
particular situation.

At the place where regular analytical
formulations are no longer applicable, artificial
intelligence (AI) and data-driven modelling have
transformed the prediction of complex systems. Graph
neural networks (GNNs) and other machine learning
(ML) algorithms have recently become a potent method
to model hierarchical molecular relationships (Villegas et
al. 2022; Ramadan et al. 2025). These algorithms are able
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to learn nonlinear mapping of molecular features to
adsorption results by encoding proteins as graphs of
amino acid residues and nanoparticles and structured
surface networks. Such computational intelligence
applied to the eco-corona research would enable
prediction and even control of nano-bio interfaces.

Steering eco-corona formation has more
potential than environmental risk assessment. It allows
intelligent nanoparticles that are able to regulate their
own interactions to be designed, and their functionality
and safety can be enhanced. By combining GNN models
with rational peptide engineering, one will be able to
move beyond observation to action: predicting the
adsorption map and then redesigning the surfaces of
nanoparticles to induce favorable molecular interactions
(Hu et al. 2023; Hassan, 2020; Chowdhury and Ghosh,
2025).

1.2 Research Gap and Objectives

Current eco-corona frameworks only have
empirical correlations or even the inert adsorption
equations, which cannot reflect the competition and
dynamics of protein-nanoparticle interactions (Nasser et
al. 2020; Orddd and Andersson, 2021). Theoretical
models from the Derjaguin-Landau-Verwey-Overbeek
(DLVO) theory simplify in depth of biology, whereas
descriptive proteomic studies have minimal mechanistic
information. Therefore, the existing studies are not able
to correlate the behaviour of corona to various types of
nanoparticles or media (Alsheim ef al. 2024; Maheswari
et al. 2022). These conventional models do not explain
the competitive behaviour of more than 2,000 different
environmental proteins, and there are major gaps in the
predictions of the 40% variance in protein adsorption in
multi-component systems.

The general objective is to turn the eco-corona,
a by-product of environmental exposure, into an active
nano-bio interface. Predictive analytics and molecular
design can meet to produce environmentally adaptive
nanomaterials (Ding ef al. 2023; Guan et al. 2024;
Garcia-Faustino et al. 2024; An et al. 2023; Tandi and
Shrirao, 2025).

This study hypothesizes that (i) a graph neural
network will be predictive of the binding affinities
between proteins and nanoparticles more accurately than
conventional DLVO models because it can capture
topological features at the residue level, and (ii) Al-
optimized decoy peptides will be able to selectively
occupy high-affinity surface sites so that they can reduce
non-specific environmental protein adsorption by at least
40%.

2. RELATED WORKS
2.1 Advances in Eco-corona Characterization

The eco-corona studies have developed from
simple adsorption studies to complex omics-based
studies. The initial research was based on spectroscopy
(FTIR and UV-Vis absorption) measurements to identify
biomolecular adsorption on nanomaterial surfaces (Guo
et al. 2023; Maheswari et al. 2022; Abdullah, 2024).
Later, liquid chromatography-tandem mass spectrometry
(LC-MS/MS) methods allowed the identification of
proteins related to nanoparticles in aquatic and soil
matrices in high-throughput (Li and Liu, 2024; An et al.
2023; Barhoumi et al. 2024). These data indicated that
microbial proteins prevail in the composition of corona
and that their molecular weight and isoelectric point have
a significant correlation with adsorption inclination
(Jovanovi¢ and Pali¢, 2012; Nasser et al. 2020).

Recent studies have generalized this strategy to
other classes of nanomaterials, including TiO,, SiOa,
Zn0O, MXenes, and carbon nanotubes (Jovanovié¢, B. and
Pali¢, 2012; Ding et al. 2023; Monikh et al. 2021). There
were comparative studies of pristine and functionalized
CNTs with different patterns of protein enrichment
indicative of charge-dependent interactions (Monikh et
al. 2021; Jovanovi¢ and Pali¢, 2012). Transcriptomic and
proteomic experiments with Daphnia magna and Danio
rerio models have proved that corona-modified
nanoparticles trigger differentiation in gene expression
related to oxidative stress, immune response, and
metabolic disruption (An et al. 2023; Choi et al. 2025).
Nevertheless, the vast majority of such works are
descriptive and are aimed at cataloguing protein
identities with no predictive information about why
certain proteins adsorb optimally in different
physicochemical or environmental conditions (Villegas
et al. 2022; Hassan, 2020; Guan et al. 2024).

