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Structural-bioinformatics analysis of SARS-CoV-2 variants reveals higher hACE2 receptor binding affinity for Omicron B.1.1.529 spike RBD compared to wild type reference.
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Catalophore Halo technology

With Catalophore Halos we refer to contiguous equidistant point clouds associated with value sets representing 16 physico-chemical property fields (including electrostatics, hydrophobicity, flexibility, potential energies, hydrogen-bonding acceptor/donor potentials, dissolvability, aromaticity and others) in a discretized manner1. They are located on the outer molecular surface of the protein that induces these fields. Similar proteins such as mutational variants most likely induce slightly different property fields in terms of both point cloud shape and corresponding values at the single points. Halo point clouds are able to identify physico-chemical characteristics such as charged surface spots or helical dipole moments2–4 that are hardly captured by sequence or structure patterns. 
The foundation for the Halo approach lies in the Ligsite algorithm5 used for the identification of buried protein cavities and was extended to calculate properties within these enclosed spaces. Compared to those Catalophore cavities6 mainly used for enzyme discovery and drug design7, Catalophore Halos are constructed on the entire outer protein surface as a layer of typically 5 Å thickness. For known protein-protein complexes, Halos can then be trimmed to cover only the most relevant area under investigation, for instance the hACE2 binding interface region of the spike RBD as shown in Figures 2b and 2c of the main article. This was achieved by cropping all points that were located outside the molecular surface of the binding partner hACE2. More precisely, Halo points farther away from their respective next hACE2 atom than the VDW radius plus an additional 5 Å were omitted. However, the values of the Halo scalar field are only induced by spike RBD atom properties. It is important to note that, on purpose, the counterpart protein (hACE2) is not influencing the properties of the spike RBD Halo. 

Since the shape and value distribution of Halo fields vary between mutational variants, Halos  can be used for the comparison of spike variants and thus the effect of spike mutations with respect to hACE2 binding. Indeed, Halo point clouds become especially powerful for the comparison of property distributions at the binding interface of similar molecules (spike RBD variants) that are likely to form a complex with the same target (hACE2). Thus, so-called “difference Halos” particularly highlight regions of locally differing physico-chemical property distributions when comparing two selected protein variant Halos. Difference Halos are generated from two primary Halo fields, as illustrated in the upper part of Figure S1 for SARS-CoV2 wild type and Omicron, by subtracting property values of one variant Halo from the values of the other, resulting in the difference Halo at the bottom of Figure S1. Prior to difference calculation, both point clouds are aligned in space using the iterative closest point algorithm thereby taking into account atomic coordinates as well as property values. More precisely, difference Halos are generated through linear interpolation as follows:

1) Creation of a correspondence list of point pairs of the two underlying clouds taking into account only pairs of points with a distance less than a cutoff value (default 0.5625 Å) in order to avoid boundary artifacts
2) Generation of a new difference point at the geometric center of each pair of two corresponding points
3) Assigning property values to each new difference point calculated as the difference of the two corresponding primary point values (Figure S1)

It should be noted that due to the cutoff in step 1), difference point clouds only cover a tight overlap region of the two primary proteins thereby neglecting regions of differing shapes. Without this security measure, the algorithm would produce unreasonable values in non-overlapping regions far away from the actual primary points interpolated at these regions. At least in the case of differing shapes far away from the surface, this issue may be tackled by increasing the thickness/size of primary Halo point clouds at the cost of computational time. However, differing Halo shapes right at the surface can hardly be compensated by this procedure since the Halo fields, mostly calculated through atomistic force fields, would yield extremely unphysical values at points under the surface (too close to the atoms of the inducing protein). 


[image: Diff_Halos_V3.jpg]
Figure S1. Illustration of difference Halo (bottom) construction from hydrophobicity Halo point clouds of two SARS-CoV-2 variant RBDs, wildtype and Omicron, as an example. Each difference point was determined as the geometric center of the two corresponding primary points. Its hydrophobicity difference value was calculated through linear interpolation by subtracting the value of point (cloud) 2 from point (cloud) 1.  


