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Abstract: Food processing and consumption involves multiple contacts between biological fluids and 1

solid materials of processing devices of which steel is one of the most common. Due to complexity of 2

these interactions, it is difficult to identify the main control factors in the formation of undesirable 3

deposits on the device surfaces that may affect safety and efficiency of the processes. Mechanistic 4

understanding of biomolecule-metal interactions involving food proteins could improve management 5

of these pertinent industrial processes and consumer safety in food industry and beyond. In this work, 6

we perform a multiscale study of formation of protein corona on iron surfaces and nanoparticles in 7

contact with cow milk proteins. By calculating the binding energies of proteins with the substrate we 8

quantify the adsorption strength and rank proteins by the adsorption affinity. We use a multiscale 9

method involving all-atom and coarse-grained simulations as well as generation of 3D structures of 10

the proteins for this purpose. Finally, using the adsorption energy results, we predict the composition 11

of protein corona on iron nanoparticles and flat surfaces via a competitive adsorption model. 12

Keywords: nanoparticle; potential of mean force; protein adsorption; proteins corona; bionano 13

interface; multiscale modelling 14

1. Introduction 15

Biological activity and biocompatibility of inorganic materials are controlled by in- 16

teractions at the bionano interface – a nanoscale layer where the material gets in contact 17

with biomolecules. Through biomolecule adsorption, change of conformation, and surface 18

chemistry, the bionano interface plays a key role in medical applications and food process- 19

ing. Understanding the underlying mechanism for these interactions may help to control 20

bio film growing, fouling, or contamination by metabolites arsing from bacterial activity at 21

the contact surfaces [1–4]. Therefore, a molecular level insight into the main contributions 22

governing the adhesion of biomolecules and the structure of the bionano interface would 23

be beneficial. 24

Among the materials used in industrial and medical applications one of the most 25

common one is the stainless steel, predominately consisting of metallic iron alloyed with 26

chromium and carbon. These materials are widely used due to a low cost, relative biological 27

neutrality, and corrosion resistance at standard low heat conditions. However, this might 28

be not true at the higher temperatures: e.g. milk fouling and milk contamination is a 29

critical problem in the heating process for food industry [5]. Daily, about a billion liters 30

of milk being being processed. This causes fouling of the surfaces of heat exchangers 31

which in turn leads to decreased heat transfer efficiency and frequent pressure drop events. 32

Efficient and fast cleaning of factory’s heat transfer equipment is a costly and challenging 33

task. When done often it can result in reduced production volumes and economical losses 34

[6]. When liquid milk is heated, several processes take place that result in the deposition 35

of minerals and proteins on the surface of containers. Generally, a thin protein layer is 36

formed on a material’s surface right after the liquid milk is brought in contact with a 37

food processing unit [7]. Adsorbed proteins may contribute to the decrease of heating by 38

forming an insulating layer between the heater and material, can affect milk pasteurization 39

and sterilization, and may cause contamination [8]. Physicochemical characteristics of the 40
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heat exchanger surface as well as the conditions and biochemical composition of the milk 41

determine the outcome of this interaction. [9,10]. 42

Beside the food industry, biomolecular interactions at metallic surfaces are essential 43

for implants and other medical devices. When a tissue makes contact with such surfaces, 44

unfavorable reactions such as infections, fibrosis, thrombosis, and inflammation may result 45

[11]. Recent research demonstrates that quickly after implantation a layer of proteins 46

form interstitial fluids covers biomaterial implants. Thus, the nature of this protein layer 47

and its properties play a key role in how cells responses. To improve the operation and 48

safety of medical implants, it is imperative to develop materials that cause the necessary 49

tissue reactions. In order to increase implant biocompatibility, the majority of research 50

has concentrated on the engineering of surface features that can change the numbers and 51

types of bound proteins as well as the conformation, orientation, or binding strength of the 52

adsorbed proteins [11–13]. 53

Finally, the interest to bionano interactions is also driven by the concerns of safety of 54

nanoparticles (NP) for human and animal health. The NP toxicity correlates to chemical 55

aggressiveness of the material and scales with its physicochemical properties such as surface 56

area, charge, or reactivity [14]. Establishing the relationship between metal properties and 57

the reaction with different biomolecules is therefore key to screening the materials for 58

potential health risks. In practice, the safety assessment is often costly and time-consuming 59

and includes animal studies. In silico modelling may help predicting the interactions of 60

nanomaterials with living organisms and providing the required information in a humane 61

and cost-effective way [15–19]. Statistical data-driven methods are used for this purpose, 62

where sufficient data are available [20–22]. Recently, also physics-based models have 63

addressed the bionano interface. In particular, mechanisms of formation of NP protein 64

corona have been studied my multple labs [23–26]. It is expected that the composition and 65

configuration of corona determine the biochemical reactivity and sensitivity of NPs as well 66

as their cell uptake and systemic transfer [23,27]. Yet, to allow predictive modelling one 67

needs more information about the interactions at the bionano interface and their relation to 68

the material and protein properties. 69

In this work, we investigate interactions between milk proteins and three face-centered- 70

cubic (fcc) slabs of zero-valent iron constituting a simplified model of the stainless steel. 71