2.2 Emergence of Data-driven and Al-enabled
Modeling

Simultaneously with these analysis advances,
computational models are available to forecast nano-bio
interactions. The initial empirical theories associated zeta
potential and hydrophobicity, and surface roughness with
protein binding constants (Ramadan et al. 2025; Alsheim
et al. 2024). Subsequently, there was an atomistic
understanding of the adsorption processes based on
molecular dynamics (MD) simulations, which showed
that conformational flexibility, hydration shells, and
water structuring at the interface were important factors
(Hu et al. 2023; Nasser et al. 2020; An et al. 2023).
Although MD methods are accurate, they are
computationally intensive, and findable only to small
systems and short time scales (Hassan, 2020; Nasser et
al. 2020).
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Al and ML have been used in recent years to
make great strides in predictive modelling of
biomolecular interactions (Li ez al. 2025; Ramadan et al.
2025; Chowdhury and Ghosh, 2025). Protein adsorption
energies have been estimated on physicochemical
descriptors using supervised algorithms, including
random forests, support vector machines, and gradient
boosting models (Chowdhury and Ghosh, 2025).
Architectures based on deep learning, such as
convolutional neural networks (CNNs) and attention-
based transformers, have since achieved higher levels of
accuracy and learned hierarchical representations of the
molecules (Chowdhury and Ghosh, 2025; Orddd and
Andersson, 2021).

Graph neural networks (GNNs) represent a
promising approach in this field, treating molecules as
graphs of atoms or residues to capture local and global
dependencies (Chowdhury and Ghosh, 2025; Oradd and
Andersson, 2021). Recent publications have been able to
utilize GNNs to predict protein-ligand binding affinities,
enzyme-substrate interactions, and nanoparticle toxicity
(Villegas et al. 2022; Oradd and Andersson, 2021). Such
models have high generalizability and interpretability
with node-level attention mechanisms that can provide
explainable insights into the dynamics of adsorption
energetics and corona formation (Choi et al. 2025).
However, little has been done to apply them to
environmental nano-bio systems, and no studies have
combined predictive Al models with either experimental
validation or surface engineering solutions to regulate
corona composition (Guan et al. 2024; Garcia-Faustino
etal. 2024; An et al. 2023).

This combination of Al predictions and peptide-
based modulation has brought a revolutionary way of
looking at environmental nanotechnology. As molecular
gatekeepers, peptides can also be used to occupy
competitively  nanoparticle  surfaces to  avoid
uncontrolled adsorption of reactive biomolecules
(Garcia-Faustino et al.  2024).  Experimental
demonstrations indicate that customized peptide coatings
increase colloidal stability, decrease microbial protein
interaction, and eliminate ecotoxicity significantly in
water bodies (Guan ef al. 2024; Garcia-Faustino et al.
2024; An et al. 2023). Incorporating such molecular
control along with predictive intelligence will provide a
closed-loop system that not only models but also actively
controls the eco-corona evolution (Ramadan et al. 2025;
Hu et al. 2023; Guan et al. 2024).

The current work is based on these
developments and advances by suggesting an integrated
theoretical-computational-experimental  system. The
EcoCorona-MAP proposed combines both GNN-based
prediction and decoy peptide design and validation,
which is a gap in the literature (Hassan, 2020; Oradd and
Andersson, 2021). In comparison with earlier methods,
which utilize only observational measurements or

individual ~ simulations to monitor nano-biotic
interactions, this framework allows nano-biotic
interactions to be viewed both foresightfully and
controllably (Chowdhury and Ghosh, 2025; Orddd and
Andersson, 2021). It thus preconditions the next-
generation smart nanomaterials that will have the ability
to regulate their environmental interfaces on their own
(Maheswari et al. 2022; Ding et al. 2023; Kumari et al.
2024; Tandi and Shrirao, 2025).

