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A B S T R A C T

The present theoretical work provides a ground-breaking and comprehensive study of graphene nanoflakes 
integrating Density Functional Theory (DFT) simulations, toxicity predictions and a machine learning approach. 
The properties of graphene nanoflakes as a function of size, shape, and symmetry are systematically analysed 
using DFT calculations. The interaction of these nanoflakes with human proteins and cell membranes, considered 
as Molecular Initiating Events for diverse Adverse Outcome Pathways, is explored to infer potential toxicity 
effects. Leveraging the generated data, machine learning models were developed to predict flake properties and 
biological interactions. A single score representing the biological interaction or impact of graphene nanoflakes on 
both proteins and plasma membranes is assigned to each evaluated nanoflake to infer its potential toxicity. Our 
multiscale approach bring valuable insights into the structure-property-toxicity relationships of graphene 
nanoflakes, paving the way for their safe and efficient design and application.

1. Introduction

Graphene, a two-dimensional carbon allotrope with a honeycomb 
lattice structure, has captivated the scientific community since its 
isolation in 2004 (Novoselov et al., 2004). Its exceptional properties, 
including high electrical and thermal conductivity, mechanical strength, 
and large surface area, have positioned graphene as a promising mate
rial for various applications ranging from electronics to biomedical de
vices (Avouris and Dimitrakopoulos, 2012; Seabra et al., 2014). 
Graphene nanoflakes (GNFs), finite-sized graphene sheets typically less 
than 100 nm in lateral dimensions, have emerged as particularly inter
esting structures due to their unique size-dependent properties and 
enhanced edge effects (Son et al., 2006; Yazyev, 2010).The properties of 
GNFs are heavily influenced by their size, shape, and edge structure, 
which can significantly affect their electronic, magnetic, and chemical 
characteristics (Güçlü et al., 2014). Understanding these structure- 
property relationships is crucial for tailoring GNFs for specific applica
tions. Density Functional Theory (DFT) simulations have proven to be a 
powerful tool in elucidating the fundamental properties of GNFs (Hod 

et al., 2008; Ezawa, 2007). Recent studies have employed DFT to 
investigate the electronic structure of GNFs with various edge configu
rations, revealing the emergence of localized edge states and magnetism 
in certain geometries (Zou et al., 2011; Lee et al., 2005). The size- 
dependent properties of GNFs have been explored through DFT calcu
lations, demonstrating how the energy gap and magnetic moment 
evolve with increasing flake dimensions (Fernández-Rossier and Pala
cios, 2007). Triangular GNFs exhibit size-dependent magnetic proper
ties, with the total spin increasing linearly with the edge length (Sharma 
et al., 2014). Similarly, hexagonal GNFs have been found to display size- 
dependent electronic properties, transitioning from semiconducting to 
metallic behavior as the flake size increases (Zarenia et al., 2010).

While the unique properties of GNFs offer exciting possibilities for 
applications, concerns about their potential toxicity and environmental 
impact have arisen (Bianco, 2013; Ou et al., 2016). The high surface 
area-to-volume ratio and reactive edges of GNFs can lead to enhanced 
interactions with biological systems, potentially causing adverse effects 
(Chng and Pumera, 2013). In vitro and in vivo studies have reported 
varying degrees of toxicity for graphene-based materials, depending on 
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their physicochemical properties and the biological model used (Zhang 
et al., 2011; Schinwald et al., 2012). To address these concerns and 
facilitate the safe development of GNF-based technologies, there is a 
growing need for robust methods to predict the biological interactions 
and potential toxicity of GNFs. In silico approaches, particularly molec
ular dynamics (MD) simulations and quantitative structure-activity 
relationship (QSAR) models, have emerged as valuable tools in this re
gard (Burello and Worth, 2011; Shao et al., 2019). MD simulations have 
been used to study the interactions between graphene sheets and lipid 
bilayers, providing insights into the membrane penetration mechanisms 
and potential cellular uptake of GNFs (Tu et al., 2013; Guo et al., 2013). 
Recent studies have also explored the interactions between GNFs and 
proteins, shedding light on potential biological effects and biomedical 
applications. For instance, MD simulations were considered to investi
gate the adsorption of various proteins on graphene sheet surfaces, 
revealing the important role of π-π stacking interactions and hydro
phobic effects (Gu et al., 2015). Similarly, MD simulations revealed the 
conformational changes of proteins upon adsorption to nanographene, 
providing valuable insights into the potential impacts on protein func
tion and cellular processes (Zuo et al., 2013).

The complexity of GNF-bio interactions and the vast parameter space 
of possible GNF structures make it challenging to rely solely on experi
mental or traditional computational methods for comprehensive toxicity 
assessments. Machine learning (ML) approaches have shown great 
promise in addressing this challenge by enabling rapid and accurate 
predictions of material properties and biological interactions (Cai et al., 
2018; Ramprasad et al., 2017). Recent studies have demonstrated the 
power of Machine Learning (ML) in predicting the properties of 
graphene-based materials, including electronic structure (Chen and Gu, 
2019), mechanical properties (Gu et al., 2018), and thermal conduc
tivity (Wei and Yao, 2019). Particularly the use of combined DFT – ML 
have successfully considered for the development and design of new 
materials such as catalysts (Fu et al., 2024), highlighting the potential of 
both approaches for understanding material properties and optimizing 
catalytic performance.

In the context of toxicity prediction, ML models have been developed 
to assess the potential hazards of various nanomaterials, including 
carbon-based structures (Winkler et al., 2013; Choi et al., 2018). Nano- 
QSAR models using machine learning algorithms have been developed 
to predict the biological activity of diverse nanomaterials, including 
graphene derivatives (Fourches et al., 2010). ML techniques are applied 
to predict the cytotoxicity of carbon nanotubes based on their physico
chemical properties (Choi et al., 2019), demonstrating the potential of 
this approach for other carbon nanomaterials like GNFs. The integration 
of DFT simulations, MD-based toxicity predictions, and ML approaches 
offers a powerful framework for comprehensively studying GNFs and 
their potential impacts. This multiscale modeling approach can provide 
insights across multiple length and time scales, from electronic structure 
to cellular interactions (Barnard, 2016; Puzyn et al., 2011). By 
combining these methods, researchers can develop more accurate and 
efficient tools for predicting GNF properties and biological effects, ul
timately guiding the design of safer and more effective graphene-based 
materials (Yan et al., 2011; Mu et al., 2012). Despite these advances, 
several challenges remain in the in silico study of GNFs. These include 
the accurate representation of edge effects and defects in DFT simula
tions (Cocchi et al., 2010), the development of force fields that can 
capture the unique properties of GNFs in MD simulations (Rajasekaran 
et al., 2016), and the generation of large, diverse, and high-quality 
datasets for training ML models (Butler et al., 2018).