To accomplish this, we have selected six of the most abundant proteins from the major 72

protein groups found in natural cow milk [28]. Our primary goal is to quantify the binding 73

affinity of these proteins on iron surfaces by evaluating their adsorption energy at their 74

different orientations in respect to the solid iron. To calculate these energies and to predict 75

the composition of insulating protein layer on the metallic surfaces, we will invoke a three- 76

stage multiscale computational method including all-atom [29,30] and coarse-grained (CG) 77

United Atom (UA) [26,31] and Monte-Carlo [22] simulations. This method was previously 78

applied to explain various examples of interfacial phenomena between biomolecules and 79

inorganic materials, including nanotoxicity [32,33]. The remainder of the paper is organized 80

as follows. In the "Materials and Methods" section (Section 2) we will provide a detailed 81

explanation of the theoretical model built to study the protein-metal interaction and the 82

rationale behind the model parametrization scheme. In Section 3, we will discuss simulation 83

results, analyze individual adsorption affinities predicted for molecules representing the 84

bio-part of the interface (amino acids, milk proteins and carbohydrates), and report their 85

preferred orientations. We will also discuss kinetics of competitive adsorption for six most 86

abundant milk proteins to understand the process of protein deposition on the metallic 87

surfaces. Obtained results will be also compared with existing experimental data on protein 88

adsorption. And finally, in Section 4, we will summarize the key insights gained from this 89

study. 90

2. Materials and Methods 91

We aim to calculate the content of milk protein layer on iron surfaces using first princi- 92

ples multiscale simulations. To do so, we will use a CG kinetic Monte Carlo (KMC) method 93
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Figure 1. All-atom (left) vs coarse-grained united-atom (middle) vs single bead KMC (right) structure
of Bovine β-casein protein (using I-TASSER-predicted structure).

[22] to model competitive adsorption of the six most abundant milk proteins. The KMC 94

simulation requires the knowledge of individual binding energies at different orientations 95

(heatmaps) for each selected protein immobilised at each fcc configuration of metallic surface. 96

Heatmaps for individual proteins can be obtained by UA simulations as described in a 97

following sub-section. Although the UA method was already parameterised for the range 98

of crystalline surfaces for noble metals (Ag, Au, Cu), oxides (TiO2, SiO2, Fe2O3),organic 99

NPs (graphene, carbon nanotubes and carbon black), and semiconductors (CdSe) [34,35] 100

the method is missing the set of short-range potentials essential for calculating milk protein- 101

iron adsorption energies. These potentials in a form of tabulated potentials of mean force 102

(PMF) will be calculated from explicit all-atom simulations through a previously introduced 103

scheme [29]. 104

2.1. Protein-solid surface interaction in UA 105

Generally, the interaction between a protein and a solid surface, such as an inorganic 106

engineered material (EM), includes several contributions, both specific and non-specific, 107

and depends on the chemical composition, size, shape, surface roughness, surface charge, 108

surface functionalization, and hydrophobicity of the EM. All these aspects should be 109

considered for building CG models of the bio-metal interfaces. Various examples of such 110

models (incl. UA model) have been previously reported to study the competitive adsorption 111

of proteins onto solid surfaces [26,36]. 112

The UA model, previously developed in our lab [26,31], includes all major non- 113

covalent contributions to the interactions between the NP and the protein in a simpli- 114

fied way. The solid surface can be represented by a rigid flat (slabs), spherical (NP), or 115

cylindrical (nanotubes) shape. Proteins are considered as rigid-body structures consisting 116

of 20 different amino acids (AA). Each AA is represented by one bead in the UA model 117

and respective positions of these beads within the protein are fixed. The center of the 118

AA bead is positioned on the AA’s Cα atom. The CG model of the protein has the same 119

three-dimensional structure and key details as the original all-atom model. However, fewer 120

beads will decrease the dimensionality of the model and result in lower calculation times. 121

This model is illustrated in Fig 1 along with the presentations on all-atom and CG UA. 122

Further coarse-graining will be applied to reduce the dimension of modelling the kinetics 123

of the competitive adsorption. The ultra-CG hard-sphere (HS) model for selected proteins 124

will be parameterised based on the UA heatmaps. 125

The UA model divides the NP into a core and a surface segments according to the 126

distances between them and the protein. Then, the interaction potential between each 127

AA and the NP can be represented by a combination of a short-range surface van der 128

Waals (vdW) potential (UvdW
s ), a long-range core vdW potential (UvdW

l ), and an electrostatic 129

potential(Uel). The interaction potential between NP and the entire protein (Up−NP) is 130
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written in a pairwise-additive way via interaction potentials for individual AAs with the 131

