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Determination of bonding radii 
from small‑molecule crystal structures
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Abstract 

X-ray crystallography rarely captures chemical bonding between atoms of a structure in question. Most of the time 
distance-based heuristics are applied to establish the pairs of bonded atoms. One class of such heuristics depends 
on a set of bonding radii that estimate the idealised size of each chemical element in a bond. This publication 
describes an unsupervised workflow for deriving a bonding radii set from crystal structure data in the Crystallography 
Open Database.  

Scientific contribution 

An atomic bonding radii set is derived from the Crystallography Open Database using a novel, unsupervised and fully 
automated workflow. The method does not use any prior knowledge about the connectivity in input crystal struc-
tures, relying solely on their Voronoi tesselations.
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Introduction
Chemical connectivity in crystal structures is of interest 
to many derivative studies. Connectivity is an unavoid-
able prerequisite for, to name a few, the identification of 
chemical substances  [1, 2], analysis of molecular geom-
etry [3] and crystal properties [4]. X-ray crystallography 
– a well-established technique for the determination of 
3D atom coordinates in crystal structures – is in prac-
tice rarely used to detect chemical connectivity, which, 
although possible using charge density analysis, is very 
demanding for data quality and the expertise of the 

researcher [5]. Thus heuristics are often applied to derive 
the connectivity, usually based either on per-element 
contribution called a bonding radius or maximal bond-
ing distance defined per each pair of elements  [6]. The 
former is an often used bond determination heuristic 
which states that the distance between two chemically 
bonded atoms has to be smaller than or equal to the sum 
of their bonding radii [7–11]. Thus two atoms of chemi-
cal elements i and j separated by distance di,j are treated 
as bonded if the following inequality holds:

Here ri is the bonding radius of chemical element i and ǫ 
is a sensitivity constant, usually ranging between 0.35 Å 
and 0.45  Å  [12]. Such radii are not constant intrinsic 
properties of atoms as their sizes are highly dependent 
on the environment  [13]. Nevertheless bonding radii 
are approximated well enough and used in the distance-
based connectivity criterion.

Although there are a number of published bond-
ing radii sets [7, 13–16], a univocal method for bonding 

(1)di,j ≤ ri + rj + ǫ
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radii derivation has not been established. A widely used 
bonding radii set published as a part of the Cambridge 
Structural Database (CSD)  [17] has received critique 
for manual adjustments of radii aimed to fit specific 
molecules as well as default values being used in place 
of unknown radii  [13]. In many other studies  [7, 13] 
bonding radii sets are derived from the CSD crystal 
structures that are annotated with expert-curated con-
nectivity information. Connectivity as derived by expe-
rienced chemists is usually of high quality, however, 
manual marking of connectivity is a slow and expensive 
process. Moreover, the CSD operates under a propri-
etary license, restricting the spread of the derivative 
datasets and preventing the replicability of study results. 
In addition, values in bonding radii sets can differ quite 
significantly, in some cases exhibiting differences of over 
1 Å, as evident from Fig.  1. The need for an automated 
bonding radii derivation approach is addressed in recent 
studies published by Nikolaienko and coworkers [18, 19]. 
However, the main limitation of these studies is that the 
derived datasets involve only a few select elements thus 
reducing their applicability. For a more detailed review of 
currently available bonding radii sets see [20].

Bonding radii sets are usually interaction-type-specific. 
In this study we aim to determine radii encompassing all 
of the intramolecular interactions (covalent, ionic, metal-
lic bonding, etc.) because such radii could be used to 
determine bonding in crystallographic structures. In the 
study published by Alvarez  [21] an interatomic distance 
distribution is used to determine the typical distance 
between atoms that interact mainly by the van der Waals 
forces. In a typical interatomic distance distribution 

intramolecular and intermolecular interactions are sepa-
rated by the van der Waals gap due to a significant dif-
ference in the interaction strength. Identification of the 
van der Waals gap should be sufficient to determine the 
longest possible interatomic distance for each pair of 
elements that would still allow an intramolecular bond, 
at the same time rejecting longer intermolecular inter-
actions. Throughout our study we maintain the view of 
interatomic distance distributions as postulated by Alva-
rez, on the other hand acknowledging departures from it 
due to the vast variability of chemical environments.

In this study we have developed an automated and 
unsupervised workflow for the derivation of bonding 
radii sets from any small-molecule crystallographic data, 
expressed in CIF files using the IUCr coreCIF dictionary 
data items. The set derived from the data in the Crystal-
lography Open Database (COD)  [22] is validated and 
compared to other similar bonding radii sets.

Methods
Input data
We used all 519  021 crystal structure records from the 
COD revision 295629 as input for our study. In the COD, 
crystal structures are stored as the Crystallographic 
Information File (CIF) format [23] files and are therefore 
directly suitable for the workflow described here. While 
the coreCIF dictionary defines data names for bond 
lengths (GEOM_BOND category), this information mostly 
concerns bonded interactions and is not guaranteed to be 
complete or free from mistakes [3], thus we analysed the 
atomic positions only.
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Fig. 1  Bonding radii sets
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Structure selection criteria
We imposed several criteria to select only complete, 
experimentally measured structures and reject various 
biases and outliers. We strove to use only the structures 
having 3D coordinates for all of their sites, including 
the solvent molecules. This criterion stems from the 
need to correctly identify direct intramolecular and 
intermolecular interactions. Due to the difficulties in 
addressing disordered structures, we have decided to 
exclude them altogether. We employed several heu-
ristics to exclude theoretical structures and the ones 
having one or more atoms which were not backed by 
experimental evidence. Outlier rejection also removes 
structures solved under unusual conditions such as 
high pressure.

