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unstable molecules in chemical
space†

Salini Senthil, Sabyasachi Chakraborty and Raghunathan Ramakrishnan *

A key challenge in automated chemical compound space explorations is ensuring veracity in minimum

energy geometries—to preserve intended bonding connectivities. We discuss an iterative high-

throughput workflow for connectivity preserving geometry optimizations exploiting the nearness

between quantum mechanical models. The methodology is benchmarked on the QM9 dataset

comprising DFT-level properties of 133 885 small molecules, wherein 3054 have questionable geometric

stability. Of these, we successfully troubleshoot 2988 molecules while maintaining a bijective mapping

with the Lewis formulae. Our workflow, based on DFT and post-DFT methods, identifies 66 molecules as

unstable; 52 contain –NNO–, and the rest are strained due to pyramidal sp2 C. In the curated dataset,

we inspect molecules with long C–C bonds and identify ultralong candidates (r > 1.70 Å) supported by

topological analysis of electron density. The proposed strategy can aid in minimizing unintended

structural rearrangements during quantum chemistry big data generation.
Fig. 1 Substructure analysis of QM9 molecules: (a) distribution of 3-
The central focus of all explorations in the chemical compound
space (CCS)—designed using mathematical graphs without any
bias—is to establish property trends across it, to steer efforts
towards synthesis and experimental characterization of mole-
cules with desired properties.1 Even a tiny fraction of CCS
spanned by small organic molecules, is too vast2 to exhaustively
cover with the conventional “one-molecule-at-a-time” simula-
tion paradigm. To tackle such hard problems, high-throughput
computation3,4 combined with big data analytics5,6 andmachine
learning techniques6–10 promises novel strategies—inuencing
nearly all aspects of ab initio molecular modelling. At the
inception of molecular big data, it is crucial to ensure that
equilibrium geometries are faithfully mapped to their desired
Lewis formulae.11–13

A previous high-throughput study presented density func-
tional theory (DFT) level geometries and static properties of the
QM9 dataset with 133 885 (134 k) closed-shell organic mole-
cules comprising up to nine C, O, N and F atoms.4 As of yet,
2.3% of this dataset—amounting to 3054 (3 k) molecules—
remains “uncharacterized”, where the reported geometries are
not in line with the intended Lewis structures encoded in their
original SMILES (Simplied Molecular Input Line Entry System,
denoted as SMI, henceforth) descriptors. This structural ambi-
guity stems from the fact that the initial atomic coordinates
have undergone rearrangements during DFT treatment due to
their intrinsic geometric metastability.14 Hence, the 3 k subset
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73
was excluded from other data-intensive explorations.15–18 Given
that the QM9 CCS is generated using graphs abiding the Lewis
octet formula, ambiguous DFT-level geometric stabilities re-
ported in ref. 4 can be attributed to three factors: (i) an inherent
chemical signature, (ii) initial geometries, and (iii) limitations
of the choice of the DFT model.
atom fragments in 3054 uncharacterized (cyan) and 130 831 stable
(red) molecules; the upper bound set to 2.5 k. (b) LASSO classification
success (in %) using 2, 3, and 4-atom fragment fingerprints for 1792
non-zwitterionic molecules from both sets with stoichiometric strat-
ification; feature vector size in parentheses. % success with increasing
features on the right.

© 2021 The Author(s). Published by the Royal Society of Chemistry

http://crossmark.crossref.org/dialog/?doi=10.1039/d0sc05591c&domain=pdf&date_stamp=2021-04-17
http://orcid.org/0000-0002-7288-9238
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d0sc05591c
https://pubs.rsc.org/en/journals/journal/SC
https://pubs.rsc.org/en/journals/journal/SC?issueid=SC012015


Edge Article Chemical Science

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

2 
m

ar
zo

 2
02

1.
 D

ow
nl

oa
de

d 
on

 1
9/

07
/2

02
5 

06
:2

3:
04

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
To identify a dominant chemical signature inuencing
stabilities across the QM9 molecules, we performed statistical
analysis based on 251 acyclic fragments with up to 4 atoms (see
Fig. 1). These feature vectors span a complete space including
all common functional groups; complete list is in the ESI.† All
substructures contained in the 3 k set are adequately repre-
sented in the stable set, as exemplied by the 3-atom fragment
distribution in Fig. 1a. Hence, the geometric instability of the
3 k molecules cannot be attributed to a single structural aspect.
To nd the most relevant features out of 251, we performed
a sparse regression analysis based on the least absolute
shrinkage selection operator (LASSO),19 more details in the
ESI.† Since only 433molecules from the 131 k set are zwitterions
while the 3 k set contains 1262 such entries, we performed
LASSO analysis only on the remaining 1792 non-zwitterionic
subset combined with another set of the same size and iden-
tical stoichiometries sampled from the 131 k set.