NP: 132

Up−NP =
NAA

∑
i=1

Ui(di(θ, ϕ)) =
NAA

∑
i=1

Uel
i (di(θ, ϕ)) +

NAA

∑
i=1

UvdW
i (di(θ, ϕ)) (1)

This potential depends on the distance di between centers of mass (COMs) of the NP and 133

each AA in the protein. This distance is determined by the protein’s overall orientation 134

relative to the surface of the NP, which is set by two rotational angles (θ, ϕ) with respect 135

to the protein’s initial orientation as defined in the PDB file. The electrostatic interaction 136

between NP and AA is described by the screened Coulomb potential: 137

Uel
i (di(θ, ϕ)) =

Ne

∑
j=1

lBkBTqiqj
e−κrij

rij
(2)

where rij is the distance between the residue of charge qi and the point charge qj on the 138

NP surface in terms of the elementary charge e0, kB is the Boltzmann constant, T is the 139

temperature, κ =
√

4πlB I is Debye length, lB =
e2

0
4πϵϵ0kBT is the Bjerrum length, and I is 140

the ionic strength, I = 1
2 ∑Nions

i ciz2
i with ci, zi being the ion concentrations and valencies, 141

respectively. The properties of the solvent are reflected in the dielectric constant ϵ. The 142

VdW potential, representing combined dipole-dipole and dispersion interactions between 143

i-th AA and the NP, includes short-range and long-range terms: 144

UvdW
i (di(θ, ϕ)) = UvdW

i,s (di(θ, ϕ)) + UvdW
i,l (di(θ, ϕ)) (3)

We extracted the short-range surface potentials from all-atom adaptive well-tempered 145

Metadynamics (AWR-MetaD) simulations by following the procedure described in next 146

section. The long-range term arising from the vdW forces acting through the water medium 147

between the core of the NP and the i-th AA can be approximated by the Hamaker procedure: 148

UvdW
i,l (RNP, RAA, d(θ, ϕ)) = − A123

12kBT

(
4RNPRAA

di(θ, ϕ)2 − (RNP + RAA)2 +

4RNPRAA
di(θ, ϕ)2 − (RNP − RAA)2 + 2 ln

di(θ, ϕ)2 − (RNP − R2
AA)

di(θ, ϕ)2 − (RNP + RAA)2

) (4)

Here, the coefficient A123 corresponds to the interaction of material 1 with material 3 149

through the medium 2, RAA and RNP are the radii of AA and NP, respectively. 150

We then calculate the interaction energy for all possible orientations of the protein, 151

described by orientation angles θ and ϕ with respect to the initial orientation (taken from 152

the origin PDB file). The total potential energy is found as a function of distance of the 153

protein center of mass from the NP surface. 154

Integration of the interaction potential over all possible orientations (θk, ϕl) and corre- 155

sponding distances 0 ≤ z ≤ a(θk, ϕl) will give the mean interaction energy E(θk, ϕl). For 156

flat surfaces, the energy is calculated as: 157

E(θk, ϕl) = −kBT ln
[

1
a(θk, ϕl)

∫ a(θk ,ϕl)

0
exp

[−Up−NP(z, θk, ϕl)

kBT

]
dz
]

(5)

For a protein interacting with a spherical NP, 158

E(θk, ϕl) = −kBT ln

[
3

(RNP + a(θk, ϕl))3 − R3
NP

∫ RNP+a(θk ,ϕl)

RNP

exp
[−Up−NP(r, θk, ϕl)

kBT

]
r2dr

]
(6)

The set of rotational configurations along with corresponding E(θk, ϕl) are stored in 159

the heatmap. The next step is to calculate the average adsorption energy by using the 160
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potential energy as a function of distance for each angle with Boltzmann averaging and 161

weighting factors: 162

Eads =
∑k ∑l PklE(θk, ϕl)

∑k ∑l Pkl
, (7)

Pkl = sin(θk) exp
[
−E(θk, ϕl)

kBT

]
, (8)

where Pkl is the Boltzmann weighting factor. Below, we will show how the maximum 163

binding energy affecting the protein adsorption the most can be defined from the adsorption 164

heat maps. 165

2.2. All-atom model for recovering short-range potentials 166

The interaction of atoms with a solid surface can be best done using enhanced sampling 167

methods [37–40]. These techniques include estimating the free energy during simulation 168

and feeding that information back into the dynamics as a statistical bias. The common 169

goal is to spend as little time as possible sampling already sampled free energy zones [41]. 170

Adaptive biasing force methods, which employ an approximation of the mean force to 171

bias the dynamics, are one of the strategies that can speed up the simulation [42,43]. In 172

this work, we use the Adaptive Well-Tempered Metadynamics method that has previously 173

been described for measuring the adsorption of the biomolecules for TiO2 [29] and Ag [30]. 174