In this study, a comprehensive in silico investigation of GNFs is pre
sented, integrating DFT simulations, toxicity predictions and machine 
learning approaches, Fig. 1a. This work aims to: i) systematically 
analyze the properties of GNFs as a function of size, shape, and sym
metry using DFT calculations; ii) explore the interactions of GNFs with 
human proteins and cell membranes to predict potential toxicity; iii) 
develop ML-based models for the rapid and accurate prediction of GNF 
properties and biological interactions and iv) establish a single score 
using the predicted biological interaction (or impact) of graphene 
nanoflakes on both proteins and plasma membranes to infer its potential 
toxicity. By addressing these objectives, we seek to advance the 

Fig. 1. (a) Scheme of the in silico approach reported and (b) scheme of the three different shapes – hexagonal (HEX), rectangular (RECT) and triangular (TRI) – and 
two types of edges – armchair (ARM) and zigzag (ZIG) – of graphene flakes considered in this work.
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understanding of structure-property-toxicity relationships in GNFs and 
provide valuable tools for the rational design and safe application of 
these promising nanomaterials.

2. Methods

2.1. Nanoflakes models

The objective of the work is to analyze the effect of GNFs properties 
(size, shape and edges; Fig. 1b) on their interaction with biological 
toxicity targets. For this purpose, GNFs have been selected from the 
Graphene Nanoflake Data Set published by Barnard et al. (Barnard et al., 
2016). This Data Set contains a total of 650 final graphene nanoflake 
structures, including GNFs with different sizes (from 16 to 2176 carbon 
atoms), shapes (hexagonal, rectangular and triangular) and edges 
(armchair, ac, and zigzag, zz). From this Data Set, a total of 98 GNFs 
have been selected, being the prime the criterion that the maximum 
number of carbon atoms for a graphene nanoflake should not exceed 
300, as a DFT geometry optimization would be applied, but including all 
the relevant structural features to be explored in this work (size, shape 
and edges). The selected 98 GFNs are listed in Table S1 (Supplementary 
Information), including the name of the graphene flake, the total num
ber of carbon atoms (nC), the total number of hydrogen atoms (nH), the 
shape – HEX for hexagonal, RECT for rectangular and TRI for triangular 
–, the type of edge – armchair, ARM, and/or zigzag, ZIG – and the size of 
the nanoflake, in Å, being L the largest size and l the smallest. The 98 
GNFs contains a total of 8 hexagonal GFNs, 3 with armchair (ARM) edge 
and 5 showing a zigzag (ZIG) edge. A total of 77 GNFs are rectangular, 
and as this shape presents two edges, the number of graphene rings 
along ZIG edge is written first, followed by the number of rings along the 
ARM edge, i.e., RECT_zz2ac2_C16H10: this graphene nanoflake is rect
angular (RECT), has two rings along the ZIG edge (zz2) and 2 along the 
ARM edge (ac2) and has a total of 16 carbon atoms and 10 hydrogen 
atoms. The remaining 13 GFNs are triangular, 6 of them with ARM edge 
and 7 with ZIG edge.

2.2. DFT calculations and nanodescriptors

The 98 selected GNFs were optimized in terms of geometry using 
Density Functional Theory (DFT). The geometry optimization was car
ried out with ORCA v.4.2.1 software (Neese, 2012) employing ωВ97Х as 
functional, def2-SVP as the basis set and def2/J as the auxiliary basis set. 
An extra step of electronic optimization was taken using def2-TZVP as 
the basis set, using the optimized structured from def2-SVP. The final 
relaxed structures were imported into BIOVIA Materials Studio software 
(Meunier and Robertson, 2021) to obtain the nanodescriptors for all the 
98 GNFs. A total of 73 descriptors from 6 different families –Atom 
Volumes and Surfaces, Atomistic Descriptors, DMol3 Molecular, Forcite 
Energetics, Spatial Descriptors and VAMP Electrostatics – were consid
ered (Table S2, Supplementary Information). The nanodescriptors are 
based on quantum (Dmol3), semiempirical (VAMP) and classical (For
cite) methods and predict structural properties, i.e., atom and element 
count, areas and volumes; electronic properties such as energy, orbitals 
and dipole moments and solvation properties as energy or cavity vol
ume; therefore, capturing the most relevant features of the nanoflakes. 
To obtain the Atom Volumes and Surfaces descriptors, the resolution of 
the calculation was set to ultra-fine, keeping the van der Waals scalar 
factor as 1.0, the solvent radius as 5.0 and the Connolly radius as 1.0. For 
Dmol3 descriptors, water was chosen as solvent and the calculations 
were running using PBE (Perdew et al., 1997) functional, considering 
that the GNFs are not charged and keeping the multiplicity of the 
nanoflake as spin restricted. For Forcite Energetics, the force field cho
sen for the ultra-fine (quality) calculations was COMPASS III. Finally, for 
VAMP Electrostatics descriptors, water was chosen as solvent while the 
calculations were running using AM1 Hamiltonian within the spin state 
restricted Hartree-Fock (RHF) formalism for non-charged GNFs. The 

atomistic and spatial descriptors were calculated using the default input 
given by BIOVIA QSAR Plus module.

2.3. Protein docking studies

To predict the interaction of the GNFs with human proteins, a mo
lecular docking study has been conducted considering a total of 100 
human proteins and 40 graphene nanoflakes. The 100 human proteins 
were chosen to represent some of the principal protein families and main 
targets for developing molecular initiating events (MIE) under the 
adverse outcome pathway (AOP) framework (Lizano-Fallas et al., 2023). 
The proteins considered in this work, sorted by family, with their 
identifying number (Protein ID, PID) are listed in Table S3 (Supple
mentary Information). The pdb structure for all the proteins were 
downloaded from the Protein Data Bank website (Berman et al., 2000).

The molecular docking study has been carried out with VINA v.1.2.3 
(Trott and Olson, 2010) software. To prepare the proteins as receptors 
for docking in VINA, a two-step procedure was applied: (i) the proteins 
were cleaned using the PrepareProtein tool from Play Molecule website 
(Martínez et al., 2017) and (ii) the proteins were prepared using MGL 
Tools v.1.5.7 (Morris et al., 2009), Gasteiger charges were applied, non- 
polar hydrogens were merged and a simulation box containing the 
whole protein was defined. The GNFs were prepared as ligands 
following the (ii) step, omitting the construction of a simulation box 
around the nanoflake. As the non-polar hydrogens are merged, only the 
carbon atoms from the graphene optimized structures were considered. 
For running the calculations, the exhaustiveness of the docking was set 
to 32 and the number of poses considered in the output to 9. The binding 
affinity reported in the results section was obtained as the mean of the 9 
binding affinity energies for the 9 poses for each GNF.