We have excluded the following kinds of structures 
from our calculations:

•	 Disordered structures. We exclude structures that 
are either explicitly marked as disordered in their 
CIF files or that are detected as disordered by the 
cif_mark_disorder program from the cod-
tools v3.10.0 package  [24]. This is done because dis-
ordered structures are difficult to accommodate in 
the present analysis. Such structures provide either 
alternative sites for a set of atoms (positional disor-
der), alternative chemical elements occupying the 
same site (compositional disorder), or a combina-
tion of both. There is no clear solution for handling 
such structures as input for geometric analysis. One 
possible method would be to generate all possible 
combinations of disordered fragments and exclude 
the repetitive measurements from the stable part of 
the structure. However, alternative atom positions 
may affect the whole Voronoi partition rather than 
just the immediate environment of the disordered 
fragment. Moreover, Voronoi partition may depend 
on disorder in neighbouring crystal cells. Supercell 
modelling approach might offset the former problem 
for the price of increased computation complexity. 
Due to this complexity we decided to exclude disor-
dered structures altogether.

•	 Structures with partially occupied atom sites. Par-
tially occupied sites appear in structures with 
vacancy defects, crystallographically disordered 
structures as well as improperly modelled structures. 
All these cases are difficult to accommodate in the 
current statistical analysis, thus the corresponding 
structures are excluded.

•	 Structures with different declared and calculated 
formulae. The difference in heavy atom numbers 
between formulae usually means that the described 
structure is incomplete.

•	 Structures having attached hydrogen atoms. When 
the 3D coordinates of hydrogen atoms cannot be 
determined, their presence near a specific heavy 
atom is sometimes instead indicated as the num-
ber of attached hydrogen atoms (also known as 
virtual hydrogen atoms) using the _atom_site_
attached_hydrogens CIF data item. Since in 
this case the 3D coordinates of the hydrogen sites 
are unknown, we cannot precisely identify contacts 
involving them. While it would be possible to ignore 
only the interactions of the atoms having attached 
hydrogen atoms, we have decided to exclude such 
structures altogether since they comprise less than 
1% of the COD.

•	 Structures having dummy sites. Dummy sites in CIF 
files do not pertain to actual atom positions, but they 
may signal that certain atoms are missing from the 
structure. Therefore it is safer to exclude such struc-
tures. There are 420 such entries in the COD in total.

•	 Duplicate entries. The COD contains a couple thou-
sand of duplicated entries, marked as such by its 
maintainers. These entries are excluded to avoid 
overrepresentation of certain observations.

•	 Structures with calculated heavy atom sites. We 
exclude structures with explicitly marked calculated 
sites to retain only experimentally located atoms.

•	 Structures solved in superspace groups. Superspace 
group structures are difficult to accommodate in our 
current analysis due to interatomic distances in them 
being dependent on modulation waves spanning 
many crystal cells.

•	 Theoretical structures. We base our insights on 
experimentally determined structures, thus we filter 
out COD entries that were marked as theoretical by 
the curators of the database.

•	 Structures with unmodelled solvent. Solvent is 
rarely interesting in structural analysis, moreover, 
disordered or mobile molecules may be difficult to 
represent in CIF files. Non-modelled solvent mol-
ecules are sometimes reported using the _pla-
ton_squeeze_void_count_electrons or 
_smtbx_masks_void_count_electrons CIF 
data items, thus we have excluded all structures con-
taining these data items (27  189 in total). However, 
these data items are often absent, thus we also rely 
on other filters (formulae mismatch, unrealistic den-
sities, etc.) to identify such structures.

•	 Unusual crystal densities. We have excluded crystals 
with density lower than 0.17  g

cm3 (density of extremely 
low density structures as reported in [25]) or higher 
than 22.59  g

cm3 (density of osmium as reported 
in  [26]), both declared and calculated from formula 
and cell parameters. To ensure consistency between 
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the declared crystal density and the calculated one, 
we exclude structures with the ratios of said densities 
outside the range of [0.75, 1.25].

•	 Structures with large absolute density differences 
between original and relaxed form. To exclude 
incomplete or otherwise unrealistic crystal struc-
tures we have removed from consideration the 
ones which significantly diverge when relaxed using 
the M3GNet  [27] graph deep learning interatomic 
potential (Justinas Šlepavičius, personal communica-
tion). It should be noted, however, that the relaxation 
appropriately preserves naturally porous structures 
such as metal-organic frameworks, as their frame-
work structure is strong enough to be kept in place. 
Since the relaxation process can considerably alter 
both the cell parameters and atom coordinate values 
without actually changing the structure (this usually 
happens when there is a change in the unit cell basis), 
we based our exclusion criterion on the difference of 
crystal structure densities. Thus we exclude struc-
tures undergoing absolute density change of 0.5 g

cm3 
or more.