Evaluation of empirical binding energy models

	Model
	fitted weights
	R2
	MAE
	convergence

	Properties
	name
	coul
	vdw
	constant
	fit
	loo
	fit
	loo
	

	ACE2 ligand and 
5 Å interface 
	A.1 (200 ps)
	0.024
	0.765
	
	0.768
	0.742
	1.87
	1.96
	yes

	
	A.2
	0.045
	1.079
	24.4
	0.790
	0.760
	1.71
	1.84
	yes

	
	A.3
	
	0.807
	
	0.743
	0.729
	1.89
	1.94
	yes

	
	A.4
	
	0.895
	6.537
	0.743
	0.721
	1.91
	2.00
	yes

	ACE2 ligand and 
10 Å interface
	B.1
	-0.003
	0.737
	
	0.670
	0.633
	2.28
	2.40
	no

	
	B.2
	-0.013
	0.565
	-14.5
	0.681
	0.624
	2.24
	2.42
	no

	
	B.3
	
	0.732
	
	0.665
	0.649
	2.30
	2.36
	no

	
	B.4
	
	0.709
	-1.8
	0.665
	0.627
	2.30
	2.43
	no

	RBD ligand and 
5 Å interface
	C.1
	0.050
	0.713
	
	0.554
	0.525
	2.55
	2.66
	no

	
	C.2
	0.042
	-0.234
	-69.9
	0.681
	0.639
	2.07
	2.22
	no

	
	C.3 (50 ps)
	
	0.740
	
	0.373
	0.407
	5.63
	5.77
	no

	
	C.4 (50 ps)
	
	-0.837
	-118.9
	0.410
	0.359
	2.86
	2.99
	no

	Original LIE
	D
	0.43
	0.18
	
	0.113
	
	12.3
	
	no



Table S1. Weight coefficients, squared correlation coefficients (R²) and mean absolute errors (MAE) of least squares fitting (fit) and leave-one-out (loo) cross-validation for various empirical binding energy models. Each model outcome was averaged over 50 replicates of 500 ps MD trajectories apart from Model C energy equations without electrostatic which yielded highest accuracies with 50 ps MD runs, and Model A with electrostatic and VDW parameters performing best at 200 ps. A monotonic accuracy increase with the number of replicates is indicated by the convergence column.


Upon model development, we tested various combinations of three parameters corresponding to electrostatic and van der Waals forces (VDW) as well as a constant energy term which are typically used in LIE models8,9 resulting in a set of different models as shown in Table S1.  In order to substantiate our optimal empirical scoring function (ESF) incorporating the two force field based parameters, electrostatics (coul) and VDW (vdw), we compared all models with respect to leave-one-out cross-validation (LOOCV) of the training set and prediction of a test set. In addition to the purely empirical treatment, we fixed the electrostatics and VDW coefficients directly to standard LIE values from the literature, which produced the model with the poorest accuracy compared to all others with fitted coefficients as shown in supplementary Table S1 (model D). In contrast, we obtained high correlations with experimental binding energies by using a combination of two parameters associated with VDW and electrostatic interactions.
Moreover, according to Table S1, the best-correlating models (A.1-A.4) were obtained when treating hACE2 as the ligand in an unbound simulation and keeping its corresponding binding interface small. To be more precise, the results obtained with models A.x by specifying, 1), only those amino acids as part of the interface of which at least one atom was lying within a 5 Å vicinity, and 2), of the spike RBD (synonymous with treating ACE2 as the ligand) agree substantially more with experimental results than those obtained with a 10 Å cutoff (models B.x) or with the RBD treated as ligand (models C.x). In addition, as indicated by the convergence column in Table S1, model group A.x reveals a clear monotonic increase in the accuracy with increasing replicate numbers, which is a good indicator of numerical stability, whereas models of type B.x and in particular of type C.x do not.
The most obvious explanation is the statistical width of the energy distributions which is considerably larger in case of an interface consisting of more than 80 amino acids (10 Å cutoff) compared to an 33 amino acid interface (5 Å cutoff). With this optimal model the coefficients of determination R2 amount to values between 0.77 and 0.79 for fitting (fit) and between 0.74 and 0.76 for cross-validation (loo) depending on whether a constant parameter was included (model A.2 with slightly larger values) or not (A.1). The mean absolute error (MAE) is below 2 kJ/mol in any of these cases of model group A, which is impressive too. Interestingly but probably not surprisingly10, most of the variance in experimental binding energies is sufficiently explained by VDW energy differences as indicated by R2 fit/loo of 0.743/0.729 for that one-parameter model A.3, which is only slightly less than what the model including additional electrostatic contributions yields (A.1 with R2 fit/loo of 0.768/0.742). Including a constant in addition to both physical parameters further increases the correlation to a maximum (A.2 R2 fit/loo of 0.79/0.76). However, for two particular reasons we decided to work with the parameter setup of model A.2 (VDW and electrostatics): first, the constant reveals high instability as it fluctuates between -25 and 25 kJ/mol upon different combinations of time ranges and numbers of replicates and, second, the prediction of VOC binding affinities and especially their ranking was best reproduced by model A.1. Also, its optimal predictive accuracy results from 200 rather than 500 ps trajectories which considerably reduces the runtime of our simulations. Finally, we would like to preserve the original LIE structure of two parameters in our ESF as for other molecular systems the fitted beta parameter could easily increase again.