The performance of LASSO is quantied via percentage
success dened as 100 � (score � base)/(100 � base), where the
score is the fraction of entries correctly labeled by LASSO. For
a binary classication of data uniformly distributed over both
labels, a score of 50 is the base. Fig. 1b presents LASSO classi-
cation scores with an increasing number of features reaching
up to 81.3% success (> 150 features). The gradual increase in the
success rate with increasing features indicates a non-trivial joint
occurrence of multiple features to inuence geometric stability.
Since the number of possible structural variations leads to
a combinatorial catastrophe, it is desirable to prevent unwanted
geometric rearrangements in high-throughput CCS explora-
tions from a context independent of chemical factors.

Probing the role of initial geometries and the corresponding
theory used requires a robust protocol for efficient geometry
renements. To this end, we propose and benchmark an auto-
mated workow for connectivity preserving geometry optimi-
zations (ConnGO) using multiple tiers of quantum mechanical
approximations suitable for high-throughput explorations. The
proposed approach, illustrated in Fig. 2, was tested for a multi-
tude of control parameters—the choice of force elds (Fig. S1 &
S2†), optimizers (Fig. S3†), and combinations of methodological
tiers (Fig. S4†) —and only the best performing set up is dis-
cussed here, more details in the ESI.† ConnGO takes a le
containing the SMI as the input which is converted to 3D
Cartesian coordinates in the SDF format using Openbabel
2.3.2.20 These initial coordinates are relaxed with the Merck
molecular force eld (MMFF94)21 via the steepest descent
minimizer enforcing a tight threshold of 10�8 kcal mol�1 for
energy convergence. Henceforth, we denote these settings as
tier-1 in ConnGO; in Fig. S3† we show this setup to yield
superior performance over other variations. Geometries relaxed
at tier-1 are stored in the SDF format, with the same bonding
connectivities encoded in the corresponding SMI. All tier-1
geometries are further relaxed at tier-2; for this purpose, Har-
tree–Fock (HF) with a minimal basis set has been identied as
suitable among several methods (see Fig. S4†). To probe for
geometric rearrangements or dissociation, we use 2 metrics: the
maximum absolute deviation (MaxAD) of bond lengths corre-
sponding to covalent connectivities and their mean percentage
© 2021 The Author(s). Published by the Royal Society of Chemistry
absolute deviation (MPAD). In order to not rule out the possi-
bility of unusual structures, those with MPAD <5% and MaxAD
>0.2 Å are deemed pass in tier-2 if their tier-1 geometries have
bond lengths >1.70 Å.

Geometries converging at tier-2—fullling tier-1 vs. tier-2
pass criteria—are sent directly to tier-4 with the target DFT-
level, B3LYP/6-31G(2df, p), while those that fail enter the inter-
mediate tier-3, B3LYP/3-21G, starting with the tier-1 geometries.
Final optimized geometries from each tier are compared with
those from the previous tier and checked for changes in
connectivities. In addition, geometries are veried at tiers-2/3/4
for being a local minimum on the potential energy hypersurface
through vibrational analysis. SMIs of molecules failing tier-4 are
checked for zwitterionic character; when detected, such SMIs
are converted to their neutral forms that enter another iteration
of ConnGO. All tier-2/3/4 calculations were performed using the
Gaussian16 suite of programs.22 The documentation and
examples collected at https://github.com/salinisenthil/ConnGO
show how ConnGO can be modied to use with other soware
packages and methods beyond those utilized in the present
work.