•	 Structures with high R factor values. We require the 
crystallographic R factor to be known and be ≤ 0.1 , 
per the IUCr validation guidelines [28]. Requirement 
for R factor to be known is ignored for neutron dif-
fraction structures in order to retain as many such 
structures as possible.

•	 Structures with high weighted R factor values. We 
require the weighted crystallographic R factor (wR) 
to be known and be ≤ 0.25 , per the IUCr validation 
guidelines  [29]. Requirement for wR factor to be 
known is ignored for neutron diffraction structures 
in order to retain as many such structures as possible.

•	 Structures measured under extreme temperature. 
Extreme temperatures (higher than 320 K) may affect 
the crystal geometry.

•	 Structures measured under extreme pressure. 
Extreme pressures (lower than 80 kPa or higher than 
120 kPa) may affect crystal geometry.

Most of the filters are constructed using the output 
produced by the COD::CIF::Data::CIF2COD and 
COD::CIF::Data::CODFlags modules from cod-
tools. All filters were applied sequentially on the input 
data. In total, 249  032 entries were used for further 
analysis.

Structure processing workflow
The COD contains crystal structures described by their 
asymmetric units plus their space group. This descrip-
tion is enough to reconstruct all atom positions in the 
unit cell. We reconstruct the symmetrically equivalent 

positions with the cif_fill cell script from cod-
tools [30]. The same tool constructs a 3× 3× 3 supercell 
to represent all interactions where atoms from the central 
unit cell participate.

Interaction measurements
We have harnessed Voronoi tessellation to detect the 
pairs of possibly interacting atoms. To perform the tes-
sellation, we have chosen an algorithm implemented in 
voronota v1.18.1877  [31]. For each pair of directly con-
tacting atoms voronota calculates both the contact dis-
tance and the contact area which is later used as a weight 
of a contact. In voronota, which is mainly used to locate 
and describe contacts in protein structures, a probe is 
used to cut off distant pairwise interactions. We have dis-
abled the probe feature in our calculations by setting it to 
the longest diagonal of the supercell, as we are interested 
in all pairwise interactions regardless of their distance. To 
use voronota in our calculations, we have wrapped it into 
a tool named cif_contacts of the crystal-contacts 
package [32], revision 56.

Due to the abundance and relatively low precision of 
their site 3D coordinates determined by X-ray diffrac-
tion, hydrogen atoms require special treatment. While 
hydrogen coordinates in neutron diffraction structures 
can usually be trusted, explicit hydrogen sites in X-ray 
structures usually are imprecise and/or derived using 
geometric constraints. Thus taking their contacts into 
consideration is unlikely to result in meaningful radii 
values. Nevertheless, however imprecise, hydrogen sites 
act as natural “barriers” separating heavier atoms with 
distant interactions. Therefore we use all hydrogen atom 
sites in the input for Voronoi tessellation, but for non-
neutron diffraction structures we afterwards discard all 
the observed contacts involving hydrogen atoms. Neu-
tron diffraction structures, on the other hand, are pro-
cessed differently: in them, hydrogen atoms are treated 
just as any other atoms and their contacts are preserved. 
This is done to obtain a bonding radius for hydrogen. 
After filtering the COD structures as described in Struc-
ture selection criteria, 489 neutron diffraction structures 
remain in the filtered dataset.

After finding and calculating all the contacts from the 
3× 3× 3 supercell with cif_contacts, we retain only 
those contacts that involve at least one atom from the 
asymmetric unit. This is done by cif_bonds_angles 
from the atomclasses package  [3]. By removing interac-
tions between symmetric equivalents we prevent over-
representation of contacts.

From the total pool of calculated interatomic distances 
we exclude unusually short and unusually long observa-
tions. Distances involving hydrogen (from neutron dif-
fraction structures only) are limited to the inclusive range 
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of [0.5, 6] Å, the other distances being limited to the inclu-
sive range of [1, 6] Å. Cutoff on the lower end is imposed 
to filter out steric clashes, possibly arising due to unmarked 
and undetected disorder. Cutoff on the upper end is sup-
posed to reduce the influence of very distant interactions, 
for example, in MOFs or other porous crystals. The upper 
limit is derived based on the longest possible covalent bond 
permitted by the covalent radii set of Cordero et  al.  [13] 
(5.2 Å for Fr–Fr).

Determination of the bond peak
Having processed all pairs of directly interacting atoms in 
the input data, we weigh each observation by the area of 
its contact  [33] to reduce the influence of long distances, 
group them by chemical elements and for each pair of ele-
ments (we call it a class) fit a density model and identify the 
bond peak, which we deem to contain the longest intra-
molecular interactions. Each of these steps is described in 
more detail in the following paragraphs.