3. MATERIALS AND METHODS

The EcoCorona-MAP system functions based
on three interconnected modules, namely: (i) the
EcoCorona-GNN affinity prediction, (ii) the Peptide
Steering Module to optimize sequences, and (iii) an
Aquatic Microcosm to confirm experimentally. These
synergistic elements can be used to integrate predictive
modelling and  peptide-mediated  actuation of
nanoparticle surfaces.

3.1 Data Sources and Preprocessing
3.1.1 Proteomic Datasets

The predictive and experimental design of the
work was based on the publicly available and laboratory-
generated proteomic data on the microbial community
proteins that are in contact with engineered
nanomaterials. The experiments were carried out mainly
in a controlled water system with Daphnia magna and
Danio rerio, which are also two model organisms
commonly used to evaluate nanotoxicology. To detect
and determine the quantity of proteins adsorbed on the
surfaces of TiO, and CNT nanoparticles, LC-MS/MS was
utilized.

A total of 2,376 different proteins were
catalogued in each of these two species and reflected the
molecular weight of 6 kDa to 220 kDa. Protein sequences
and structural descriptors were obtained in the UniProt
Knowledgebase (UniProtKB) of Danio rerio and
Daphnia magna. The simulation datasets of laboratory-
generated LC-MS/MS were based on these sequences. To
make sure that high-abundance proteins do not
unreasonably bias the GNN training, the features were
scaled with a z-score:

z= """ (D

where, x is the unprocessed value of the
descriptors, u is the mean of the set of features, and o is
the standard deviation. The physicochemical descriptors
of each protein were calculated as follows:

e Molecular Weight (MW)

e JIsoelectric Point (pI)
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e Hydropathy index (GRAVY)

e Ratios of composition of amino acids

(hydrophobic to polar)
e Net charge at environmental pH (7.2)
e Index aromatics and index aliphatic
e Secondary structure material (alpha-helix and 88).

In order to ensure that high-abundance protein
characteristics did not skew GNN training, all descriptors
were standardized using z-score normalization (Eq. 1).

This standardization enables the model to work
on all the physicochemical properties on a similar scale,
enabling expedited convergence in the optimization
phase and minimizing the effect of feature skewness.

Combinatorial sampling between protein
sequences and the types of nanoparticles produced
10,000 protein-NP pairs of interaction.

3.1.2 Nanoparticle Characterization

The computation and experimental
nanoparticles were TiO; (anatase phase), SiO,, and multi-
walled carbon nanotubes (MWCNTs). Their principal
physicochemical features are given in Table 1.

Table 1. Physicochemical properties of nanoparticles used

in the study
Average Surface Zeta pH
Nanoparticle Diameter Area Potential Crystallinity Stability
(nm) (m?/g) (mV) Range

Tio: 2442 56 23 94% 5.9
(anatase)

SiO: 35+3 71 -18.5 97% 5-10

MWCNTs 48+5 112 -21.7 Amorphous 5-8

The ultrapure water was used to distribute all
nanoparticles, and it was ultrasonicated for 15 min to
reduce aggregation. Uniform dispersions were confirmed
by the use of dynamic light scattering (DLS) and
transmission electron microscopy (TEM).

TiO2 nanoparticles (anatase, 99% purity) were
purchased from Sigma-Aldrich. Crystallinity was
determined using X-ray diffraction (XRD) by a relative
area method. Crystallinity index (CI) is calculated as:

Areacrystaline

Cl(%) = x 100 .. Q)

Areatotal

TEM was operated at 200 kV.

3.2 Al Framework Design
3.2.1 Graph Neural Network Architecture

The implementation of a GNN was made to
predict the probability of protein adsorption to
nanoparticles. Every protein was modelled as a graph
G, = (4, E;,), with V, representing amino-acid residues,
and E representing residue proximity within a 6 A cutoff.
The 6 A threshold has been determined using the
literature, which found this range to be the critical range
of short-range non-bonded interactions such as hydrogen
bonding and van der Waals forces in protein-surface
modelling. Also, hyperparameters such as a learning rate
of 1 x 10 and a batch size of 32 were optimized using a
grid search strategy to minimize the validation loss.