For the stable 131 k set, we generated tier-1 geometries that
in comparison with previously reported4 DFT-level geometries
pass the ConnGO criteria. Hence, in this study, we only focus on
the remaining 3 k set. To maintain uniformity in the quality of
the 3 k nal geometries with respect to that of the 131 k set
studied before, we use the same DFT settings for tier-4. The
preference for this theory was motivated by the fact that the Gn
series of composite methods23 depend on minimum energy
geometries and scaled harmonic frequencies at this very level.
To illustrate the need for iterative geometry optimizations for
reliable high-throughput generation of molecular structures, we
identiedmolecules for which a direct target tier-4 optimization
starting with tier-1 geometry failed to converge. This is oen the
case when equilibrium structures at both levels differ substan-
tially, as illustrated in Fig. 3. Such situations benet from the
hierarchical treatment in ConnGO that exploits the nearness in
the theoretical models and introduces levels of intermediate
rigour. The cornerstones of quantum chemistry modelling,
Pople diagrams24 and Perdew's Jacob's ladder,25 have also
beneted from the nearness heuristic.

Upon analysis, we found 1262 entries of the 3 k set to be
zwitterions, of which 1125 failed in the rst round of the Con-
nGO ow (see Fig. 2). These molecules re-entered the workow,
starting with the corresponding neutral SMI; pass/fail statistics
are reported in Fig. S5.† Overall, the methodology proposed in
this study decreases the number of equivocal molecular cases
from 3054 to 229. In view of potential limitations of the B3LYP
method to treat complex bonding situations, these 229 mole-
cules were subjected to ConnGO based on the improved tier-4
settings: uB97XD/6-31G(2df,p), uB97XD/def2-TZVPP and
CCSD/6-31G(2df,p), further decreasing the number of unstable
molecules to only 66.

Demonstrating the chemical stability of this 66-set will
require more advanced treatments incurring prohibitive
computational costs. To facilitate future explorations, SMIs of
the unstable set are provided in List S1.† Among the 66
Chem. Sci., 2021, 12, 5566–5573 | 5567
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Fig. 2 Automated workflow for connectivity preserving geometry optimizations (ConnGO). The scheme is illustrated for the 3 k set with pass/fail
statistics. Geometries from hierarchically improvedmethods (tiers) are checked for connectivity conservation using the criteria highlighted in the
inset (top, right). At every tier, the final minimum energy geometry is compared with the initial one. Here, ConnGO takes 3054 SMIs as the input
and converges 2825 as the local minima when the tier-4 is B3LYP/6-31G(2df,p), while 163 molecules are subsequently stabilized with better tier-
4 options. Numbers in black denote pass/fail statistics when starting with unmodified smiles taken from the QM9 dataset. Numbers in blue stand
for failed zwitterionic molecules re-entering the ConnGO flow with a modified, neutral SMILES (see the right side of Fig. S5†).

Fig. 3 An example molecule from the 3 k set undergoing rearrangement during DFT optimization while starting with a force field geometry.
Successful optimization of the samemolecule with the ConnGOworkflow using an intermediate tier is also illustrated. Bond lengths and MaxAD
are in Å.

5568 | Chem. Sci., 2021, 12, 5566–5573 © 2021 The Author(s). Published by the Royal Society of Chemistry
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dynamically unstable molecules, 52 are heterocycles containing
an –NNO–moiety. Further analysis identies them to have 5-, 6-,
or 7-membered rings that dissociate via the pathways illustrated
in Fig. 4a. In all cases, the nal structure displays a broken NO
bond; their lability must arise from a subtle combination of the
ring structure and substitutions as there are 185 stable –NNO–
systems in the 2988 newly characterized set featuring conven-
tional NO distances (see Fig. S6†).

It has been previously noted that the simplest –NNO– 5-ring,
1,2,3-oxadiazole, undergoes ring-opening to form its diazo-keto
valence-tautomer.26 An earlier study27 based on a small basis set
predicted 1,2,3-oxadiazole to be unstable in the gas phase. The
samemolecule fused with a benzene ring, 1,2,3-benzoxadiazole,
has been characterized in an argon matrix using infrared (IR)
spectroscopy at 15 K.28 In Fig. S7,† using DFT methods we show
both these compounds to be dynamically stable. In this study,
we identify several bicyclic 5-ring compounds to be dynamically
unstable, resulting in NO s-bond cleavage. In Fig. 4, we present
a consolidated stability map of combinatorially generated
–NNO– containing 5/6-rings. While only some of the molecules
Fig. 4 Stability trends across–NNO– containing heterocycles: (a) Mecha
membered ring systems. (b) Effect of regio-selective substitutions on t
optimizations, the unstable structures (red crosses) undergo valence-ta
opening reaction path for an example 5-membered system. For a given
potential energies (E) are plotted for various levels of theory. (d) Effect of
heterocycles. All results are from the uB97XD/def2-TZVPP level unless s