To facilitate the analysis of the density of a class, we fit 
a Gaussian mixture model on the sample composed of 
the class distances (Fig. 2). Fitting is done using the expec-
tation maximisation algorithm with a modification to 
accept weights. In order to reduce the influence of long 
nonbonded interactions we use the following weighting 
scheme for interaction observed between atoms i and j:

(2)wi,j = 1− (1−
Si,j

Si
)(1−

Si,j

Sj
)

Here Si is the total sum of all the contact areas for atom 
i, and Si,j is the contact area between atoms i and j. To 
find the best fitting Gaussian mixture model for each 
class, we use the expectation maximisation method to 
determine parameters for mixtures with the number of 
normal components ranging from 1 to 10. Classes larger 
than 200 000 observations are reduced by randomly pick-
ing 200 000 observations from them. On the other end, 
we require a minimal 1:30 ratio of model parameters to 
observations. This means that for a mixture of N Gauss-
ian components to be considered, a sample needs at least 
30× (3N − 1)  observations. Component centres for the 
initial steps are taken from sample quantiles. From the 
fitted mixtures, all components accounting for less than 
10 observations are removed to avoid fitting to the pos-
sible outliers. From these ten mixtures we select the one 
with an optimal Bayesian information criterion (BIC [34]) 
value. Both the fitting and the BIC computation is per-
formed using MixtureFitting v0.7.0  [35] package written 
in R.

We have tailored the method for bond peak selection 
based on the chemical elements participating in the 
class:

•	 For classes involving at least one alkali or alkaline 
earth metal, the first mixture component is deemed 
to be the bond peak, as these elements very rarely 
form higher order bonds.
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•	 For interactions between halogens and non-organo-
genic elements (not C, N, O, P, S, Se), the first mix-
ture component is deemed to be the bond peak.

•	 For interactions between oxygen and U, Np and Pu, 
the last mixture component is deemed to be the bond 
peak.

•	 For the rest, the component preceding the lowest-
density antimode (supposedly corresponding to the 
van der Waals gap) is deemed to be the bond peak.

Different treatment of classes based on the types of ele-
ments participating in them is necessary to accommo-
date the variability of chemical interactions.

To select the lowest-density antimode, we inspect the 
density zones between each pair of neighbouring com-
ponent centres. As a midpoint between the component 
centres might fall on a slope of the density function, 
we employ the Nelder–Mead method  [36] to locate the 
actual minimum. If the Nelder–Mead method locates 
the density minimum outside the range limited by neigh-
bouring component centres, it is held that these compo-
nents are inseparable.

More rules dictated by the common chemical sense 
could be further applied to select the correct bond peaks. 
In one instance, the F–F class, we have decided to com-
pletely remove the class from consideration due to its 
negative influence on the overall bonding radii derivation 
(described in section  Bonding radii). Proper F–F bonds 
are too rare in the COD to form a detectable bond peak 
(Fig.  3), thus a peak formed by non-bonded interaction 
distances is chosen as the bond peak; no van der Waals 

gap is visible. While such aberrations are possible under 
our methodology, we expect them to be dominated by 
correctly determined bond peaks. Unfortunately, F–F 
class is the most populated among all F-involving classes, 
thus the overly long bonding distance is assigned the larg-
est weight. In order to offset the influence of F–F class we 
have decided to remove this class altogether.

Bonding radii
We have derived the bonding radii by approximately 
solving an overdetermined equation system via the least 
squares method:

Where ri is the bonding radii for chemical element i, di,j is 
the bond peak centre in class of chemical elements i and 
j (including i = j ), and Wi,j is the weight of the equation 
equal to the number of observations in the class. Weights 
are used to increase the influence of larger classes in the 
least squares calculation, as their models should be more 
accurate. R package Rlinsolve  v0.3.2  [37] was used to 
approximately solve the system of equations.

Since both the mixture model fitting and the anti-
mode selection could be affected by peculiarities of cer-
tain classes, we have applied an iterative outlier removal 
procedure to arrive to self-consistent radii set. During 
each iteration, Eq.  3 is approximately solved and the 

(3)
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largest class having the difference between its bond peak 
and radii sum greater than 0.35  Å is selected. Then the 
selected class is excluded from Eq. 3 and the next itera-
tion commences. This is repeated until no classes with 
di,j − (ri + rj) > 0.35  Å are found. It is important to 
note that the difference in this criterion is not absolute, 
that is, only classes with bond peak position larger than 
radii sum are excluded. This is done in order to eliminate 
classes where the bond peak centres might be detected 
incorrectly due to the relative abundance of long inter-
molecular distances.

We have also attempted to use the iterative reweight-
ing approach for the least squares calculation (IRLS) [38], 
which iteratively decreases the weights of equations pro-
ducing the largest errors in least squares calculation. 
However, IRLS did not perform better than our iterative 
outlier removal approach, which is specifically tailored to 
alleviate the shortcomings of our methods.

Results
Overview
In total, 3107 contact classes were observed, consisting 
of 97 unique chemical elements  (Fig.  5). Mixture mod-
els were derived for 954 classes. This number excludes 
classes with too few observations to reliably fit even a 
one-component Gaussian mixture model. Correspond-
ingly, coverage of the periodic table decreased to 84 
chemical elements. Although BIC was applied as a meas-
ure to prefer simpler mixture models, there is a ten-
dency of larger classes to be approximated with mixtures 

containing greater number of components, as seen in 
Fig. 4.