The approach keeps the adsorbate away from previously visited regions of the collective 175

variable space by introducing a time-dependent bias to the system’s potential energy. 176

GROMACS software was used to carry out the simulations in this section of the work 177

[44,45]. CHARMM-GUI/Nanomaterial Modeler was used to create three fcc surfaces of 178

iron: (100), (110), and (111) [46]. 179

The AA side chain analogues (SCAs are the compounds that result from cutting off 180

the side chains of AAs at the protein backbone and substituting a hydrogen for the carbon) 181

were placed in the center top of the slab. In this work, we calculated the energy for 22 182

SCAs, including two forms of Histidine, HID and HIE, depending on the location of 183

the protonation on the nitrogen atom and two forms of Glutamic acid, GLU and GAN, 184

negatively charged and neutral respectively (See the Supporting Materials for more details). 185

The system was solvated using the original form of TIP3 water model [47]. It was then 186

neutralized by NaCl regarding the charge of the whole system. In the MD calculations, the 187

energy of the system has been minimized by Verlet particle-based cut-off scheme using 188

charge groups and steepest gradient method for 1000 steps. Figure 2 shows the simulation 189

box, the Fe-100 slab and the SCA after the minimization, the water molecules have been 190

removed for better visualization. The system was equilibrated under constant pressure 1.0 191

bar and temperature 300K conditions (NPT ensemble) using Berendsen weak coupling [48] 192

for 1.0 ns. Then, the system was pre-equilibrated for 10 ns in the NVT ensemble. The Nose- 193

Hoover thermostat’s relaxation time constant for the NVT ensemble was 5 ps. The cut-off 194

distance was set to 1.0 nm for the VdW short range interactions. In the metadynamics 195

biased simulation, the surface separation distance (SSD) was used as the reaction coordinate. 196

This SSD measures the minimum distance of the COMs of the SCA Rmol and the surface 197

atoms ri along the z axis, 198

SSD = min |Rmol − ri|, (9)

In the adaptive well-tempered metadynamics, the adsorption energy is measured 199

as a function of SSD. These simulations were done in the NVT ensemble with PLUMED 200

software plugin in GROMACS [44,45,49]. The simulation time was between 500-600 ns for 201

each SCA to get the set short-range one-dimensional PMFs in a tabulated form. The bias 202

factor and the time factor was set to 10 and 500 ps respectively. Every 0.5 ps the Gaussian 203

was added and the initial height was 1.75 kJ/mol and the temperature was kept at 300 K. 204
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Figure 2. System used to simulate the adsorption of SCAs on Fe slabs.

2.3. Preparation of starting coordinates for biomolecules and surfaces 205

We simulated three fcc surfaces of iron slabs (100, 110, 111) using GROMACS with 206

CHARMM-GUI/Nanomaterial Modeler tool and force fields [46,50,51]. The slab thickness 207

for all surfaces (100, 110, 110) was between 3.53 to 3.71 nm, elongated in z direction in 208

vacuum and were in periodic boundary conditions along x and y coordinates. The final 209

simulation box size were 3.572 × 3.572 × 9.127 nm3 for Fe-100, 3.548 × 3.561 × 9.914 nm3
210

for Fe-110 and 3.541 × 3.943 × 9.258 nm3 for Fe-111. To calculate the PMFs at the atomistic 211

level, 22 sets of SCAs were chosen which are sufficient to assess adsorption affinities for 212

different kinds of proteins in the CG UA model. 213

In order to investigate the interaction of entire protein with the NP, the UA model 214

reads the atomistic 3D structure of the protein. These structures might not be available 215

from experiments such as X-ray crystallography, NMR spectroscopy and cryo-electron 216

microscopy. Thus, we predicted 3D structures of the proteins using the sequence data. 217

Here, we used I-TASSER (Iterative Threading ASSEmbly Refinement) software [52] to 218

generate 820 milk protein structures [53,54].It should be noted, that the majority of these 219

proteins do not exhibit a well defined globular structure. Table 1 shows the list of 6 selected 220

representative milk proteins, UniProt ID, molecular weight, charge and number of AAs in 221

each molecule. The charge information was obtained from PROPKA calculation [55,56] at 222

pH 7.0. All the proteins were subsequently equilibrated in water for 50 ns under NVT and 223

NPT ensembles. 224

To model competitive protein adsorption from milk, we imitated the natural protein 225

concentrations. The majority of the milk ingredients are water (86–88%), fat (3–6%), protein 226

(3–4%), lactose (5%), and minerals (0.7%) [28]. Milk proteins have many physicochemical 227

properties that allow them to be used in a wide range of applications, from nutritional to 228

functional and biological functions [57]. Caseins and soluble (whey) proteins are classified 229

into two broad categories of milk proteins. Caseins account for about 78 % of bovine milk 230

proteins in total and whey proteins for 17% [58]. Caseins can be classified into four genetic 231

groups based on the similarity of their primary AA sequences [28]. These four groups are 232