The small electrostatic weight obtained here is in contrast to what least-squares fitting in LIE modeling usually returns. However, small fitted electrostatics weights such as in the range of 0.033 (compared to 0.221 for the VDW weight) have already been reported11. Furthermore, hydrophobicity has been shown to be the major factor stabilizing protein-protein association10. The most obvious explanation for the small electrostatic weight is based on the huge binding interface of the hACE2 ligand comprising around 35 amino acids (ca. 500 atoms) compared to simple protein-ligand interfaces with much smaller ligands and therefore much less noise. This hypothesis is supported by two observations. According to our studies, the variance of electrostatic energies over 50 MD replicates is in the same range as the averaged energy itself which is concomitant with a large uncertainty. And secondly, increasing the hACE2 interface selection cutoff from 5 to 10 Å further reduces weights for electrostatic interactions even to a negative value. In contrast, the more rapidly declining VDW interactions appear to be more stable and significantly less sensitive to small displacements in atom positions12, noise and interface size. As a consequence, VDW contributions clearly dominate our binding energy models.
The performance of our favored predictive model (model A.1) as presented above had been tuned in advance by evaluating various simulation time ranges ([50, 100, 200, 500, 1000, 2000] ps) and replicate numbers (10, 20, 30, 40, 50). For each combination of these two optimization parameters, we calculated two sets of binding energies ΔG, once by least-squares fitting and once through LOOCV, along with corresponding MAEs and correlation coefficients R². According to the last prediction column in Table S1 (visualized in Figure 3a), the highest prediction accuracy and lowest error was achieved with 50 replicates of 200 ps molecular dynamics (MD) simulation trajectories, where, for model fitting and cross-validation respectively, R² amounts to 0.77 and 0.74 with an average error of less than 1.9 and 2.0 kJ/mol. In the case of this two-parameter model A.1, the accuracy of 500 ps was close behind, but for other model variations (A.2-A.4) we observed the opposite as 500 ps trajectories performed slightly better than 200 ps. Anyway, keeping model A.1 as a reference, MD simulations longer than 200 ps, in particular 1 and 2 ns trajectories, did not increase the model performance in terms of MAE and R² which are, by the way, strongly correlated (r2 > 0.9). As expected, the highest accuracy was obtained with the highest number (50) of replicates.