The resulting radii set (Table  1) is close to the one 
derived by Pyykkö and Atsumi  [14], especially in treat-
ment of organogenic, alkali and alkaline earth metals 
where the absolute differences for most elements do not 
exceed 0.075 Å. With the exception of considerably dif-
ferent radii for Kr, Pr, Tl and Pb, the largest deviations 
between these two radii sets are observed in the d-block 
elements. A comparison with published bonding radii 
sets is provided in Fig. 1

Validation
Comparison with a chemical perception pipeline
The derived bonding radii set was evaluated for its suita-
bility for interatomic bonding determination in crystallo-
graphic data. For this purpose, we analysed the bonding 
presented in a collection of chemically annotated crystal-
lographic structures in SDF format that were previously 
derived from the COD data using a chemical perception 
pipeline [2]. The chemical perception pipeline establishes 
the bonding based on the bonding radii set compiled 
by Pyykkö and Atsumi paired with the following ad hoc 
rules as implemented in the cif-perceive-chem-
istry program version 0.4.0  [39], therefore it can be 
viewed as a completely independent approach.

•	 Removal of incorrectly assigned intraring bonds. 
Due to short interatomic distances in flat 4-mem-
bered rings, an extra covalent bond is sometimes 
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placed between the diagonal atoms. Since non-flat 
rings may contain legitimate diagonal bonds (e.g., 
bicyclobutane, tetrahedrane derivates), such bonds 

Table 1  Bonding radii set derived using the described approach

Atom Radius (Å) Z

H 0.25 1

He – 2

Li 1.31 3

Be 0.99 4

B 0.88 5

C 0.76 6

N 0.68 7

O 0.69 8

F 0.58 9

Ne – 10

Na 1.70 11

Mg 1.38 12

Al 1.24 13

Si 1.10 14

P 1.05 15

S 0.98 16

Cl 0.94 17

Ar - 18

K 2.09 19

Ca 1.71 20

Sc 1.56 21

Ti 1.32 22

V 1.48 23

Cr 1.36 24

Mn 1.25 25

Fe 1.30 26

Co 1.35 27

Ni 1.37 28

Cu 1.28 29

Zn 1.42 30

Ga 1.43 31

Ge 1.26 32

As 1.21 33

Se 1.17 34

Br 1.17 35

Kr 2.10 36

Rb 2.17 37

Sr 1.92 38

Y 1.76 39

Zr 1.47 40

Nb 1.31 41

Mo 1.58 42

Tc 1.09 43

Ru 1.38 44

Rh 1.37 45

Pd 1.31 46

Ag 1.57 47

Cd 1.63 48

In 1.44 49

Table 1  (continued)

Atom Radius (Å) Z

Sn 1.42 50

Sb 1.44 51

Te 1.38 52

I 1.41 53

Xe 1.35 54

Cs 2.31 55

Ba 2.12 56

La 1.87 57

Ce 1.43 58

Pr 1.42 59

Nd 1.79 60

Pm – 61

Sm 1.83 62

Eu 1.74 63

Gd 1.72 64

Tb 1.69 65

Dy 1.70 66

Ho 1.70 67

Er 1.71 68

Tm 1.65 69

Yb 1.62 70

Lu 1.59 71

Hf 1.57 72

Ta 1.42 73

W 1.33 74

Re 1.41 75

Os 1.39 76

Ir 1.39 77

Pt 1.30 78

Au 1.31 79

Hg 1.38 80

Tl 1.79 81

Pb 1.75 82

Bi 1.58 83

Po – 84

At – 85

Rn – 86

Fr – 87

Ra – 88

Ac – 879

Th 1.73 90

Pa – 91

U 1.96 92

Np 1.78 93

Pu 1.80 94
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are removed, but only if the absolute dihedral angle 
between the atoms of the ring is smaller than 20° (see 
Fig. 6).

•	 Removal of incorrectly assigned metal-ligand bonds. 
Short interatomic distances can also result in spuri-
ous bonding between a metal centre and atoms in 

its second coordination sphere, i.e., atoms covalently 
bound to directly coordinated ligands. Such bonds 
are therefore removed.

•	 Addition of bonds to aromatic π-ligands. Steric 
effects and bulky substituents may increase metal-
ligand distances thus leading to underestimation of 
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Fig. 5  Prevalence of pairwise distances between specific elements observed in the COD

Fig. 6  Examples of intraring bonds in 4-membered rings that would be detected in COD entries 4077811 (a), 4100665 (b) and 4106489 (c) 
when judged on the atom radii sum criterion alone. Ring connections are coloured blue, legitimate intraring connections are coloured green, 
and false-positive intraring bonds are coloured red. While the diagonal intraring C–C bonds in bicyclobutane (b) and tetrahedrane (c) derivatives are 
legitimate, the Si–Si bond in (a) is a false-positive. Given the angle sums of 360° (b), 336° (b) and 237° (c) and the [340, 380]° ring flatness restriction, 
only the incorrect Si–Si bond would be removed during the bond pruning stage

https://www.crystallography.net/cod/4077811.html
https://www.crystallography.net/cod/4100665.html
https://www.crystallography.net/cod/4106489.html
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ligand hapticity (e.g., a cyclopentadienyl ligand may 
be marked as connected only by 3 atoms instead of 
the expected 5). Therefore, if an atom ring is flat and 
more than half of the ring atoms have connections to 
the same metal atom, the ring is treated as being fully 
coordinated by that metal atom and metal-ligand 
bonds are assigned to all ring atoms.