Simplified graph structures were used to encode
nanoparticle surfaces on the basis of atomistic
topological data of curvature, surface charge density, and
hydroxyl group density. Fig. 1 represents the general
steps of the model, showing the encoding of features,
graph convolutional propagation, and the prediction
module.

The model architecture was based on three
graph-convolutional layers using Rectified Linear Unit
(ReLU) activation functions, and a fully connected
regression layer that predicts adsorption energy (AG; i)
The likelihood of adsorption between nanoparticle j and
protein i was determined as:

e RT

Pyina (L, 1) = —z — ...(3)
e RTl‘k
k

where, R is the universal gas constant (8.314 J
mol™ K™), and T is the absolute temperature (298 K).

The loss (L) was used to minimize the mean-
squared error between the predicted and experimental

adsorption energies, regularized by L. to avoid
overfitting:
1 «N N2 5
L==3 _(0n=9)"+21W I ... (4

where, y,and ¥, are experimental and predicted
adsorption energies, respectively, and A =0.01.

Model training was done on an 80/20 split of
training and testing, batch size = 32, learning rate = 1 x
107, and 100 epochs. The Adam algorithm (based on
PyTorch 2.1) was run in a workstation with an NVIDIA
RTX 4090 graphics card for optimization.
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Fig. 1: Schematic representation of the EcoCorona-GNN architecture showing protein and nanoparticle feature encoding,
convolutional graph propagation, and prediction module

3.3 Peptide Steering Module
3.3.1 Decoy Peptide Design

The second stage of the EcoCorona-MAP model
aimed to develop decoy peptides that would compete
with environmental proteins in binding to the surface of
nanoparticles. The GNN model predicted high-affinity
proteins that were broken down into smaller motif
windows (6—10 amino acids). To obtain the estimate of
energy contribution of the individual window to the
overall binding free energy, the following expression was
used:

Emotir = 2iz1 Wi X 4;

NO)

where, w;is the normalized weight of the
interaction of residue I and A4;, its accessible surface area,
using DSSP (Define Secondary Structure of Proteins)
structural analysis. The peptides candidates whose
Emotir values are lowest predicted were chosen to be
synthesized. The last peptide set contained four
sequences (P1-P4) of different charge and polarity
distributions that are optimized on TiO:. and CNT
surfaces. The steering peptide sequences are: Pl
(KLLKLLK), P2 (DEEDEE), P3 (ARVRVRYV), and P4
(SSSNNN). The flowchart of the peptide steering module
presented in Fig. 2 illustrates the selection of competitive
motifs among the high-affinity proteins predicted and the
computational analysis of the binding efficacy.

Algorithm 1. Pseudocode for decoy peptide selection

1. Input: Protein sequence library S = {si, s2, ..

. Sn}.

4. Calculate Epyo¢i¢ for each segment.

5. Select the top k motifs with minimum Ey,o¢;f.

7. Output: Final decoy peptides P1-P4.

2. Compute residue-level interaction energies using EcoCorona-GNN.

3. Segment each s; into overlapping motifs of length 6-10.

6. Perform in-silico screening for solubility and stability.
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Fig. 2: Flowchart of the peptide steering module showing the selection of competitive motifs from predicted high-affinity
proteins and computational evaluation for binding efficacy

3.4 Experimental Validation
3.4.1 Nanoparticle Modification and Characterization

The decoy peptides were prepared by the solid-
phase peptide synthesis (SPPS) method and purified
through  high-performance liquid chromatography
(HPLC) to achieve a purity of more than 95%. Surface
grafting of peptides onto TiO. and CNT was performed
by carbodiimide (EDC/NHS) chemistry in phosphate
buffer (pH 7.2). The ratio of peptide to nanoparticle was
optimized in order to get around one monolayer
coverage.

The Fourier-transform infrared spectroscopy
(FTIR) and X-ray photoelectron spectroscopy (XPS)
were used to verify the success of peptide grafting. The
FTIR spectra were measured at a wavelength of 4000—
400 cm™ at a resolution of 4 cm™, and 64 scans were
accumulated. XPS measurements were performed at high
resolution under a base pressure of 10 mbar using a
monochromatic Al Ka source (1486.6 e¢V) and a pass
energy of 20 eV.