To study the interaction region, MOE software was employed.

2.4. Plasma cell membrane interactions: COSMOperm approach

To predict the interaction of GNFs with model plasma cell mem
branes, four types of cell membranes – DMPC, DOPC, POPC and SOPC – 
solvated with water were built, Fig. S3 (Supplementary Information) to 
applied the cosmomic/cosmoperm approach (Schwöbel et al., 2020) 
based on COSMO-RS methodology (Klamt et al., 1998). Four model 
membranes were built composed of dmpc, dopc, popc or sopc lipids. 
Each membrane contains 64 lipids per leaflet, were saturated with water 
in a water/lipid ratio of 31. Membranes were previously equilibrated 
using NPT Molecular Dynamics simulations for 100 ns using 
CHARMM36 forcefield (Huang and Mckerell, 2013). To obtain the cosmo 
files for the 42 GNFs to run COSMOperm calculations, a DFT optimi
zation at BP86 def-TZVP theoretical level, required for COSMO-RS 
method, was carried out using Turbomole software (Franzke et al., 
2023). The thermodynamics properties – free energy and entropy – and 
kinetic properties – diffusion and permeability – for the interaction of 
the 42 GNFs with the four model plasma cell membranes were predicted 
at a temperature range from 298.15 K to 310.15 K with 1 K step.

2.5. Machine learning development of QSAR models for biological 
interactions

2.5.1. Dimensionality reduction
The main dataset contained 98 GNF structures and 78 variables 

(predictors) describing different spatial, atomistic, electronic, and mo
lecular properties of the GNFs. Four of these descriptors are categorical 
variables: geometry (hexagonal, triangular, and rectangular), two edge 
configurations (Edge 1 and Edge 2), and Molecular Point Group (VAMP 
electrostatics). The remaining variables are continuous numerical vari
ables with different scales. To explore the data distribution, reduce 
dimensionality, and identify the most influential variables in the data 
variability, a Factor Analysis of Mixed Data (FAMD) was performed. This 
technique combines elements of Principal Component Analysis (PCA) 
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and Multiple Correspondence Analysis (MCA) to handle datasets con
taining both numerical and categorical variables. The results of the 
FAMD were summarized using a scree plot and bar plots of the loadings, 
which highlight the most significant variables for each Principal 
Component (PC). The scree plot was used to visualize the variance 
explained by each component, while the bar plots of the loadings 
showed the contribution of each variable to the selected components. 
These visualizations allowed the identification of key variables that 
capture the primary variability in the data, making further analysis more 
efficient and interpretable. After applying FAMD, a reduced dataset was 
obtained. Correlations between the selected variables were assessed 
using the autocorrelation function and Spearman’s rank correlation 
coefficient, revealing significant multicollinearity. Since the selected 
variables from FAMD were all numerical, Principal Component Analysis 
(PCA) was applied as an additional check to verify the contribution of 
the selected variables to the overall variance in the numerical data 
space.

2.5.2. Pre-processing and model optimization

2.5.2.1. Definition of the response variables. Simulating interactions of 
GNFs with biological targets is computationally intensive, and in this 
study, obtaining the necessary files for simulating interactions with 
membranes for all 98 graphene flakes proved problematic. Therefore, to 
develop the predictive models, the dataset was reduced to a subset of 33 
GNFs (Table S4, Supplementary Information), selected to be analysed 
more efficiently within a reasonable time frame, while avoiding the is
sues encountered. The subset was carefully chosen to ensure a variety of 
shapes, edges, and sizes. This diversity is crucial for representing a 
broader range of possible physical and chemical properties, which en
hances the model’s ability to generalize when predicting GNFs in
teractions with biological targets (e.g., cell membranes and proteins). Of 
the original 98 NGFs, 77 were rectangular (RECT), which skewed the 
shape diversity. Nonetheless, the final selection of 33 GNFs maintained 
the original proportion of rectangular flakes, preserving a balance be
tween diversity and practical computational constraints. This subset 
contains the following data corresponding to 33 observations (GNFs 
structures, selected from the general dataset containing all the relevant 
size, shape and edge features): Descriptors data, binding affinity of 
docking to 100 proteins (kcal mol-1), and different thermodynamic and 
kinetic properties: Free Energy (kcal mol-1), Entropy (cal K− 1), Diffusion 
(10− 9 m2 s-1) and Log Permeability (cm s− 1) measured at 310.15 K 
(37 ◦C) for the membrane types: DMPC, DOPC, POPC and SOPC, 
measured at the center of the membrane (depth = 0 Å). This reference 
point has been chosen as the penetration of GNFs through membranes 
showed no barriers, thus being the probability of finding the graphene 
nanoflake at the non-polar region the highest. The average of each 
thermodynamic and kinetic property for each membrane type was 
calculated. Since the thermodynamic variables have different scales, 
they were standardized using min-max normalization (Eq. (1), where x 
is the original data, min(x) is the minimum value of the variable’s data 
set, and max(x) is the maximum value). This method was chosen 
because some variables did not follow a normal distribution. However, it 
is important to note that this technique may mitigate the influence of a 
few outliers identified in the data distribution (outliers were determined 
using the interquartile range (IQR) and visualized with boxplot 
graphics), as these outliers represent real phenomena. After obtaining 
the average Free energy, average Entropy, average Diffusion, and 
average Log Permeability for the four membranes and standardized to 
the same scale (0–1), an overall average was computed to create a single 
dependent variable representing the biological interaction with cell 
membranes (named hereafter Cell Membrane Interaction). 

xʹ =
x − min(x)

max(x) − min(x)
(1) 

A single dependent variable was also created to represent the inter
action with proteins by averaging the docking energy data for the 100 
proteins. Additionally, this dependent variable related to the proteins 
was also normalized following Eq. (1) (named hereafter Protein Inter
action) to allow for its subsequent combination with the membrane data 
in the scoring analysis, ensuring consistency in the scale of the depen
dent variables.