Only the structures which passed all of the data quality 
checks imposed by the pipeline (data consistency, chemi-
cal validity, etc.) are used in the analysis to ensure that 
the presented connectivity reflects proper intramolecular 
bonds.

We subjected the coordinates-only part of chemically 
annotated structures to connectivity detection using 
Eq. 1 ( ǫ = 0.45 Å) looking for two types of bonding dif-
ferences: missing bonds (input structure lacks an explicit 
bond between atoms) and overlong bonds (input struc-
ture contains an explicit bond which is deemed to be 
too long by our new criteria). The connectivity detection 
also reproduces the flat 4-membered ring diagonal bond 
removal employed by the chemical perception pipeline 
This is done by identifying pairs of triangles sharing an 
edge and having sums of their angles within [340, 380]°. 
Every such pair is treated as constituting a flat 4-mem-
bered ring and their shared bond is removed.

In over 365,000 input structures 80,487 mismatches 
were detected. Around 92% of them are due to the new 
bonds assigned by our radii set, with the rest being miss-
ing (i.e. unreproduced) bonds. Classes with the most dif-
ferences of both kinds are shown in Table 2, with classes 
involving carbon and other organogenic elements pro-
vided for reference. In both the newly assigned and unre-
produced bonds, certain bond classes led to improved 
bonding accuracy while others introduced errors.

The majority of the newly detected bonds are between 
the same metal atoms, highlighting the fact that our radii 
for these elements are longer than the ones derived by 
Pyykkö and Atsumi. For Mo and V elements, the elonga-
tion of bonding radii is influenced by metal-OH contacts 
in polyoxometalates shifting the van der Waals gap to the 
longer side. In turn, longer Mo and V bonding radii treat 
as bonded the indirect contacts between metal atoms 
in MO6 or, more generally, MX6 coordination clusters 
(M ∈  {Mo, V}, X – any element). Clearly, these contacts 
are recognised as bonds incorrectly, which showcases a 
limitation of distance-based connectivity heuristic, as 
distance alone is not enough to determine connectivity in 
such cases. Nevertheless, Jmol 3D viewer [40] recognises 
the same indirect Mo–Mo and V–V contacts as bonds. 
In practical applications, such indirect contacts could 
possibly be filtered out by employing the Voronoi tes-
sellation. On the other hand, the newly assigned Cu–O 

bonds mostly represent proper coordination interactions 
between Cu and axial water or ketone ligands that were 
not detected by the chemical perception pipeline.

Most of the unreproduced bonds can be attributed to 
the significantly shorter bonding radii for Ce and Pr. This 
is caused by a small component present in both Ce–O 
and O–Pr classes, which primarily consist of interactions 
involving CeO6 and PrN2O4 . While such radii effectively 
identify smaller coordination spheres, they fail to capture 
connectivity in complexes with the coordination number 
of 7 or higher.

Outside the d-block the largest increases in radii 
lengths with regards to Pyykkö and Atsumi are Kr, Tl 
and Pb. While increases in Kr and Tl radii do not affect 
the validation outcomes much, number of new O–Pb 
bonds exceed 1000 observations. Most of them appear 
to be proper coordination sphere contacts between Pb 
and oxygen in ketones or carboxyl groups that were not 
detected by the chemical perception pipeline.

MaterialsCoord benchmark
We have attempted validation by plugging in our radii 
set to MaterialsCoord benchmark  [12] (Git com-
mit d9158f3  [41]) which evaluates the performance 
of several bonding heuristics as implemented in the 

Table 2  Results of an attempt to reproduce connectivities 
derived by a chemical perception pipeline [2] using our bonding 
radii set

Only 5 classes with the largest number of differences are shown for each kind 
of difference. In addition, five classes involving carbon and other organogenic 
elements are provided for reference. Column “New bonds” lists the number of 
newly assigned bonds by our radii, while “Missing bonds” lists unreproduced 
bonds. Column “Common bonds” lists the number of reproduced bonds

Class New bonds Missing bonds Common bonds

Mo–Mo 4289 0 1196

V–V 2854 0 6

Ag–Ag 2713 0 2199

Cu–Cu 2669 0 2114

Cu–O 2256 0 22517

...

C–C 51 0 7534316

C–O 22 0 956486

C–S 0 0 168082

C–P 0 0 201895

C–N 0 2 1463763

...

N–Pr 0 389 58

O–Pr 3 494 937

Ce–O 0 605 2174

Ce–N 20 655 706

C–Ce 0 1045 54



Page 11 of 14Šidlauskaitė et al. Journal of Cheminformatics (2026) 18:115	

pymatgen v2022.11.7 package [42] for the task of predict-
ing coordination numbers in inorganic structures. Mate-
rialsCoord has the JmolNN class which implements the 
criterion described in Eq. 1 with ǫ = 0.45 Å. Due to the 
similarity of the JmolNN class to our method, we inher-
ited JmolNN class to allow for easier plugging in of other 
radii sets, naming the derived class CovalentRadi-
iTableNeighbours. MaterialsCoord uses a set of 116 
diverse experimentally determined structures, notably 
excluding organic compounds.