αs1-caseins, αs2-caseins, β-caseins, and κ-caseins and correspondingly make up 38%, 10%, 233

36%, 13% of the total casein [59]. In decreasing quantities, the whey proteins consist of 234

β-lactoglobulins, α lactalbumins, immunoglobulin and serum albumin of the total 60%, 235

20% and 10% of the whey proteins [60,61]. In the competitive adsorption simulations, we 236

set the protein concentrations of representative in solution according to their relative mass 237

concentrations in milk. We estimated this concentration based on the the percentage of 238

each protein and considering the fact that cow milk has 30-39 g/L protein in total. The 239

molar mass of each protein was taken from AlphaFold database [62]. 240
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Table 1. Characteristics of the selected milk proteins.

Abbreviation UniProt ID Protein Name MWa, Da Charge, e Resb Cc[10−4],mol/l
AS1C P02662 αs1-casein 24528.00 -8.5 214 4
AS2C P02663 αs2-casein 26018.69 4.5 222 1

BC P02666 β-casein 25107.33 -4.5 224 4
ALAC P00711 α-lactalbumin 16246.61 -5 142 0.9
BLAC P02754 β-lactoglobulin 19883.25 -6 178 2
BSA P02769 Bovine Serum Albumin 69293.41 -4.5 607 0.1

(a) Molecular weight, (b) Number of residues, (c) Concentrations [mol/l] of the protein in
milk that were used in KMC calculations, section 3.4.

2.4. Competitive adsorption model 241

With extracted individual protein UA adsorption heatmaps, we can predict the compo- 242

sition of the adsorbed protein layer on the metallic surface. Proteins, composing this layer, 243

can be fundamentally divided into two classes of hard and soft bound protein [63]. The 244

term "hard" refers to proteins that are bonded directly to the surface of the material with 245

strong affinity and "soft " labels a group of proteins that are weakly bound on top of the 246

adsorbed hard corona via protein-protein interaction [22,63]. We will further study the hard 247

bound layer. The composition of the hard bound layer evolves with time and, depends the 248

morphology and composition of the adsorbent material. In this dynamical process, which 249

can last several hours in real systems, proteins diffuse from the bulk of the milk and adsorb 250

on solid surfaces before occasionally desorbing and being replaced by other proteins. Since 251

the milk sample contains hundreds of proteins, all-atom and even UA simulations of simul- 252

taneous adsorption of all milk proteins would be very time consuming [64]. Here, we use 253

an ultra-CG method to describe the actual adsorption-desorption dynamics representing 254

each protein as a single ultra-fine CG bead. Since the adsorption rate of incoming proteins 255

is dependent on previously adsorbed molecules, the whole surface area of the metal will 256

not be accessible for a full coverage by proteins [65]. The HS model, which was initially 257

developed for predicting adsorption onto NPs, considers proteins as rigid spheres with 258

established positions, while the solid is modelled as a spherical NP. In this model, the 259

protein is in a reversible physical contact with the NP’s surface and occupies space that 260

becomes unavailable to other proteins. For each protein, we set a molar concentration in 261

solution as well as rate constants for adsorption and desorption. Due to the slow rates of 262

protein adsorption and desorption, we use reaction-diffusion equations and KMC method 263

to simulate the process [22]. Fig 7 below illustrates the corona formed by milk proteins on a 264

large iron NP using KMC calculations. 265

3. Results and Discussion 266

3.1. Short-range potentials for SCAs on iron surfaces 267

The short-range potentials (in kBT) for 22 AA SCAs on Fe (100, 110, 111) obtained by 268

atomistic MD with Metadynamics are shown in Figure 3. Water density profiles from MD 269

simulations for the slab-water system indicate that two water layers with elevated density 270

are formed near the surface at around 0.2 nm and 0.6 nm for all three fcc surfaces. We can 271

identify three different regions: one close to the wall with strong repulsion, an intermediate 272

region between the two layers of water, and the bulk region when the PMF curve comes to 273

a plateau. Traditionally, AAs are classified into four groups as hydrophobic, charged, polar, 274

and aromatic. According to our data, these groups demonstrate different binding affinities 275

to the zero-valent iron surfaces. Hydrophobic AAs (such as ALA, VAL, LEU) bind weakly 276

while aromatic and charged AAs (such as PRO, TYR, ARG and HIS) are more strongly 277

attached. Analysis of the PMFs suggests that the deepest minimum for SCAs adsorption 278

is located close to the first water adlayer which can facilitate adsorption of hydrophilic 279

and charged aminoacids. Similar behaviour was reported for adsorption of AAs onto 280

noble metal surfaces [30,66–70] with the only difference to a sulfur-containing AAs. For 281