2.5.2.2. Recursive Feature Elimination (RFE). Given the collinearity 
present in the predictor variable set, a variable selection process was 
conducted using supervised machine learning methods. In this study, the 
Random Forest algorithm was utilized through the Recursive Feature 
Elimination (RFE) technique. This method aims to identify the optimal 
set of variables for predicting the dependent variable by measuring 
performance with Root Mean Square Error (RMSE) and ensuring 
reproducibility. Random Forest was chosen due to its robustness against 
multicollinearity, atypical values, and overfitting—issues likely given 
the fewer observations than predictor variables. Additionally, it effec
tively captures potential nonlinear or complex relationships that may be 
present in the data. RFE helps mitigate issues related to collinearity by 
systematically eliminating the least important features, thereby 
enhancing model interpretability. The RFE was performed on the entire 
dataset to select relevant features, identifying which of the descriptors 
selected are truly necessary for the models. This selection process was 
complemented by bootstrapping to ensure robust estimates of feature 
importance, generating multiple samples of the dataset to evaluate the 
stability of the selected features across different subsets. Subsets of 
features ranging from 3 to 25 were analysed to observe how model 
performance changes as features are added or removed, with 50 boot
strapping repetitions to ensure sufficient samples for assessing stability.

The RFE procedure was executed with a list of random seeds for 
feature selection variability, ensuring reproducibility in each RFE 
repetition. Each repetition had its own set of seeds, which is important 
for managing variability in the data and obtaining reliable estimates. 
Another seed was established for the execution of the RFE model to 
ensure that the model is trained and evaluated consistently each time the 
code is run, allowing for direct and objective comparison of results. The 
performance of the model was evaluated using the following metrics: 
Root Mean Square Error (RMSE), R-square (R2), Mean Absolute Error 
(MAE), and their corresponding standard deviations (RMSE SD, Rsquare 
SD and MAESD). The optimal number of decision trees was determined 
using a learning curve based on RMSE metrics, identifying the most 
suitable configuration. A range of tree values was explored (from 10 to 
200 trees), and the performance was assessed to find the configuration 
that minimized the RMSE.

2.5.3. Random Forest predictive models
To assess the interaction between GNFs and proteins and cell mem

branes, two regression models using Random Forest were developed. 
Random Forest was chosen due to its robustness against multi
collinearity, atypical values, and overfitting—issues likely given the 
fewer observations than predictor variables. Additionally, it effectively 
captures potential nonlinear or complex relationships that may be pre
sent in the data.

The first predictive model predicts the relationship between Cell 
Membrane Interaction and the corresponding descriptors selected in the 
previous RFE step. The second predictive model predicts the relationship 
between Protein Interaction and the corresponding descriptors selected 
in the previous RFE step. Both models were trained with the complete 
dataset of 33 GNFs (Table S4, Supplementary Information) and opti
mized using grid search for the hyperparameters: the number of vari
ables to be considered at each split, exploring a range of values around 
the value corresponding to approximately one-third of the total number 
of independent variables used for each model (Hastie et al., 2009; 
Breiman, 2001). To ensure reproducibility, random seeds were set for 
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the feature selection process and the model training and evaluation 
phases. The number of trees was assessed using a learning curve (from 
10 to 200 trees). The robustness of the models was evaluated using 
repeated cross-validation (with 5 folds and 10 repetitions for both 
models), with RMSE as the evaluation metric. The best models were 
selected based on a combination of metrics: RMSE, MAE and R.2 The 
models were tested using an external dataset comprising seven GNF 
structures (Table S4, Supplementary Information), along with the cor
responding descriptors. Model predictions were evaluated both graphi
cally and quantitatively through the calculation of RMSE (Root Mean 
Square Error). Additionally, a regression analysis was performed be
tween the predicted and real values, where the R2 and p-value were 
calculated to assess the goodness of fit and the statistical significance.

2.6. Score. Assessing the impact of graphene nanoflake interactions with 
biological targets

The predictions generated by the models during both the training 
and validation phases are used to assess a score according to Eq. (2). The 
score is calculated as 0.5 times the predictions for Cell Membrane 
Interaction plus 0.5 times the predictions for Protein Interaction. This 
means that each component contributes equally to the final score, with 
both predictions being weighted at 50 %. The score reflects the level of 
biological interaction between GNFs and biological targets (proteins and 
plasma membranes), which are considered Molecular Initiating Events 
in Adverse Outcome Pathways. Since the variables are normalized, the 
score ranges from 0 to 1, with lower values indicating a lower biological 
impact, from which minor toxicity may be inferred. 

Score = 0.5×(pred.membrane)+ 0.5×(pred.protein) (2) 

The rationale behind this criterion is that smaller Graphene flakes, 
and therefore with fewer carbon atoms, have a greater interaction with 
proteins and membranes (energy per number of atoms, not the total 
energy value). We assume that a higher score indicates greater inter
action and, consequently, a higher potential toxicity.

2.7. Software and packages

The statistical analysis (including FAMD, autocorrelation, and PCA), 
Random Forest regression models, calculations, and graphical outputs 
were performed using R (R Core Team, 2024) and RStudio (Posit team, 
2023) The Factor Analysis of Mixed Data (FAMD) and the PCA were 
performed with “FactoMineR” and “factoextra” packages (Le et al., 
2008; Kassambara and Mundt, 2020). The autocorrelation function was 
estimated using “corrplot” package (Wei and Simko, 2024). The 
Recursive Feature Elimination method and the Random Forest regres
sion models were developed using the “caret”, “doMC” and “Metrics” 
packages (Kuhn, 2008; Analytics and Weston, 2018; Hamner and Frasco, 
2018). Data manipulation and graphical visualization were performed 
using the “tidyverse” suite of packages (Wickham et al., 2019). Reading 
and manipulation of spreadsheet data were carried out using the 
“openxlsx” package (Schauberger and Walker, 2024).

3. Results and discussion

3.1. Protein docking: insights from mechanistics and energetic viewpoints

A DFT-level characterization of the graphene nanoflakes is carried 
out before running the protein docking calculations. The protein dock
ing calculations are classical simulations (Monte-Carlo (MC) iterated 
search combined with the BFGS17 gradient-based optimizer) and the 
docking performed in this work only considered rigid-rigid molecular 
docking, meaning that both the protein and the ligand (GNFs) are not 
being optimized in terms of geometry. The reason to choose this type of 
molecular docking is to maintain the structure of the GNF after the 
adsorption in the protein cavity (or protein surface) as the GNF planar 