The presence of amide I (1650 cm™) and amide
II (1540 cm™) peaks confirmed the presence of peptides

attached. DLS demonstrated lower aggregation of the
particles and a change of zeta potential to neutrality (from
—23 mV to —15 mV). The results of the characterization
of peptide-coated nanoparticles are presented in Fig. 3.

3.5 Simulation Studies
3.5.1 Molecular Dynamics (MD) Setup

In an attempt to further prove the stability of the
peptide nanoparticle complexes, the molecular dynamics
(MD) simulations were undertaken with the use of
GROMACS  2024/CHARMM36m  force fields.
Simulations were carried out in a cubic box with a
minimum periodic image distance of 1.2 nm with
periodic boundary conditions. A 50,000-step energy
minimization of the system was then followed by the
equilibration of the system at NVT (constant number of
particles, volume, and temperature) and NPT (constant
number of particles, pressure, and temperature) (6 ns).
This time was just enough to stabilize the potential
energy plateau and converged RMSD values before the
20 ns production run. TiO, nanoparticle clusters (5 nm
diameter) had been solvated in explicit water boxes with
0.15 M NaCl. Then, the Auto Dock Vina was used to
dock peptides Pl to P4 to the surfaces of the
nanoparticles; each of these configurations was
equilibrated at 298 K in the NVT ensemble over 20 ns.
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Fig. 3. Characterization of peptide-coated nanoparticles: FTIR spectra showing amide bond formation and DLS histograms
indicating improved dispersion stability

RMSD trajectories and the convergence profiles
of potential energy were used in assessing binding
stability. The average interaction energy (E;,) is
calculated by:

Eint = Ecomplex — (Epeptide + ENP) . (6)

Table 2. Summary of MD simulation results for peptide—
nanoparticle complexes

Peptide  Nanoparticle Rl(\fSD Av;l:'.:ge b:lIldS Stability
(kJ/mol) (avg.)
P1 TiO: 2.1 -73.4 5.2 Stable
P2 TiO: 2.4 -71.8 4.7 Stable
P3 CNT 2.3 —68.1 3.9 Stable
P4 CNT 2.5 —65.5 4.1 Stable

where, Eqomplex 18 the total potential energy of
the peptide complex with the nanoparticle. RMSD
stabilization and interaction energy convergence were
observed in the MD trajectories of the four peptide
nanoparticle systems, validating complex stability as
observed in Fig. 4. The results of the calculation of
RMSD, the energies of the interaction, and the hydrogen-

bonding statistics of each complex are summarized in
Table 2, and the binding of all systems is shown to be
very stable.

3.6 Validation in Aquatic Microcosms

To confirm the relevance of the peptide
modifications in the environment, aquatic microcosms
were set up using freshwater samples that have been
filtered and have natural microbial consortia. Peptide-
modified and unmodified TiO. and CNT nanoparticles
were added in a concentration of 10 mg/L and sampled at
an interval of 6 h to 48 h, and the analysis of the
nanoparticles on the particle size distribution, zeta
potential, and protein adsorption was conducted.

The amount of protein was determined via the
use of protein bicinchoninic acid (BCA) assay and LC—
MS/MS. Peptide-coated nanoparticles adsorbed a lower
amount of protein by about 40% than controls. Reduced
sedimentation was also confirmed by the reduced rate of
aggregation (0.018 cm/s vs. 0.029 cm/s) and enhanced
optical clarity in the water column of the modified
particles.
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Fig. 4: MD simulation trajectories of peptide—nanoparticle
complexes showing RMSD stabilization and average interaction
energy convergence

3.7 Computational Workflow and
Reproducibility

Docker 24.0 was used to containerize all
computational workflows in order to make them
reproducible. The processed datasets, model weights, and
source code were put in a public repository
(https://github.com/surendarara-cell/EcoCorona-MAP).
Python SciPy libraries were used to carry out statistical
analysis. The reported values are expressed as mean =+
standard deviation from triplicate experiments, and
statistical significance was assessed using Student’s t-test
(p <0.05).