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 May 2023                   doi:10.20944/preprints202305.1711.v1

https://doi.org/10.20944/preprints202305.1711.v1


8 of 17

example, for the most studied AuNPs the binding affinity ranking was as following: S- 282

containing > aromatic > amines > aliphatic > amides > hydroxylic > carboxylic. The 283

energy of adsorption for individual SCAs were ranging from −0.35kBT to −39.69kBT. This 284

predicted range of adsorption energies for the small molecules in our study is in line with 285

the adsorption free energy of furfural onto nZVI reported in [71]. For ALA SCA (which 286

model is chemically equivalent to methane) onto Fe-110 we found adsorption energy close 287

to 0kBT, corresponding to the lack of binding. Similar adsorption pattern was reported in 288

[72] where no stable binding complexes were predicted for CH4 by DFT calculations. 289

Figure 3. Adsorption free energy profiles of AA SCA on 3 Fe fcc slabs as a function of SSD, calculated
using AWT-MetaD. The vertical lines show the position of water and ion layers. (a) Fe-100 (b) Fe-110
and (c) Fe-111. .

3.2. Protein adsorption energies, preferred orientations and heatmaps 290

To model milk protein adsoprtion at the metallic surfaces we have selected six most 291

abundant proteins listed in Table 1. These proteins were a subject to UA model simulations 292

to obtain their adsorption binding affinities and preferred orientations for the protein 293

immobilised on the iron surfaces. For these calculations, we used R = 80 nm and ζ 294

potential −5 mV. We report a single value for each protein after averaging of the energy 295

over all possible orientations. Obtained adsorption energy rankings based on the lowest 296

energy values of the adsorption heatmaps are listed in Table 2. The αs1 casein (AS1C) and 297

αs2 casein (AS2C) was predicted to be the most strongly bound proteins and β lactoglobulin 298

(BLAC) and α lactalbumin (ALAC) are the weakest bound proteins on all Fe (100, 110, 111) 299

surfaces. The preferred orientation of the proteins would not change that much on different 300

fcc faces of iron. 301
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Figure 4. Energy of adsorption (kBT) for each SCA on three Fe fcc slabs (100, 110, 111). Hydrophobic
and polar AA weakly bind to the surfaces while the aromatic and charged AAs are bind strongest.
Fe-111 shows stronger binding in comparison to Fe-100 and Fe-110.

The preferred orientation of all 820 milk proteins based on the lowest energy from 302

heatmaps are reported in the Table S2 of the Supplementary Material. We performed 303

calculations with five Fe NPs of radii 5 nm, 20 nm, 50 nm, 80 nm, and 100 nm to study 304

the size dependence of adsorption energies. The data are presented in the Supplementary 305

Materials (Figure S2). Figure 5 shows the output of the UA model for six selected milk 306

proteins on iron NPs. The heatmap contains the adsorption energies for all values of θ and 307

ϕ. The blue spots (with lower energy) correspond to the more favourable orientations of 308

immobilised proteins. 3D presentation of the protein on the NP surface is shown on top of 309

each heatmap corresponding to the same protein. The closest AAs to the surface of the NP 310

are marked in each case. Analysis of the configurations shows that LYS, GLU, PRO, ASN 311

are most likely to be in contact with the metal surface. This observation is in agreement 312

with the results from Ref. [73] that will be discussed in 3.3 section. 313

The protein adsorption energies predicted by the UA model (Table ??) are high and 314

correspond to irreversible binding of these molecules. This is a result of a high activity of 315

zero-valent Fe. For example for BSA protein the average adsorption energy for all fcc facets 316

was -23.67 kBT for Ag0 [30]and -21.68 kBT for Au(0) [32,74] vs. -75.23 kBT for zero-valent 317

Fe. 318

3.3. Validation of UA model parameters 319

To validate our model, we further considered interaction between zero-valent FeNPs 320

and human serum albumin (HSA) through both experimental and docking simulation 321

methods. Analysis using fluorescence spectroscopy showed that the FeNPs formed a 322

complex with HSA through hydrogen bonds and van der Waals interactions. Furthermore, 323

circular dichroism spectroscopy showed that the secondary structure of HSA was not 324

affected by the FeNP. An MD study indicated that the FeNPs interacted with polar residues 325

on the surface of the HSA molecule. The docking study found that ASP, ARG, SER, LYS, 326

GLU residues are most likely to be on the FeNP surface. The reported adsorption free 327

energy G was −204.80 kJ/mol, which is comparable to our observations. Taking the same 328

initial protein PDB structure and temperature and size for Fe-110 in UA model we measured 329

the minimum free energy was equal to −317.84 kJ/mol at θ = 50◦ and ϕ = 340◦. The 330

nearest interacting AAs in our case are LYS-564, GLU-565, LYS-573, GLU-505, ASP-562, 331

GLU-82, ARG-81, LEU-80, ASP-56, ASP-129. 332
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Table 2. Comparison of milk proteins’ binding affinities, orientations on Fe-100, Fe-110 and Fe-111
ordered by the binding strength on each surface.