and rigid structure is characteristic of the material itself and only the 
affinity (via the interaction energy) of the GNF with the protein is 
studied. Because of the rigid-rigid molecular docking calculations, the 
GNF after adsorption is the same in terms of bond distances and angles 
(torsions), thus, the vibration frequencies are calculated only for the 
GNFs before adsorption (docking). The scaling factor recommended for 
functional and basis ωВ97Х/def2-TZVP is 0.98358 (Alecu et al., 2010) 
and the scaling factor automatically applied by ORCA (v. 6.0.1) software 
when using the aforementioned functional/basis theoretical level is 1.0. 
Rosi et al. (Rosi et al., 2010) reported the vibrational frequencies and 
intensities of two GNFs, containing 30 and 32 carbon atoms, calculated 
using LDA (DFT). The most intense frequencies for both GNFs are 
985.95 cm− 1 (299.51 km/mol) for the model with 30C atoms and 
979.48 cm− 1 (1060.2 km/mol) for the 32C atom model. These fre
quencies are in good agreement (taking into consideration that those 
models contain only C atoms while our models contain H atoms and that 
the level of theory employed in the paper was LDA, not GGA as in this 
work) with the results reported in Table S5 (Supplementary Informa
tion), where the most intense frequencies are: 973.42 cm− 1 (172.55 km/ 
mol) for HEX_ZIG_C54H18, 901.41 cm− 1 (105.68 km/mol) for REC
T_zz2ac4_C28H014 and 814.93 cm− 1 (152.79 km/mol) for TRI_
ARM_C60H24. Additionally, the Electrostatic potential maps (ESP) for 
six GNFs are reported in Fig. S1 (Supplementary Information), showing 
no relevant changes in ESP considering neither the geometry (HEX, 
RECT, TRI) nor the size of the GNFs.

A first biological effect was analysed via the interaction of the GNFs 
with the considered human proteins dataset (Table S3, Supplementary 
Information). The binding affinity of The GNFs with the proteins for the 
optimal poses was normalized per number of carbon atoms, nC, in the 
GNFs, Table S6 (Supplementary Information), and plotted in Fig. 2a. The 
reported evolution of binding affinity with the nC follows a clearly non- 
linear trend as the size of the GNF increases, with the smaller GNFs 
showing very strong interactions with the considered proteins whereas 
as the GNF size increases, an asymptotic value (roughly 0.1 kcal mol− 1 

per C atom) is reached. Therefore, the reported results point to very 
strong interaction of small GNFs as a result of the insertion of the GNFs 
in the protein available cavities, whilst as the GNF size increases, the 
nanomaterial – protein interactions mainly occured in the outer surfaces 
of the protein, leading to an additive effect with increasing GNF size.

Fig. S2 (Supplementary Information) shows the mechanism of 
interaction with two archetypical proteins (1i1B and 2hi4) of GNFs with 
hexagonal, rectangular and trigonal geometries for small flakes (24, 16, 
and 22 C atoms, respectively), which are able to fit into the corre
sponding protein active sites. The reported results confirms that the 
poses with stronger GNF – protein interaction correspond to the GNFs 
inserted into the protein cavity, where efficient π – π interaction with 
available aromatic rings in the active cavity is allowed, being indepen
dent of the geometry of the GNF shape and the type of protein.

The mechanism of GNF – protein interaction for small GNFs is ana
lysed in detail in Fig. 3. The reported results show interaction via the 
available Phe molecular sites in the protein cavities for all the cases, with 
very short contacts for the π – π interactions (roughly in the 3.5 to 4.0 Å 
range), which points to very efficient interactions among the GNFs ar
omatic moieties and the protein cavity. Likewise, the π – π interactions 
are accompanied by interaction with neighbour polar and acidic sites, 
and also to GNF and protein relevant exposure. These mechanisms are 
almost independent of the shape of the GNFs, as the size of the nano
particle controls the interaction with the protein cavity size, with a 
critical value of the GNFs (roughly nC = 150) in which the GNFs 
nanoparticle size does not allow penetration into the proteins cavity and 
the mechanism of interaction evolves toward adsorption of the outer 
protein surface and thus to i) weaker interaction and ii) lower pertur
bation of protein properties. Therefore, those GNFs with nC < 150 will 
have larger effects on the considered proteins and thus possible larger 
toxicological effects.
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Fig. 2. (a) Interaction energy – binding affinity – per number of carbon atoms for protein interaction and (b) free energy, ΔG, profile through the four membrane 
types considered in this work – DMPC, DOPC, POPC and SOPC–, measured at the center of the membrane; energy expressed per number of carbon atoms.

Fig. 3. Ligand interaction diagram for (1) 1i1b protein and (2) 2hi4 with three graphene flakes (a) HEX_ZIG_C24, (b) RECT_zz2ac2_C16 and (c) TRI_ZIG_C22.
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3.2. Plasma membrane interactions: structural, thermodynamic and 
dynamics

The second considered biological effect of GNFs is the interaction 
with model (POPC, DOPC, DMPC, SOPC) plasma membranes, Fig. S3 
(Supplementary Information). The first analysis conducted considers the 
thermodynamics of the penetration of the GNF along the model plasma 
membrane, quantified via the corresponding free energy, ΔG. The ΔG 
was calculated at the center of the bilayer (membrane), Table S7 (Sup
plementary Information), to quantify the GNFs stabilization upon full 
insertion into the membrane, and normalized per nC, Fig. 2b and Fig. S4 
(Supplementary Information). The reported results show ΔG < 0 at the 
membrane center for all the considered GNFs, i.e., all the GNFs are 
stabilized at the membrane center. Nevertheless, a non-linear behavior 
with nC is inferred, in parallel to those reported for the interaction with 
the considered proteins (Fig. 2a), with the larger (in absolute value) ΔG 
for the smaller GNFs although and being roughly constant (− 0.20 kcal 
mol− 1) for nC > 150, with very minor effects on the type of lipid 
considered for the formation of the bilayer (slightly stronger interactions 
with DOPC bilayer).

The evolution of ΔG when GNFs difufse along the membrane, i.e., the 
possible energy barriers for GNFs penetration into the membranes, is 
reported in Fig. 4a for POPC bilayer and for all the considered lipids in 
Fig. S5 (Supplementary Information). It is clear that for all the types of 
lipid bilayers and GNFs sizes and shapes, the GNFs are able to cross the 
membrane without any thermodynamic barrier, evolving spontaneously 
toward the central apolar region of the lipid bilayer where they are 
largely stabilized. Therefore, all the GNFs penetrate the membrane and 
remain in the bilayer apolar central region.