The comparison results are plotted in Fig. 7. Although 
MaterialsCoord does not encompass organic structures, 
we can see that the bonding radii set presented in this 
paper fares better than the earlier radii sets. Our radii set 
fared consistently better than Jmol’s autoBond algorithm, 
the only radii sum based method described in  [12]. It 
should be noted that MaterialsCoord does not perform 
diagonal bond removal from 4-membered rings, but that 
places our method on a par with the other compared 
methods.

Bonding distances

We have evaluated the usability of the determined bond 
peaks (described in section  Determination of the bond 
peak) in element-pair-specific distance-based connectiv-
ity detection. To do so, we have repeated the comparison 
with the chemical perception pipeline (as described in 
section Comparison with a chemical perception pipeline) 
by replacing radii sum in Eq. 1 with bond peak distance 
and using ǫ = 0.45 Å. For classes where bond peak dis-
tances were unavailable due to the lack of observations, 
the original radii sum approach was retained using radii 
from Table 1.

In over 365  000 input structures 109,178 mismatches 
were detected, a substantial increase from 80,487 which 
were observed using radii sum criterion in section Com-
parison with a chemical perception pipeline. Classes with 
the most new and missing bonds are shown in Table  3, 
with classes involving carbon and other organogenic ele-
ments provided for reference.

Jmol

Meng, 1991

Cordero, 2008

Pyykkö, 2009

this work

score

0 50 10
0

15
0

20
0

25
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Fig. 7  Bonding radii sets validated using MaterialsCoord benchmark. Shown are the total scores (lower is better) for the whole set of structures 
presented in the benchmark. A lower MaterialsCoord score means a radii set yields coordination numbers closer to the expected values, with 0 
being the ideal match score

Table 3  Results of an attempt to reproduce connectivities 
derived by a chemical perception pipeline [2] using derived 
bonding distances

Only 5 classes with the largest number of differences are shown for each kind 
of difference. In addition, five classes involving carbon and other organogenic 
elements are provided for reference. Column “New bonds” lists the number of 
newly assigned bonds by our bonding distances, while “Missing bonds” lists 
unreproduced bonds. Column “Common bonds” lists the number of reproduced 
bonds

Class New bonds Missing bonds Common bonds

C–Zn 11365 0 2189

C–K 5665 0 1511

Cu–Cu 3679 0 2114

Ag–Ag 2731 0 2199

C–Na 2730 0 315

...

C–C 53 0 7534316

C–O 15 0 956486

C–S 0 0 168082

C–P 0 0 201895

C–N 0 0 1463765

...

N–W 1 1187 1802

N–V 3 1239 1471

N–Ti 8 1699 3187

Mo–N 2 2014 2937

N–U 0 2643 1968
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Out of the classes with the most of newly detected 
bonds, only the new bonds in C–K class are proper bonds 
not detected by the chemical perception pipeline. Newly 
detected C–K bonds occur mostly in half-sandwich com-
pounds between potassium atoms bound to benzene 
rings, thus longer C–K bonding distance might be use-
ful in detecting such compounds. New bonds in other 
classes, C–Zn, Cu–Cu, Ag–Ag and C–Na, correspond to 
clearly nonbonded interactions between an atom and its 
second coordination sphere neighbours. For the class of 
C–Zn, a single component model is selected as the best, 
which results in the bond peak being placed at 2.49 Å.

The most populous classes of unreproduced bonds 
contain nitrogens in coordination interactions. In these 
cases the selected bonding distances are too short and 
miss proper coordination bonds.

Thus while the bonding distance-based connectivity 
criterion allows much more control over which interac-
tions should be regarded as bonds, it is more difficult to 
derive in an unsupervised manner. Lack of data, prob-
lems associated with outliers or model selection strongly 
affect the derived bonding distances, whereas bonding 
radii are much less sensitive to problematic classes due 
to them being averaged out by the less problematic ones. 
Therefore, with the current methodology, we recommend 
using bonding radii criterion over the one based on the 
bonding distances. Nevertheless we provide both the 
bonding radii and distance sets [43].

Radii set browser
To better assess and compare the different algorithms 
and the derived sets, we have developed an interactive 
website  [44]. The website facilitates browsing of calcu-
lated radii sets, comparing between different sets and 
reviewing the details of radii derivation. Radii are pre-
sented in the form of a periodic table, and a drop-down 
menu presents the option of switching between our radii 
sets and those published by other authors [7, 13, 14].

Clicking on a chemical element in the table opens a list 
of diagrams showing all the classes where the selected 
element participates in. Each diagram shows a class his-
togram, fitted Gaussian mixture model, detected van der 
Waals gap and the sum of radii of the participating ele-
ments. We have intensively used this website during the 
development of our methods.