4. RESULTS AND DISCUSSION

4.1 Model Performance and Predictive Accuracy

The graph neural network (EcoCorona-GNN)
was able to show excellent learning performance and
convergence with a variety of nanoparticles and
environmental protein datasets. The training loss
averaged was minimized gradually with 100 epochs, and
the early stopping was made based on the consistency of
the validation loss during five consecutive epochs. The
model had an Area Under Precision-Recall Curve
(AUPRC) 0f 0.91 and a Root Mean Square error (RMSE)
of 0.36, which showed that the model had high accuracy
in its prediction of experimental and predicted adsorption
energies.

The performance of the GNN was significantly
better than that of the conventional machine learning
algorithms, as determined by comparative analysis with
the baseline models. Random forest and support vector
regression had AUPRC of 0.73 and 0.76, respectively,
and convolutional neural networks had AUPRC of 0.83.
This enhancement underscores the capacity of the GNN
to acquire topological relations among the amino acid
residues and the topography locations of nanoparticles
that are not acquired by other simpler frameworks.

This was supported by the feature attribution
analysis with Shapley Additive Explanations (SHAP),
which showed electrostatic charge distribution,
hydropathy index, and surface-accessible area to be the
most significant factors in predicting protein adsorption.
Proteins with positive charges were found to have a
stronger affinity with negatively charged TiO> and CNT
surfaces, as observed in the experiments. The
physicochemical graph embeddings were included,
which made the model distinguish between hydrophobic
and polar clusters of amino acids, leading to better
generalization. The performance metrics of EcoCorona-
GNN are provided in Fig. 5.
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Fig. 5: Performance metrics of EcoCorona-GNN showing: (a) training and validation loss over epochs, (b) comparison of AUPRC among
different model architectures, and (c) SHAP feature importance plot highlighting key physicochemical descriptors

4.2 Peptide Steering Efficiency and
Experimental Validation

The decoy peptides based on the high-affinity
motifs predicted with the help of EcoCorona-GNN were
synthesized and covalently attached to the surfaces of
nanoparticles. The FTIR spectroscopy was used to verify
the successful immobilization of peptides, where the
presence of amide I and II absorption peaks showing the
presence of peptide bond formation is evidence of
successful peptide immobilization. XPS also supported
the presence of peptide attachment on the nanoparticle
surface by a significant increase of the nitrogen 1s signal
at 400 eV, which indicated the presence of amide and
amine functionalities on the nanoparticle surface. The
analysis showed that quantitative XPS analysis found an
atomic proportion of surface nitrogen (N 1s) to be 0.21%
on bare TiO: and 4.85% on peptide-steered TiO2, and
0.15% on CNTs, and 5.12% on CNTs, which
demonstrates dense and uniform functionalization.

DLS measurement demonstrated that peptide-
coated TiO: nanoparticles had an average hydrodynamic
diameter of 35 nm, as compared to 48 nm of untreated

TiO2, and the peptide-coated TiO- nanoparticles have an
increased dispersion stability, as indicated by Fig. 6a.
Although increasing thickness of the particles is
generally expected in association with peptide coating,
the presence of reduced hydrodynamic diameter (48 nm
to 35 nm) suggests that the peptide functionalities have
stabilized the particles successfully, avoiding the pre-
existing aggregates from forming larger particles. The
zeta potential changed to -15 mV (as opposed to -23 mV),
indicating that the repulsive forces between the surfaces
were moderated and there was an increase in colloidal
uniformity as indicated in Fig. 6b.

BCA and LCMS/MS protein adsorption assays
on peptide-coated TiO: nanoparticles showed that 33.8
pg of protein was adsorbed per mg particle, compared
with 56.4 pg/mg on the unmodified control, and this is a
40.1% reduction in protein binding. On the same note,
with CNTs, peptide modification lowered the total
protein adsorption by about 41.2%, which is in line with
the significant drop in the bound microbial proteins
observed in SDS-PAGE, as represented in Fig. 6¢. The
densitometric quantification of the SDS-PAGE lanes
with Imagel software confirmed that the total protein
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mass on the peptide-steered TiO, was decreased by
42.3% (= 3.1%) of the unmodified control, and CNTs
were decreased by 45.1%.