Individual protein adsorption description on Fe-100

Protein, Ead,kBT θ,◦ ϕ,◦ rmin, nm
AS1C -343.07 175 100 0.14
AS2C -238.64 335 90 0.08

BC -211.96 315 45 0.04
BSA -202.99 40 60 0.08

ALAC -159.12 80 90 0.18
BLAC -142.98 140 110 0.19

Individual protein adsorption description on Fe-110

Protein, Ead,kBT θ,◦ ϕ,◦ rmin, nm
AS1C -325.92 175 100 0.14
AS2C -229.90 335 90 0.07
BSA -189.87 40 60 0.06
BC -162.43 310 45 0.04

BLAC -147.43 140 110 0.18
ALAC -144.41 75 90 0.16

Individual protein adsorption description on Fe-111

Protein, Ead,kBT θ,◦ ϕ,◦ rmin, nm
AS1C -330.36 175 100 0.14
AS2C -230.99 330 90 0.10

BC -186.44 310 40 0.02
BSA -178.25 40 60 0.06

ALAC -154.60 75 90 0.15
BLAC -151.56 140 110 0.18

Descriptions of all 820 milk proteins interaction with FeNP surfaces based on the minimum
energy of adsorption, their preferred orientation and minimum distance from surface are
available here.

In reality, the metallic iron surfaces are quickly oxidized and hydroxylized, which 333

changes their adsorption affinity to water and reduces the binding strength for AAs and 334

proteins. Another assumption that affects the range of the observed energies is that the 335

orientation distribution for adsorbed proteins is equilibrium. This assumption is used 336

implicitly in the ensemble averaging procedure represented by Eq. (7). This average energy 337

is dominated by a single preferred orientation. If, however, we assume that proteins bind 338

in random orientations, then the simple average over all angles would reflect the actual 339

binding strength. Yet, in the previous study [30] we found that the Boltzmann average 340

correlates better with the adsorption affinity ranking for proteins, so we used these figures 341

below to analyse binding affinities of individual proteins and to model the competitive 342

adsorption. Section 5 of the Supplementary Materials discusses another experimental 343

approach to validate the binding properties of Hen egg white lysozyme (HEWL) on zero- 344

valent FeNP. 345

3.4. Competitive adsorption and milk protein layer 346

We next determined the composition of the milk protein layer at the iron surfaces. As 347

discussed above, in this method we assumed that the surface is represented by a spherical 348

NP with a the protein layer adsorbed on the whole surface of the NP (protein corona) 349

and the adsorption energy is determined by the UA method. The adsorption free energy 350

controls the behaviour between the NP and the protein by using the HS KMC model. The 351

higher the adsorption energy the more probable it is for the protein to be bound on the 352

surface for long periods of time. Calculating the actual adsorption kinetics for different 353

proteins is more challenging. After giving the system enough time the proteins will compete 354
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Figure 5. Heatmap and corresponding 3D representation of the interaction of the (a) αs1casein, (b) αs2
casein, (c) β casein, (d) β lactoglobulins, (e) α lactalbumin and (f) bovine serum albumin with Fe-110
on the preferred orientation, the figure is showing the closest SCAs to the surface of the material.

and form a stable protein corona around the NP. The concentrations of milk proteins to 355

determine the corona has been chosen from literature [28,59]. The adsorption-desorption 356

process will stabilise after certain time that depend on the NP radius. 357

Figure 7 shows a snapshot of 6 milk proteins adsorbing on the iron surface from 358

solution imitating natural milk. Our estimates suggest that the layer of the milk proteins 359

should come to the equilibrium within about 40 minutes due to the high individual adsorp- 360

tion affinities for selected proteins. The process stops when the surface reach full loading 361

capacity with no more space left for further protein adsorption and the protein replace- 362

ments cease. We can see from the figure 7 and Table 3 that AS1C (orange colored beads) is 363

adsorbed in largest numbers on the surface and BSA (brown colored beads) has the least 364

abundance in the corona. The left panel of Figure 7 demonstrates the nontrivial kinetics of 365

the corona formation: the concentrations of bound BC, BLAC and ALAC decrease with 366

time after a very quick buildup, while the concentration of AS2C grows much slower only 367

to exceed the amount of the former after about 0.3 hours, evidently replacing the originally 368

bound proteins. The concentration of AS1C remains high after the initial buildup and the 369

concentration of BSA stays low at all times. 370

We repeated the KMC simulations several times for each NP size and averaged the 371

observable over at least three randomly selected runs. Results of these simulations are 372

listed in Table 3. There, we present the average abundance on the unit area and percentage 373

of relative mass abundance for each milk protein on each surface of fcc Fe. The results in 374

the table show that AS1C is the most abundant both in terms of number of molecules and 375

mass on all the iron surfaces while BSA has the least number and mass abundance. BLAC, 376

and BC are almost equally present in the corona are the second and third most abundant 377

proteins. ALAC and AS2C respectively are the forth and fifth most abundant proteins. This 378

is explained by relatively low molar fraction of BSA in milk as compared to caseins and 379

lactalbumins. 380
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Figure 6. adsorption on HSA on Fe-110 using UA and VMD. The figure shows the nearest amino
acids of the protein to the slab (LYS,GLU,ASP and ARG).