© 2021 The Author(s). Published by the Royal Society of Chemistry
presented in this analysis feature in the QM9 set, the others
were generated afresh for a complete coverage. We nd the
combination of functional groups at X, Y and Z positions to
modulate the stability of the bicyclic rings; the unstable ones
undergo ring-opening valence-tautomerism to stabilize the
diazo-keto isomer (see Fig. 4a, b). When the group at the Z-
position is –CH2–, which is inductively electron-donating (+I),
the –NNO– ring is stabilized, Fig. 4b. Replacing the methylene
group with isoelectronic variants –NH– or –O–, containing
electronegative centers, promotes ring opening. When the Z
group is oxo, the choices at X and Y have no effect. The trends
noted here are mostly independent of the DFT methods. To
demonstrate this, we have plotted the reaction path for ring-
opening modelled at the HF, MP2 levels and with selected
DFT methods in Fig. 4c. Both HF and MP2 metastable proles
show a small barrier (<3 kcal mol�1) at rNO z 1.70 Å preventing
the molecule to escape to its dissociated form. On the other
hand, DFT methods show a vanishing curvature at rNO z 1.40 Å
indicating an inadequate well-depth to host vibrational bound
states for the ring structure. More conclusive characterization of
nistic pathways for ring-opening or fragmentation are shown for 5/6/7-
he dynamic stability of 5-membered heterocycles. During geometry
utomeric rearrangements to form the diazo-keto product. (c) Ring-
rNO, all other internal coordinates are relaxed and the corresponding
regio-selective substitutions on the dynamic stability of 6-membered
tated otherwise.

Chem. Sci., 2021, 12, 5566–5573 | 5569
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stability will require post-MP2 level treatments that become
prohibitively expensive for high-throughput explorations.

The 6/7-ring compounds undergo electrocyclic ring-opening
to dissociate into dienes and dienophiles (Fig. 4a). The regio-
selective stabilization of the 6-ring as a function of X, Y and Z
groups in the ring is illustrated in Fig. 4d. For xed X and Z, we
probed how the modulation of the ring current by + I groups at
Y- and Z-terminals will facilitate the retro Diels–Alder reaction.
Of the 36 compounds selected with variations at the Y-position,
we nd 14 to be unstable following a dissociation path. However
for variations made at the Z-position, the number of stable
compounds decreased indicating perturbation in the environ-
ment of the O atom of the –NNO– group to have a role in
diminishing the stability of the 6-ring. Of the 52 unstable
–NNO– systems, 3 are 7-rings dissociating into diene, N2 and CO
molecules as shown in Fig. 4a.

To understand the dependence of the covalent bonding
lability on the rigour of the theoretical method employed, we
performed topological analysis of electron density29 using the
Multiwfn soware.30 Fig. 5 presents the cases of 2 –NNO– con-
taining rings: 4H-1,2,3-oxadiazin-4-one (1) and 4H-1,2,3,5-
oxatriazin-4-imine (2); and 2 highly-strained molecules: 2-
Fig. 5 Dissociation trajectories of the selected molecules during optim
minima. –NNO– containingmolecules (top) and highly strainedmolecule
(2) & (4) are CCSDminima dissociating at the uB97XD level. BCPs are mar
bohr5, respectively. Red dots denote radical sites. All results are obtained

5570 | Chem. Sci., 2021, 12, 5566–5573
azatricyclo[3.3.0.02,8]octa-4,6-dien-3-one (3) and 2-oxatetracyclo
[4.2.1.01,4.03,9]nona-5,7-diene (4). In each category, one of the
molecules is stabilized at the CCSD level, but undergo ring-
cleavage at the DFT-level. The other molecule is stable at the
uB97XD level, while unstable at the B3LYP level. Although it has
been argued that the existence of a bond critical point (BCP) is
not direct evidence of bonding,31,32 qualitative conclusions can
be drawn from the electron density (r) and its Laplacian (V2r) at
the BCP.