	Time
	replicates
	10
	20
	30
	40
	50

	[ps]
	measure
	fit
	loo
	fit
	loo
	fit
	loo
	fit
	loo
	fit
	loo

	50
	R2
	0.54
	0.52
	0.62
	0.59
	0.66
	0.63
	0.67
	0.64
	0.68
	0.65

	
	MAE
	2.89
	03.02
	2.37
	2.48
	2.27
	2.38
	2.36
	2.47
	2.28
	2.39

	100
	R2
	0.52
	0.49
	0.64
	0.61
	0.69
	0.66
	0.71
	0.68
	0.73
	0.70

	
	MAE
	2.87
	3.00
	2.24
	2.35
	2.15
	2.25
	2.16
	2.27
	2.07
	2.17

	200
	R2
	0.57
	0.54
	0.66
	0.63
	0.73
	0.70
	0.74
	0.72
	0.77
	0.74

	
	MAE
	2.55
	2.66
	2.18
	2.29
	2.02
	2.12
	1.94
	2.03
	1.87
	1.96

	500
	R2
	0.55
	0.52
	0.66
	0.62
	0.73
	0.70
	0.73
	0.70
	0.77
	0.73

	
	MAE
	2.49
	2.58
	2.20
	2.30
	02.03
	2.13
	2.00
	2.10
	1.86
	1.95

	1000
	R2
	0.63
	0.58
	0.59
	0.56
	0.59
	0.55
	0.66
	0.62
	0.69
	0.65

	
	MAE
	2.28
	2.41
	2.43
	2.56
	2.45
	2.57
	2.33
	2.45
	2.24
	2.34

	2000
	R2
	0.60
	0.55
	0.54
	0.49
	0.51
	0.45
	0.61
	0.55
	0.63
	0.57

	
	MAE
	2.34
	2.48
	2.58
	2.72
	2.66
	2.79
	2.57
	2.69
	2.48
	2.60



Table S2: Coefficients of determination (R²) and mean absolute errors (MAE, given in kJ/mol) for training set fitting (fit) and leave-one-out cross-validation (loo) optimized over multiple MD time ranges and replicates. Data generated by two-parameter ESF used in model A.1 (VDW and electrostatics). 







	Time
	replicates
	10
	20
	30
	40
	50

	[ps]
	measure
	fit
	loo
	fit
	loo
	fit
	loo
	fit
	loo
	fit
	loo

	50
	R2
	0.57
	0.52
	0.64
	0.58
	0.67
	0.62
	0.68
	0.63
	0.69
	0.65

	
	MAE
	2.59
	2.76
	2.27
	2.44
	2.23
	2.41
	2.25
	2.41
	2.22
	2.37

	100
	R2
	0.54
	0.48
	0.65
	0.60
	0.69
	0.65
	0.71
	0.67
	0.73
	0.69

	
	MAE
	2.59
	2.76
	2.22
	2.38
	2.15
	2.32
	2.13
	2.29
	2.06
	2.21

	200
	R2
	0.58
	0.53
	0.66
	0.62
	0.73
	0.69
	0.75
	0.71
	0.77
	0.74

	
	MAE
	2.43
	2.58
	2.20
	2.36
	2.02
	2.17
	1.94
	2.08
	1.87
	2.01

	500
	R2
	0.55
	0.51
	0.66
	0.62
	0.74
	0.71
	0.75
	0.71
	0.79
	0.76

	
	MAE
	2.44
	2.58
	2.16
	2.30
	1.89
	2.03
	1.85
	1.99
	1.71
	1.84

	1000
	R2
	0.63
	0.58
	0.60
	0.54
	0.59
	0.54
	0.67
	0.63
	0.71
	0.67

	
	MAE
	2.23
	2.40
	2.41
	2.59
	2.44
	2.62
	2.20
	2.35
	2.09
	2.24

	2000
	R2
	0.60
	0.53
	0.54
	0.48
	0.52
	0.45
	0.63
	0.58
	0.67
	0.62

	
	MAE
	2.34
	2.54
	2.58
	2.78
	2.60
	2.79
	2.31
	2.48
	2.18
	2.34



Table S3: Coefficients of determination (R²) and mean absolute errors (MAE, given in kJ/mol) for training set fitting (fit) and leave-one-out cross-validation (loo) optimized over multiple MD time ranges and replicates. Data generated by two-parameter ESF used in model A.2 (VDW and electrostatics, constant). 