The dynamic properties of the GNFs once penetrating in the different 
regions of the membranes are quantified via the corresponding self- 
diffusion coefficients, D. The reported results reveal that for the top 
region of the lipid bilayers, which are largely polar regions and thus for 
which GNF, considering their lipophilicity, show very minor affinity, 
have large D coefficients, i.e., GNFs cross these regions very quickly, 
Fig. 4b, without any thermodynamic barrier, Fig. 4a. This behavior is 
analogous for all the considered membranes and independent of the size 
and shape of the GNFs (Fig. S5, Supplementary Information). Likewise, 
as a consequence of the strong stabilization of the GNFs in the central 
regions of the membrane, the GNFs mobility is largely decreased, being 
almost frozen for some of the GNFs, which would lead to a large 
disruptive effect on the lipid bilayer lateral mobility, changing dynamic 
properties of the membrane upon insertion of the GNFs. The entropic 
effects upon GNFs penetration into the bilayer are analysed in Fig. S5 
(Supplementary Information), although the entropic profiles show a 

complex pattern, presenting two maxima in the regions immediately 
below the polar region of the bilayer, which would corresponds to the 
GNFs rearrangement upon crossing the polar headgroups to adopt a 
parallel configuration with lipid non-polar chains to improve lipophilic 
interactions.

The penetration ability of the GNFs into the membranes was quan
tified via the predicted permeability coefficients, Figs. 4c and S4 (Sup
plementary Information). Regarding the shape effect on permeability, 
HEX > TRI > RECT, although for all the cases large permeability is 
inferred. Likewise, increasing GNFs size decreases permeability. 
Nevertheless, for all the GNFs cases and membraned lipidic composition, 
the nanoparticles show large permeability, thus being able to penetrate 
the membranes.

A deeper analysis on the mechanism of GNFs-membrane interaction 
is reported in Fig. 5. Firstly, as the GNF nC increases, the nanoparticle 
enlarge its stabilization at the membrane center, independently of the 
considered membrane lipidic composition. Secondly, for large nano
particles, they are almost stacked with close to null mobility as a 
consequence of the strong interaction with the lipidic apolar chains, 
whereas small GNFs have certain mobility even after stabilization at the 
membrane center. Thirdly, the permeability evolves through a 
maximum for GNFs with nC = 50, showing the large penetration ability 
as a result of the combination of entropic and energetic effects upon 
penetration. Nevertheless, all the GNFs are able to penetrate the 
considered membranes independently of their size and lipid 
composition.

The effect of the GNFs shape is analyzed in Fig. S6 (Supplementary 
Information), with the shapes of nanoflakes evolving in a similar trend 
as the nanoparticle size grows. Therefore, GNFs shape has a minor effect 
on their penetration into the membranes. The possible effect of the type 
of considered GNFs edges is analysed in Fig. S7 (Supplementary Infor
mation) for armchair/zig zag configuration into RECT GNFs. Again, the 
edge effect seems to be negligible in comparison with GNFs size. 
Therefore, all the considered GNFs in the studied size range are able to 
penetrate the considered model cell membranes, being stabilized at the 
membrane centers, with the main effect controlling the thermodynamic 
and kinetic effects of the penetration rising from the GNFs size. The 
penetration is totally spontaneous and evolves through non-barrier in
termediate situations with nanoparticles reorienting upon crossing the 
polar head groups of the membranes to remain at the bilayer center, 
especially for large GNFs. These results, points to large effects of GNFs 
on cell membranes, which would lead to large disruption of membrane 
properties and toxicity effects, as inferred from the strong and efficient 
interaction both with human proteins and cell membranes.

Fig. 4. Prediction of (a) free energy ΔG, (b) diffusion and (c) permeability through POPC membrane for a total of 11 graphene flakes, sampling different shapes, 
edges and sizes.
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3.3. QSPR models: development and validation

3.3.1. Dimensionality reduction
The results of the Factor Analysis of Mixed Data (FAMD) indicated 

that the dimensional space could be reduced to five dimensions 
(Table S8, Supplementary Information), which together account for 74 
% of the variability. The first and second Principal Components (PC1 
and PC2) together account for 55.38 % of the variance in the data dis
tribution, with PC1 explaining 41.9 % and PC2 explaining 13.44 %. The 
third, fourth, and fifth Principal Components (PC3, PC4, and PC5) 
explain 9.95 %, 5.38 %, and 4.15 %, respectively (Fig. S8, Table S8, 
Supplementary Information). The loadings of each variable were 
calculated and represented in absolute values to determine the contri
bution of each variable to each dimension or Principal Component 
(Fig. S9, Supplementary Information), which allows for the identifica
tion of the variables that have the greatest influence on the underlying 
structure of the data. To reduce dimensionality, only the variables that 
exceed a specified threshold for each Principal Component were 
selected.

The first principal component (PC1) explains less than 50 % of the 
total variance, suggesting that the remaining components also contain 
variables that contribute to the data’s overall variability. As loadings 
tend to decrease with diminishing explained variance, the thresholds 
were set flexibly based on the explained variance of each component in 
an attempt to reduce dimensionality while retaining the essential in
formation from each component that contributes to the total variance. 
The threshold for PC1 was set at 0.65, as it explains the largest portion of 
the variance in the data. For the subsequent components, the thresholds 
were set lower: 0.5 for PC2 and PC3, 0.45 for PC4, and 0.35 for PC5 
(Fig. S9, Supplementary Information). A reduced dataset, consisting of 
44 numerical and continuous descriptors (from an original 78), was 
obtained. The autocorrelation analysis revealed severe multicollinearity 
between the variables, with 38 out of 44 variables exhibiting pairwise 
Spearman correlations greater than 0.8. These high correlations were 
particularly observed within the first Principal Component (PC1), and to 
a lesser extent, in the second (PC2) and third (PC3) components. Addi
tionally, several variables showed correlations greater than 0.7 and 
some above 0.6 within PCs 2, 3, 4, and 5 (Fig. S10). This suggests that 
many of the predictors in the dataset are strongly correlated.

The PCA confirmed that the variables selected from FAMD remained 
the most influential, except for one, Shadow area: YZ plane (belonging 
to PC3), which showed a significant drop in its loading compared to the 
two most influential variables in this dimension (Shadow area fraction: 
YZ plane and Shadow length: LY) and it was therefore not considered. 
The final dataset of descriptors contains 43 variables (Table S9, Sup
plementary Information).

3.3.2. Model optimization: Recursive Feature Elimination (RFE)
The Recursive Feature Elimination (RFE) to the Cell Membrane 

Interaction model identified that the best set of descriptors comprises all 
43 features selected from the dataset. This selection was based on a 
bootstrapping process that used subsets of features ranging from 3 to 25 
descriptors, with 50 bootstrapping repetitions and an optimal ensemble 
of 200 trees. The results show robust performance, with evaluation 
metrics including an RMSE of 0.060, an R2 of 0.71, a MAE of 0.039, and 
standard deviations of 0.021 for RMSE, 0.157 for R,2 and 0.013 for MAE 
(Table S10, Supplementary Information).