Connectivity validator
We have created a website [45] exposing our connectiv-
ity validator which we have described in section  Com-
parison with a chemical perception pipeline. This website 
accepts uploads in structural data file (SDF) and chemi-
cal markup language (CML) formats, and highlights the 

differences between connectivity described in the input 
file and the one determined using our radii set.

Discussion
Biases
The derived radii set is greatly skewed towards organic 
environments due to the abundance of organic and 
metalorganic compounds in the COD. Weights of orga-
nogenic elements dominate the other elements in 
approximate least squares matrix solution, some of the 
rarer elements have contacts with organogenic elements 
only. Class sizes are shown in Fig. 5.

Classes are not free from outlier observations, warrant-
ing stricter structure selection criteria, which could result 
in exclusion of valid observations. In particular, it has 
been observed that relaxation-based criterion does not 
identify structures having insignificant amounts of atoms 
with significant displacements from their equilibrium 
positions. Moving such atoms to their equilibrium posi-
tions does not affect the unit cell, therefore no changes in 
crystal density are observed. A more sensitive approach 
would be to identify atoms with high potential energies.

Applicability
Our method of approximating the distribution of inter-
atomic distances with a Gaussian mixture and then 
selecting an antimode as a limit between bonded and 
non-bonded interactions has several limitations. All of 
them are related to the inability of our method to gener-
alise over the variety of chemical interactions.

Many interaction classes do not contain pronounced 
gaps in their densities. In some cases even antimodes are 
not present at all (as in unimodal mixtures, mixtures with 
components having very low proportions, or substan-
tially overlapping components), or are not pronounced. 
Cu–O class has a pair of antimodes, but both of them are 
still populated. Interestingly, first of the pronounced anti-
modes lands in between components of equatorial and 
axial interactions in complexes affected by the Jahn-Teller 
effect, both of which we would like to detect as bonds. 
Cu–Cu distance distribution is highly skewed towards 
longer distances and does not contain a gap; even the 
detected antimodes are not evident. A special case of this 
problem is the unimodal distribution where it is impos-
sible to say whether the mode contains bonded or non-
bonded interactions. Currently we treat this mode as 
containing bonded interactions, but this is clearly incor-
rect for element pairs which do not form bonds or of 
which bonded interactions are not observed in the COD.

Our method is sensitive to the absence and overrepre-
sentation of certain chemical environments. For example, 
F–F class (Fig.  3) is dominated by nonbonded F–F inter-
actions, therefore identification of the van der Waals gap 
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there is unreliable While this is a correct representation of 
F–F interactions, it needs ad hoc handling.

We have attempted to group classes by the shape of 
their distributions in an attempt to identify common traits 
and use them to apply different methods for separation 
of bonded and non-bonded interactions. We have used 
both two-sample Kolmogorov–Smirnov test and our own 
method of mixture model difference integral:

Where A and B are classes and pX (x) is a mixture model 
density function for class X. Both methods resulted in 
similar distance matrices, however, neither of them high-
lighted sensible clusters. Most likely neither of the meth-
ods is sensitive enough to detect the similarities evident 
to the human eye without being penalised for differences, 
usually in location and scale. We have attempted align-
ing the distributions and models using normalisation 
and matching of the components surrounding the per-
ceived van der Waals gap, but none of them yielded bet-
ter outcomes.

Usage
Radii for some of the elements in our set are missing due to 
the lack of observations in the COD (inert gases, most of 
the elements with Z > 83 ). Some sources suggest replac-
ing missing radii from the other radii sets or using fixed 
reasonable values [46]. We recommend taking the missing 
radii values from Pyykkö and Atsumi set.

Some of the other elements have unusually short or long 
radii, as evident from Fig.  1. Again, replacing them with 
values from other radii sets is a possibility. Another solu-
tion would be to average over all radii, or fitting a smooth-
ing spline to each of the periods. We suggest a conservative 
approach of averaging over the outlying radii values, how-
ever care should be taken to maintain the periodic trends.

Alternative connectivity heuristics
While the described radii sum heuristic is very widely used 
in practice, there are many ongoing efforts to improve it or 
present alternatives to them, summarised and evaluated 
in, for example, Pan et al. [12], which measures the perfor-
mance of various heuristics in the task of predicting coordi-
nation numbers in crystal structures. Some of the methods 
already incorporate Voronoi tessellation [42, 47, 48].

Conclusions
In this publication we present a method for unsupervised 
derivation of sets of bonding radii from crystallographic 
small molecule datasets. The devised method allows for 
fully automated bonding radii derivation, making the 

�(A,B) =

∫ 6

0
|pA(x)− pB(x)| dx

method suitable for periodic analysis of large crystallo-
graphic resources. This property is especially useful for 
deriving bonding radii from crystallographic databases, 
such as the COD.

In addition, we present a bonding radii set derived 
from the COD. The presented set follows the trends also 
visible in other widely used bonding radii sets. We have 
evaluated our bonding radii set by applying it on struc-
tures with known connectivities to find the apriori and 
derived connectivities to be in a good agreement.

It is clear that the bonding radii sum based methods 
will not supersede more precise methods which pay more 
respect to chemical environments. However, they have 
their place in the computational chemist’s toolbox as an 
indispensable approach for the derivation of connectivity 
when only the coordinates of atoms are known.
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