	Time
	replicates
	10
	20
	30
	40
	50

	[ps]
	measure
	fit
	loo
	fit
	loo
	fit
	loo
	fit
	loo
	fit
	loo

	50
	R2
	0.56
	0.55
	0.63
	0.62
	0.65
	0.64
	0.67
	0.66
	0.67
	0.66

	
	MAE
	3.61
	3.69
	2.90
	2.97
	03.03
	3.10
	2.85
	2.92
	2.70
	2.76

	100
	R2
	0.53
	0.51
	0.64
	0.62
	0.67
	0.66
	0.69
	0.68
	0.70
	0.69

	
	MAE
	3.39
	3.47
	2.62
	2.69
	2.82
	2.88
	2.57
	2.64
	2.42
	2.48

	200
	R2
	0.57
	0.56
	0.64
	0.63
	0.69
	0.67
	0.72
	0.71
	0.73
	0.72

	
	MAE
	2.79
	2.86
	2.42
	2.48
	2.35
	2.41
	2.16
	2.21
	2.07
	2.12

	500
	R2
	0.55
	0.53
	0.63
	0.62
	0.69
	0.68
	0.71
	0.69
	0.74
	0.73

	
	MAE
	2.63
	2.69
	2.27
	2.32
	2.11
	2.16
	2.05
	2.10
	1.89
	1.94

	1000
	R2
	0.62
	0.61
	0.59
	0.58
	0.57
	0.55
	0.63
	0.61
	0.67
	0.65

	
	MAE
	2.48
	2.55
	2.54
	2.60
	2.57
	2.63
	2.41
	2.46
	2.28
	2.33

	2000
	R2
	0.59
	0.57
	0.54
	0.52
	0.48
	0.46
	0.58
	0.55
	0.62
	0.59

	
	MAE
	2.38
	2.44
	2.59
	2.65
	2.72
	2.79
	2.59
	2.65
	2.48
	2.54



Table S4: Coefficients of determination (R²) and mean absolute errors (MAE, given in kJ/mol) for training set fitting (fit) and leave-one-out cross-validation (loo) optimized over multiple MD time ranges and replicates. Data generated by two-parameter ESF used in model A.3 (VDW). 
















	Variant
	Experimental affinities Barton et al.
	Experimental affinities Han et al.
	Experimental affinities Cameroni et al.
	ESF

	
	KD 
[nM]
	KD
ratio
	ΔΔG 
[kJ/mol]
	KD 
[nM]
	KD
ratio
	ΔΔG 
[kJ/mol]
	KD 
[nM]
	KD
ratio
	ΔΔG 
[kJ/mol]
	KD
ratio
	ΔΔG
[kJ/mol]

	WT
	74.40
	1.00
	0.00
	24.63
	1.00
	0.00
	60.00
	1.00
	0.00
	1.00
	0.0

	Alpha
	7.00
	0.09
	-6.09
	5.40
	0.22
	-3.91
	9.60
	0.16
	-4.72
	0.07
	-6.7

	Beta
	20.00
	0.27
	-3.39
	13.83
	0.56
	-1.49
	25.10
	0.42
	-2.25
	0.56
	-1.5

	Gamma
	13.50
	0.18
	-4.40
	11.00
	0.45
	-2.08
	
	n.d.
	
	0.21
	-4.0

	Delta
	n.d.
	25.07
	1.02
	0.05
	75.00
	1.25
	0.58
	0.69
	-0.9

	Delta plus
	n.d.
	
	n.d.
	
	
	n.d.
	
	0.42
	-2.2

	Omicron
	n.d.
	31.40
	1.27
	0.63
	25.30
	0.42
	-2.23
	0.13
	-5.2

	R²
MAE
	            
	
	0.87
0.73
	
	
	0.28
2.14
	
	
	0.63
1.72
	
	



Table S5. SARS-CoV-2 VOC RBDs relative binding free energies (ΔΔG) and ratios of dissociation constants in relation to the wild type RBD predicted by our empirical scoring function compared to results determined through surface plasmon resonance by Barton et al.15, Han et al.13 and Cameroni et al.14  for available VOCs. Coefficients of determination (R²) and mean absolute errors (MAE, given in kJ/mol) for experimental ΔΔG’s to predicted ΔΔG’s are given below. 
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