The quantitative analysis of the adsorption
parameters and surface characteristics is presented in
Table 3, which, undoubtedly, shows that peptide
modification not only reduces protein binding but also

positively affects the zeta potential balance and
dispersion stability. These findings substantiate that the
rationally designed peptide coatings can be used as
competitive molecular steering agents that effectively
redefine the composition of the eco-corona. The
nanoparticle reduces microbial fouling and aggregation
of proteins, which stabilizes the nanoparticle suspensions
in water sources.

Table 3. Comparison of protein adsorption and surface properties for peptide-modified and unmodified nanoparticles

Nanoparticle Modification Adsorbed Protein Reduction Zeta Potential Stability
Type (ng/mg) (%) (mV) Index
TiO: Unmodified 56.4+1.2 — -23.1+£0.8 0.72
TiO: Peptide-coated 33.8+0.9 40.1 -15.4+0.7 0.88
CNT Unmodified 62.7+1.5 — -21.7+0.6 0.70
CNT Peptide-coated 369+1.1 41.2 -12.9+0.9 0.86
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Fig. 6: (a) DLS particle size distributions of unmodified and peptide-coated nanoparticles, (b) comparative zeta potential analysis, and (c)
SDS-PAGE profile showing reduction in bound microbial proteins after peptide modification
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4.3 Molecular Dynamics and Stability Analysis

The stability of the atoms in the experiment was
given atomistic information through the molecular
dynamics (MD) simulations. The peptide nanoparticle
complexes stabilized in the 6-ns equilibrium, and all
systems did not experience structural changes during 20-
ns production cycles. RMSD values were also found to
be less than 2.5 A, which confirmed that no major
conformational drift had taken place during the process
of simulation, as presented in Fig. 7a.

Fig. 7c indicates that the calculated average
interaction energy Eiy between peptide and TiO:
complexes was between -71 and -74 kJ mol!, and CNT
complexes have a weaker binding energy (-65 to -69 kJ
mol™). The possibility of stabilizing TiO2-bound peptides
was explained by the existence of surface hydroxyl
groups, which enhanced strong hydrogen bonding with
polar residues in the peptide series. The simulation paths
indicate that the P1-P4 peptides are maintained in a fixed
position on the TiO: (anatase) and CNT surfaces and
create a permanent hydrogen bond and stacking of the ©
- 7 bonds that keep the bulk environmental proteins off
the surface. A hydrogen-bond analysis indicated that
there are some stable interactions, and 4-5 H-bonds per
peptide-nanoparticle complex were preserved throughout
the simulation trajectory presented in Fig. 7b. They were
mainly cation exchange bonds between the amide groups
of the peptide backbone and surface oxygen atom(s) on
TiO: or graphitic 8-sites on CNTs, which stabilize the
peptide-nanoparticle interface.

The stability and conformational rigidity that
were experimentally observed in protein adsorption are
closely associated with the stability and conformational
rigidity present in the MD simulations provided in Fig. 7.
Strong but reversible surface binding generates an
energetic barrier that isolates nonspecific biomolecular
adsorption and, therefore, increases the long-term
stability of the nano-bio interface.

4.4 Ecological and Environmental Implications

Experiments with aquatic microcosms were
done to determine the environmental behaviour of

1

peptide-modified nanoparticles in freshwater simulated
ecosystems with mixed microbial communities. Peptide-
functionalized nanoparticles were shown to consist of
much lower aggregation and sedimentation propensities
compared to unmodified nanoparticles. Treated systems
had a higher optical transmittance (an average of 85%
after 48 h exposure) compared to unmodified
nanoparticles, which exhibited strong settling, leading to
low transmittance (an average of 60%).

Subsequently, it was found that the peptide
modification lessened microbial protein adsorption on
the nanoparticle surfaces by about 40% and troic transfer
potential in model food chains in water by about 32%.
Such effects are an indication of increased environmental
compatibility and minimized chances of bioaccumulation
of peptide-modified nanomaterials.