Molecule (1) when relaxed at the uB97XD-level exhibits
a stable structure. The local minimum from the uB97XD level,
when further relaxed with B3LYP, fragments to 3-oxoprop-2-
enal and N2. Similarly, (2) that is stable at CCSD, fragments to
N-carboximidoylformamide and N2 when treated with uB97XD.
The dissociation of both molecules follows the pathway shown
in (Fig. 4a), highlighting 3 bond-breaking and 3 bond-making
processes. Molecule (1), at the uB97XD geometry shows quan-
titatively similar r and V2r at B3LYP and uB97XD, indicating
the electron density distribution to be very similar; nevertheless
the structure is a local minimum in only one of the methods.
B3LYP relaxation progresses with a gradual accumulation of r
along the NN bond, which is also reected by the corresponding
ization at a lower level where the initial structures are a higher-level
s (bottom): (1) & (3) are uB97XDminima dissociating at the B3LYP level;
ked by green spheres; r and V2r at BCPs are reported in e/bohr3 and e/
with the 6-31G(2df,p) basis set.

© 2021 The Author(s). Published by the Royal Society of Chemistry
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V2r becoming more negative. In contrast, r and V2r of the NO
and CN bonds consistently drop during relaxation, nally van-
ishing upon fragmentation.

Bond dissociation in the strained cases (3) and (4) are
marked by unusually long single bonds that are adequately
treated only when the theoretical level captures long-range
effects of electron correlation. Structural rearrangements in
(3) and (4) are driven by long CN (r ¼ 1.61 Å) and CC bonds (r ¼
1.70 Å), respectively. In both cases, the end product is a bir-
adical stabilized by an allylic conjugation. Topological analysis
indicates an increase in V2r to mark the onset of structural
rearrangements. While it may be argued that the unfavourable
description of the electron distribution, V2r $ 0, at the BCP of
a covalent bond—NO in (1) and (2), and CN/CC in (3) and (4)—is
a factor driving the dissociation, based on the evidence
tendered above their close dependence on the theoretical level
remains vague.

As a data-mining exercise to reveal structural diversity across
the curated QM9 dataset, we search for candidate molecules
with ultralong CC single bonds (rCC > 1.70 Å). Fig. 6 presents the
distributions of CC bond lengths for rCC > 1.60 Å; the results for
the entire range are presented in Fig. S8 & S9.† Even though the
search for long CC bonds is not new, the principles guiding the
Fig. 6 Distribution of long CC bond lengths (rCC) in the 131 k set (top)
and curated 3 k set (bottom). The insets show candidate molecules
with ultralong rCC with their QM9 indices in blue.

© 2021 The Author(s). Published by the Royal Society of Chemistry
detection of such evasive bonding remains largely unknown.33

One of the longest alkane bond lengths ever reported (1.704 Å)
is obtained by coupling a diamantane with a triamantane.34

While other reports have suggested longer bond lengths, the
exact classication of their characteristics—based on the frac-
tion of charge transfer/ionic/biradical interactions—requires
further investigations. Fig. 6 illustrates rCC > 1.60 Å and high-
lights the Top-10 candidates with a BCP; their geometries are
shown in List S2.† The structural variation across the systems
show that accruing a long CC bond is system-specic and
requires a careful balance between stabilizing and destabilizing
interactions within a molecule. Remarkably, all systems show-
cased in Fig. 6 contain at most 9 heavy atoms compared to those
identied in previous studies, which contain several main
group atoms. Furthermore, we identied 8 molecules in the
curated 3 k set with rCC > 1.90 Å (not shown in Fig. 6). Due to the
absence of a BCP along these long CC distances, we believe the
corresponding molecules to be of biradical nature with
a reduced bond order.