For the Protein Interaction model, the Recursive Feature Elimination 
(RFE) analysis, based on a bootstrapping process, utilized subsets of 
features ranging from 3 to 25 descriptors, with 50 bootstrapping repe
titions and an optimal ensemble of 50 trees. This analysis identified 22 
descriptors as the optimal set. The selected descriptors include: 
EE_VAMPE, TE_VAMPE, HF_VAMPE, MP_VAMPE, OXZZ_VAMPE, 
OYYZ_VAMPE, OXYY_VAMPE, OYZZ_VAMPE, QYZ_VAMPE, 
DX_VAMPE, ZZDOD_X_VAMPE (electrostatic descriptors); TE_DMOL3M, 
BE_DMOL3M, SE_DMOL3M, DIE_DMOL3M, CV_DMOL3M, HOMO
E_DMOL3M (molecular descriptors); SAF_YZ_SD, SL_LY_SD (spatial de
scriptors); TMM_AD, nC (atomistic descriptors); and CSOV_AVS (atom 
volumes and surfaces). See Table S9 (Supplementary Information) for 
acronym definitions. The evaluation metrics for the model were as fol
lows: RMSE = 0.0866, R2 = 0.90, MAE = 0.068, with standard de
viations of 0.018 for RMSE, 0.044 for R,2 and 0.015 for MAE (see 
Table S11, Supplementary Information). These results confirm the 
effectiveness of the selected descriptor set, demonstrating that the model 
is consistent across the various bootstrapping samples.

3.3.3. Cell membrane and Protein Interaction models: development and 
evaluation

The best Cell Membrane Interaction and Protein Interaction models 
were both obtained using the Random Forest algorithm with 50 trees, as 
found by the learning curve. The values of mtry tested through grid 
search for the Cell Membrane Interaction model included 10, 12, 14, and 
16, while for the Protein Interaction model, the tested values were 3, 5, 
7, 9, and 11 (see Methods for details on grid search). The best value of 
mtry for the Cell Membrane Interaction model was mtry = 10, and for 
the Protein Interaction model, it was mtry = 7 (Table S12, Supple
mentary Information). Both models were evaluated using repeated 
cross-validation with 10 repetitions and 5-fold cross-validation. The 
evaluation metrics for the best Cell Membrane Interaction model were 
RMSE = 0.050, R2 = 0.79, and MAE = 0.035 (Table S12, Supplementary 
Information), while for the Protein Interaction model, the metrics were 
RMSE = 0.078, R2 = 0.92, and MAE = 0.064 (Table S12, Supplementary 
Information). The best models were selected based on the smallest RMSE 

Fig. 5. Prediction of (a) free energy ΔG, (b) diffusion and (c) permeability measured at the center of the membrane (DMPC, DOPC, POPC and SOPC) for a total of 40 
graphene flakes, sampling different shapes, edges and sizes, sorted by number of carbon atoms.
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value.
The performance of each optimized model was evaluated on an un

seen test set consisting of seven GNFs, yielding the following metrics: 
RMSE = 0.043, R2 = 0.94, and MAE = 0.033 for the Cell Membrane 
Interaction model, and RMSE = 0.099, R2 = 0.94, and MAE = 0.078 for 
the Protein Interaction model. For the Cell Membrane Interaction model, 
both RMSE and MAE in the test phase were slightly lower than those in 
the training phase, with the R2 value in the test phase being higher. In 
contrast, for the Protein Interaction model, while R2 stays similar across 
both phases, the RMSE and MAE were slightly higher in the test phase.

The graph showing the relationship between normalized predicted 
values and actual values (from both the training and validation phases), 
fitted through a linear model (Y ~ X), shows an adjusted R2 of 0.94 and 
0.96 for Cell Membrane Interaction and Protein Interaction respectively 
and a p-value <0.0001 for both models (Fig. 6). For the Cell Membrane 
Interaction model, this strong relationship between predicted and actual 
values further supports the error metrics, suggesting good generalization 
to unseen data and reliable predictions. However, in the case of the 
Protein Interaction model, the strong correlation should be interpreted 
with caution, as the difference in error metrics shows that this model 
may have some limitations in generalizing to new data. These perfor
mance metrics were achieved following an exhaustive hyperparameter 
optimization process, which included the choice of optimal values for 
mtry, number of trees, cross-validation configurations, and repetitions. 
Given the small size of the training and test sets, these results stand for 
the best performance achievable with the available data. While further 
data and model refinements may improve results, the current Random 
Forest models offer valuable insights and are well-suited to the scope of 

this analysis. Future work could focus on using larger datasets and 
exploring alternative modeling techniques to enhance predictive accu
racy and robustness, and incorporating model interpretability tech
niques such as SHAP (SHapley Additive exPlanation) analysis 
framework to better understand the contributions of predictors in the 
predictions, following the approach developed in a previous work (De- 
la-Huerta et al., 2025).

3.3.4. Score. Assessing the impact of graphene nanoflake interactions with 
biological targets

From Eq. (2), a score was obtained for each evaluated GNFs. This 
score, ranging from 0 to 1, is a quantitative measure of the interaction 
between the GNFs and human cell proteins and membranes. A graphical 
representation was used to assess the relationship between the score (Y- 
axis), the size (total number of carbon atoms, X-axis), and the geometry 
(shape) and edge characteristics, represented by colour (Fig. 7). To 
facilitate the visualization of the trend, a LOESS (Locally Estimated 
Scatterplot Smoothing) curve was fitted to the data. LOESS fits a smooth 
curve to the data using local polynomial regression, considering only the 
nearest data points to each location. The LOESS curve indicates a smooth 
decreasing trend between the score and the number of carbon atoms 
(Fig. 7). This relationship appears to be predominantly driven by the size 
of the GNFs. The different geometries (and implicitly their edges) do not 
appear to significantly influence this trend, as the coloured points rep
resenting different shapes follow the same overall decreasing pattern. 
While other structural factors such as geometry and edges may still have 
some subtle effects, it seems that the primary factor determining the 
score is the number of carbon atoms in the GNFs.