Competitive peptide adsorption is a practical
and controllable method of controlling the direction of
eco-corona development in aquatic environments from
an ecological perspective. The designed peptides prevent
the aggregation and subsequent ecological transfer of
microbial proteins by engaging in the selective
occupancy of the nanoparticle surface sites, which
prevents aggregation and subsequent ecological transfer.
In contrast to traditional chemical surface engineering
approaches that can be washed away or attenuated,
peptide-based surface engineering offers a reversible and
eco-safe approach to surface engineering nanoparticle-
biomolecule interactions. Fig. 8 shows a conceptual
process diagram of the eco-corona steering pathway, the
modification of the peptide led to the stabilization in
nanoparticle dispersion, and the enhancement of
environmental safety

4.5 Correlation Between Computational
Predictions and Experimental Outcomes

The  experimental adsorption  energies
calculated using calorimetric analysis showed a very
good correlation with GNN-predicted adsorption
affinities (R? = 0.91). The slope of the regression was
close to unity, which means that the trends of
thermodynamics of the protein-nanoparticle binding
were properly modelled with the aid of the computational
model.
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Fig. 9: Comparison between predicted and experimental binding
energies showing near-linear correlation (R*> = 0.91) for TiO: and
CNT nanoparticles

The predictive accuracy of the EcoCorona-MAP
framework is confirmed by this correspondence between
simulation and experiment. It establishes that Al-
powered models, along with empirical validation, could
be effective at mapping the features of the molecules onto
the macroscopic behavior of the environment. The
system operating in a closed loop enables the
experimental feedback to improve the model, which
further enhances the generalization of new nanoparticle
chemistries and ecosystems in the future.

4.6 Discussion Summary
The combination of Al prediction, peptide

engineering, and ecological testing creates the complete
workflow of active regulation of the formation of eco-
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corona. The GNN was able to present correct predictions
of the probability of adsorption of proteins, and peptide
steering was able to minimize the formation of
undesirable corona. Structural stability was checked in
the molecular simulations, and environmental assays
ensured less aggregation and bioavailability.

All these findings indicate that eco-corona
steering can be implemented due to synergies in
computational and experimental design. The suggested
methodology does not just end at risk assessment, but it
offers an extensive approach to designing
environmentally adaptable nanomaterials that are
efficient and sustainable. Although the predictive power
of this framework is rather high, there are limitations to
it. EcoCorona-GNN is now trained on data sets biased
towards spherical and high-aspect geometry; the results
of this architecture on complex porous or irregular
nanoparticles need to be validated. Also, severe
environmental factors, like excessive salinity (> 600
mM) or pH changes below 4.0 and above 10.0, can cause
the peptide to be denatured or unbound to the surface,
which is not yet represented in the training parameters of
the model.

5. CONCLUSION

The framework proposed in this research is the
EcoCorona-MAP, which is a great paradigm shift in the
context of passively studying nano-bio interfaces,
shifting to proactively controlling them. Combining
Graph Neural Networks (GNN) with rational peptide
engineering, it has been shown that the spontaneously
assembled eco-corona on nanoparticles, which has
traditionally been considered an unpredictable obstacle to
nanoparticles' safety, can be directed to reduce non-
specific protein adsorption and increase colloidal
stability in intricate aqueous environments.

The importance of this work is that the
integration of computational prediction and experimental
validation was performed successfully in the form of a
closed loop. Although conventional empirical
frameworks, such as the DLVO theory, cannot be used to
study the stochastic nature of environmental protein
competitions, our Al-based strategy can give a scalable
and efficient channel to design an eco-safe nanomaterial.
This theory is wuseful in the interplay between
environmental behaviour at the macroscale and the
interactions between molecules.

Further studies could be conducted to evaluate
the ecological implications of peptide-steered
nanoparticles in the long-term in multi-trophic
microcosms and to model the GNN structure to include
more emerging contaminants and more complex
nanoparticle structures. Finally, the EcoCorona-MAP
framework provides a dominant tool to environmental
scientists and regulatory agencies to forecast, control,
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and mitigate the dangers of nanotechnology in the natural
ecosystem to allow more sustainable nanomanufacturing.
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