The longest bond length in Fig. 6 is noted for the pyramidal
conformer (point group, C4v) of fenestrane, at the B3LYP/6-
31G(2df,p) level, with rCC ¼ 1.77 Å agreeing with a previous
report.35 The same study also reported the CC distance dropping
to rCC ¼ 1.49 Å for the competing pyramidal conformer (point
group, D2d)—establishing that the thermodynamic stability of
these conformers goes beyond the scope of the present study. In
the curated 3 k set, the top candidate is 5,8-dioxatricyclo
[4.3.0.03,9]nonane with rCC ¼ 1.75 Å. To understand the sensi-
tivity of rCC to the theory, we studied the top-10 cases with
B3LYP and uB97XD using a large basis set; the SMI and results
from other methods are shown in Table S4.† The corresponding
bond lengths along with r and V2r calculated at the BCPs are
shown in Table 1. In general, bond lengths predicted with
B3LYP are overestimated compared to the uB97XD values. This
trend is also reected by the diminished values of r and its V2r

with B3LYP. Nevertheless, at the more accurate uB97XD,
a number of molecules exhibit rCC > 1.70 Å warranting further
investigations using more rigorous methods for quantitative
modelling of vibrational spectra, thermodynamic stability and
Table 1 Long CC bonds (in Å) for the top-10 molecules highlighted in
Fig. 6, computed by B3LYP anduB97XDmethods with the def2-TZVPP
basis set. In parenthesis are r (in e/bohr3) and V2r (e/bohr5) values at
the bond critical points. Missing values indicate dissociating molecules

Index

rCC (r, V2r)

B3LYP uB97XD

37 488 1.750 (0.161, �0.200) 1.700 (0.178, �0.268)
37 497 1.783 (0.153, �0.187) 1.712 (0.176, �0.277)
37 750 1.757 (0.155, �0.156)
37 993 1.716 (0.169, �0.239) 1.692 (0.177, �0.270)
38 078 1.746 (0.158, �0.169) 1.703 (0.173, �0.228)
39 170 1.751 (0.161, �0.188)
66 495 1.734 (0.174, �0.249) 1.705 (0.183, �0.289)
66 503 1.732 (0.174, �0.253) 1.704 (0.184, �0.292)
133 816 1.737 (0.256, �0.585) 1.699 (0.185, �0.300)
133 863 1.797 (0.130, �0.077) 1.735 (0.150, �0.145)
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competing rearrangement reaction pathways, suggesting
directions towards experimental detection.

In conclusion, an iterative scheme for automated geometry
optimization addresses the difficulties associated with
conserving covalent bonding connectivities in high-throughput
chemical space explorations. Out of 3054 molecules with
structural ambiguities, we curated 2988 using the workow
proposed in this study; the remaining 66 molecules are deemed
dynamically unstable. Of the newly characterized molecules,
2825 converged with B3LYP/6-31G(2df, p) tier-4. In the remain-
ing 163 converged with improved tier-4 settings, only ve
converged with a subsequent B3LYP/6-31G(2df, p)-level geom-
etry optimization. Including these 2830 entries, the QM9 data-
set now contains 133 661 optimized structures modeled at
a uniform level of theory, consistent with their intended Lewis
formulae. For small molecules studied here, the computational
overhead associated with preconditioning the geometry using
the ConnGO workow is about 3% of tier-4.

It is important to note that a conclusive diagnosis of the
unstable molecules as –NNO– heterocycles or those with pyra-
midal sp2 C—in combination with their unique chemical
environment—requires an accuracy better than that of DFT.
The unique balance between stabilizing and destabilizing
bonding factors makes the –NNO– containing 6- or 7-ring
metastable molecules potential candidates for high-energy
materials;36 the 6-ring maybe preferred—for; its only side
product is N2. Future studies can also tailor small organic
molecule with an ultralong CC bond, through rational modi-
cations of the systems presented in this work. While a universal
approach to characterize, a priori, whether a molecular struc-
ture will dissociate or rearrange is still lacking, automated
determination of BCP characteristics at the initial-guess
geometry could provide a remedy incurring additional compu-
tational costs. Further benchmarking of the strategy proposed
here can also begin with force elds containing anharmonic
terms,37,38 suitable for describing unusually long covalent
bonds. Big data initiatives must pay close attention to mole-
cules failing to converge and inspect their properties rather
than discarding them—as the factors behind their unusual
behaviour may stem from prospective chemical trends as of yet
unexplored.
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