The corona results obtained on NPs of RNP = 80 nm essentially represent flat iron 381

surfaces. In previous works [31], we have demonstrated that for majority of proteins, 382

the adsorption energies and preferred orientations for most proteins do not change after 383

NP radius of about 30 nm as the surface curvature becomes too large compared to the 384

protein size. Therefore, we expect that the predicted abundances and amounts of deposited 385

proteins should be valid for industrial applications involving steel or iron devices. In the 386

future, we are planning to extend the analysis to competitive adsorption involving lactose 387

and milk fat at different temperatures. Further extension of this work is possible with an 388

inclusion of protein unfolding and denaturation at high temperatures and different pH 389

values. This, however, requires much more complex simulations with flexible proteins and 390

3D structures adjusted to the specific conditions and may be currently unfeasible in the 391

most detailed form. 392

4. Conclusions 393

In this work, we presented the results of modelling the interaction between iron 394

surfaces and most abundant milk proteins in a multiscale scheme based on combination of 395

CG UA model with KMC model for predicting the composition of protein in the deposited 396

layer at iron surfaces. We have considered a simplified model of milk formed from the 397

solution of six most abundant proteins occurring in natural cow milk. Our study ranked 398

the proteins by the adsorption strength as follows: αs1 caseins, αs2 caseins, β casein, 399

bovine serum albumin, α lactalbumin and β lactoglobulins, respectively, from strong to 400

weak binding. We have found that the amount of the bound protein depends on its 401
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Figure 7. Protein adsorption kinetics on a FeNP plot that shows the adsorption-desorption of each
protein over time (left). A snapshot of a NP (grey) of radius size 20 nm with protein corona of milk
proteins (coloured) adsorbing on the surface using KMC model (right)

Table 3. Mean amounts of proteins adsorbed on Fe surfaces per unit area: number concentration (per
nm2), mass abundance obtained from KMC simulations with NPs of radius 80 nm.

Fe-100 Fe-100 Fe-110 Fe-110 Fe-111 Fe-111
Protein Nads[10−3, nm−2] Mab,% Nads[10−3, nm−2] Mab, % Nads[10−3, nm−2] Mab, %
AS1C 9.8 41.22 9.0 38.77 9.6 40.33
BLAC 5.6 19.18 5.5 19.37 5.4 18.50

BS 4.1 17.40 4.2 18.80 4.3 18.29
ALAC 5.5 15.43 5.6 16.29 5.7 15.94
AS2C 1.4 6.19 1.3 6.15 1.4 6.19
BSA 0.05 0.59 0.05 0.60 0.06 0.73

concentration in solution, so the KMC simulation of the adsorption kinetics ranked the 402

proteins differently (in terms of mass fraction in the milk model solution): αs1 caseins, β 403

lactoglobulins, β casein, α lactalbumin, αs2 caseins and, finally, bovine serum albumin. 404

In the future, we are planning to extend the multiscale model of the milk adsorption by 405

adding lactose and milk fat molecules. 406

Our multiscale model of protein corona formation on solid NPs and surfaces can be 407

generalised to a large variety of systems. It essentially relies only on the existence of atom- 408

istic force field for the solid. It can be used for variety of applications such as controlling 409

fouling, biofilm growth in food processing and packaging, and medical devices. We also 410

plan to extend the boundaries of the multiscale model to a wider range of temperatures 411

and pH values employed in the industrial settings. 412
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The following abbreviations are used in this manuscript: 436

437

AA Amino acid
ALAC α-lactalbumins
AS1C αs1-casein
AS2C αs2-casein
AWR-MetaD Adaptive well-tempered metadynamics
BC β-caseins
BLAC β-lactoglobulins
BSA Bovine Serum Albumin
CG Coarse-grained
COM Center of mass
EM Engineered material
fcc Face-centered cubic
Fe NP Fe nanoparticle
HS Hard-sphere
HSA Human serum albumin
I-TASSER Iterative Threading ASSEmbly Refinement
KMC Kinetic Monte Carlo
MD Molecular dynamics
MW Molecular weight
NP Nanoparticle
PMF Potential of mean force
PDB Protein data bank
SCA Side chain analogues
SSD Surface separation distance
UA United Atom
vdW van der Waals
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