Fig. 6. Relationship between normalized predicted and actual values for a) Cell Membrane Interaction model and b) Protein Interaction model. The black line shows 
the linear fit (Y ~ X), and the red dashed line shows the 1:1 line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)
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Smaller nanoparticles tend to have a greater biological impact on 
cells due to their increased cellular penetration capacity and larger 
surface area, which can result in higher toxicity or stronger interactions 
with the cells. Based on existing literature, the present study assumes 
that higher scores, which are associated with GNFs containing fewer 
carbon atoms, reflect greater interaction and, consequently, a higher 
biological impact and potential toxicity. Following this rationale, four 
distinct levels of impact or toxicity (low, medium, high, and very high) 
were defined, and the evaluated GNFs were classified accordingly. These 
toxicity levels are determined based on quartiles of the score distribu
tion, with each category representing a range of scores. The “Low” 
toxicity level corresponds to the lower quartile of the scores. The “Me
dium” impact or toxicity level corresponds to the middle 50 % of the 
score distribution. The “High” level corresponds to the 75th percentile, 
and the “Very High” level corresponds to the upper quartile of the score. 
This classification allows for an easy comparison of the biological impact 
or toxicity of the GNFs based on their score. Fig. 8 shows the compar
ative analysis of the biological impact or toxicity of the GNFs based on 
their score. Out of the 40 GNFs evaluated, 14 were classified with high 
toxicity, compared to the remaining GNFs. The GNFs with the highest 
impact (score = 0.71) has the smallest number of carbon atoms (16). A 
total of 22 GNFs exhibit medium toxicity, and four of them show lower 
toxicity than the rest. These GNFs with lower toxicity have the highest 
number of carbon atoms (above 180). As observed in the chart, the 
toxicity level tends to increase as the number of carbon atoms decreases. 
Notably, two GNFs, RECT-zz32ac2-C196H70 and RECT-zz30ac2- 
C184H66, which have a relatively high number of carbon atoms (196 
and 184), could be expected to fall into the low toxicity category based 
on their carbon atoms content. However, they are classified as medium 
toxicity, which suggests that other structural factors, such as geometry 
and edges, may also influence their toxicity, beyond just the number of 
carbon atoms.

4. Conclusions

In this comprehensive study, we have presented an integrated in 
silico approach to investigate the properties, biological interactions, and 
potential toxicity of graphene GNFs. By combining DFT simulations, MD 

studies and ML techniques, we have gained valuable insights into the 
structure-property-toxicity relationships of these promising nano
materials. DFT simulations revealed the strong dependence of GNF 
properties on size, shape, and edge configuration. It was observed that 
electronic, magnetic, and chemical characteristics can be finely tuned by 
controlling these parameters, offering a pathway for designing GNFs 
with tailored properties for specific applications. The systematic anal
ysis of these structure-property relationships provides a solid foundation 
for future experimental work and the rational design of GNF-based 
devices.

The exploration of GNF interactions with biological systems, 
particularly human proteins and cell membranes, has shed light on po
tential toxicity mechanisms. Simulations demonstrated that the high 
surface area and reactive edges of GNFs can lead to strong interactions 
with biomolecules, potentially disrupting cellular processes. However, it 
was also identified that certain GNF configurations that exhibit reduced 
biological interactions, suggesting possibilities for designing safer 
nanoflakes for biomedical applications.

The developed ML models for predicting GNF properties and bio
logical interactions represent a significant advancement in the field. 
These models, trained on comprehensive dataset of DFT and MD simu
lation results, offer rapid and accurate predictions of GNF characteristics 
and potential toxicity. This approach not only accelerates the screening 
of new GNF designs but also provides a valuable tool for researchers and 
regulators in assessing the safety of these nanomaterials.

In conclusion, this work demonstrates the power of integrating 
multiple computational approaches to study complex nanomaterials like 
GNFs. The findings not only advance the fundamental understanding of 
GNF properties and interactions but also provide practical tools for their 
safe and efficient application across various fields, from electronics to 
biomedicine. As it is necessary to explore the vast potential of graphene 
nanoflakes, this multifaceted in silico approach may play a role in 
guiding experimental efforts and accelerating the development of novel 
graphene-based technologies. The results from this study have led to a 
software tool (https://enaloscloud.novamechanics.com/diagonal/gra
pheneimpact/, n.d.) which allow the prediction and classification of 
GNFs toxicity in terms of size, shape and properties.

Fig. 7. Relationship between the score (Y-axis), the size (total number of carbon atoms, X-axis), and the geometry (shape) and edge characteristics, represented by 
colour. Light blue colour represents hexagonal GNFs, with 2 having an armchair (ARM) edge and 4 having a zigzag (ZIG) edge; grey colour represents 28 rectangular 
GNFs with two edge types, ZIG and ARM; black colour represents triangular GNFs, with 4 having an ARM edge and 2 having a ZIG edge. The dashed red line 
represents the LOESS curve. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Appendix B. Supplementary data

Total number of atoms, shape, type of edge and dimensions of each of 
the 98 GNFs considered in this work (Table S1); BIOVIA Materials Studio 
descriptors chosen for the 98 GNFs (Table S2); Human proteins 
considered in this work (Table S3); GNFs used for pre-processing, model 
optimization, and training of Random Forest predictive models and 
GNFs used for testing the performance of the models (Table S4); Modes, 
frequencies and intensities for vibrational spectra for three GNFs and 
their total Gibbs free energy (Table S5); Docking mean binding affinity 
and standard deviation of the protein – GNFs interaction (Table S6); Free 
energy of penetration through the four types of membranes considered 
in this work (Table S7); Numerical results for Principal Components 
analysis (Table S8); Relevant descriptors identified through FAMD and 
PCA analysis (Table S9); Recursive Feature Elimination Analysis 
(Tables S10–11); Evaluation metrics for the Cell Membrane and Protein 
Interaction models using Random Forest (Table S12); ESP of six GNFs 
(Fig. S1); Docking results representing protein-ligand contacts with 
GNFs (Fig. S2); Representation of the model plasma cell membranes 
considered in this work (Fig. S3); Free energy for the interaction be
tween graphene nanoflakes and model membranes (Fig. S4); properties 
for the interaction of selected graphene nanoflakes with model mem
branes (Fig. S5); Prediction of free energy ΔG, diffusion and perme
ability of the 4 types of membranes considered in this work, for a total of 
40 GNFs (Fig. S6); Prediction of free energy ΔG, diffusion and perme
ability of the 4 types of membranes considered in this work, for a total of 
16 RECT GNFs (Fig. S7); Scree Plot of Principal Components analysis 
(Fig. S8); Results of Principal Component analysis (Fig. S9); Correlation 
matrix analysis (Fig. S10).

File Supplementary_Information_xyz_DFT.zip containing the xyz 
optimized coordinates (DFT wB97x/def2-TZVP) for the 98 GFNs.

CSV file containing nanodescriptors for the considered graphene 
nanoflakes used for models development along this work. Supplemen
tary data to this article can be found online at https://doi.org/10.1016/j 
.impact.2025.100563.

Data availability

Data will be made available on request.
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Sala, F., Fabiano, E., Fedotov, D.A., Fürst, S., Gillhuber, S., Grotjahn, R., Kaupp, M., 
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