Lai et al. Journal of Cheminformatics (2022) 14:85
https://doi.org/10.1186/513321-022-00663-y

Journal of Cheminformatics

An algorithm to classify homologous series

®

Check for
updates

within compound datasets

Adelene Lai'*"®, Jonas Schaub?®, Christoph Steinbeck’

and Emma L. Schymanski'

Abstract

adelenelai/onglai-classify-homologues.

Natural products, Exposomics, Pattern recognition

Homologous series are groups of related compounds that share the same core structure attached to a motif that
repeats to different degrees. Compounds forming homologous series are of interest in multiple domains, including
natural products, environmental chemistry, and drug design. However, many homologous compounds remain unan-
notated as such in compound datasets, which poses obstacles to understanding chemical diversity and their analyti-
cal identification via database matching. To overcome these challenges, an algorithm to detect homologous series
within compound datasets was developed and implemented using the RDKit. The algorithm takes a list of molecules
as SMILES strings and a monomer (i.e., repeating unit) encoded as SMARTS as its main inputs. In an iterative process,
substructure matching of repeating units, molecule fragmentation, and core detection lead to homologous series
classification through grouping of identical cores. Three open compound datasets from environmental chemistry
(NORMAN Suspect List Exchange, NORMAN-SLE), exposomics (PubChemlLite for Exposomics), and natural products
(the COlleCtion of Open NatUral producTs, COCONUT) were subject to homologous series classification using the
algorithm. Over 2000, 12,000, and 5000 series with CH, repeating units were classified in the NORMAN-SLE, PubChem-
Lite, and COCONUT respectively. Validation of classified series was performed using published homologous series
and structure categories, including a comparison with a similar existing method for categorising PFAS compounds.
The Onglai algorithm and its implementation for classifying homologues are openly available at: https://github.com/

Keywords: RDKit, Fragmentation, Algorithm, Scaffolds, Homologous series, Polymers, Environmental chemistry,

Introduction

Homologous series are groups of compounds that share
the same core structure with varying attached repeating
chemical subunits. These structurally-related compounds
occur in many areas of chemistry and can be represented
by Markush structures [1], as in the patent literature, or
as general molecular formulae, for example C F, . ,SO;H
(Fig. 1). In drug design, homologation is used as a molec-
ular modification strategy to construct series for lead
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optimisation [2], while homologous series are prominent
in pesticide synthesis [3], food [4], and material science
[5], as well as formulation chemistry [6] for applications
in myriad products such as cosmetics, surfactants, and
pharmaceuticals. In nature, homologous series occur as
natural products of multiple organisms including bacteria
[7], fungi [8], marine sponges [9, 10], birds [11], bees [12],
and avocados [13]. In the environment, synthetic com-
pounds consisting of homologous series are considered
anthropogenic pollutants, for example, surfactants that
have been identified extensively in wastewater [14—17],
and are classified as High Production Volume chemicals
because of their widespread production and use. Other
classes of environmental chemical pollutants containing
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Fig. 1 Example of a PFAS homologous series with general formula C ., ;SOsH. The series can be expressed using a generic structure that
comprises a repeating unit (CF,) and core(s), which may be one intact fragment or multiple disconnected fragments, as is the case here

homologous series include the ‘forever chemicals’ i.e.,
per- and polyfluoroalkyl substances (PFAS) [18-21], as
well as technical mixes of polymers such as chlorinated
paraffins [22, 23], both of which have been identified
extensively in the environment [24, 25], and can be con-
sidered as substances of Unknown or Variable composi-
tion, Complex reaction products, or Biological materials
(UVCBs) [26].

Within compound datasets, having molecules grouped
into homologous series can potentially advance several
areas of chemistry, for example their analytical identifi-
cation using liquid chromatography-high resolution mass
spectrometry (LC-HRMS). As the structural similarity
of homologous compounds can result in a trend in phys-
icochemical properties, homologous series often exhibit
characteristic comb-like elution patterns and constant
m/z-retention time shifts in LC-HRMS data. Such signals
are frequently detected in environmental samples, where
the constant m/z difference between signals is indicative
of the repeating unit’s mass and, in some cases, identity.
Consequently, their identification is of high interest,
especially since they form a relatively significant propor-
tion of environmental unknowns [27] (also known as
‘non-target compounds’). Various data-mining routines
[28-30] and screening tools [31] have been developed

to address this challenge, which usually involves try-
ing to match spectral features with database entries by
mass. However, interpreting the matches to find chemi-
cally related identifications ie., homologous chemical
series, remains extremely laborious for two reasons: (1)
the sheer number of possible (interconnected) homo-
logues in complex environmental samples, and (2) indi-
vidual homologous compounds are not linked to each
other within databases. Therefore, to address the latter,
having homologous compounds classified into series
within chemical databases would support environmental
chemists in assigning related chemical structure identifi-
cations to unknown but likely homologous mass spectral
features, series-by-series, where possible. Notably, this
advantage extends to chemists seeking to discover novel
natural products; if structures of the same homologous
series within a combined structural and spectral database
are annotated as such, their characteristic spectral simi-
larities and trends can be identified, which could expedite
the elucidation of previously unreported members of a
given series and hence aid the dereplication of spectral
data.

Another area of chemistry that would benefit from
classified homologous series in datasets is property pre-
diction. As homologous compounds are structurally
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similar, structure—property relationships are typically
predictable within a given series such that compounds
usually share similar properties or show a trend [32], e.g.,
the Wiener index to predict the boiling points of alkanes
[33], Kovats retention indices in gas chromatography to
predict analyte retention relative to alkanes [34], or the
effect of varying repeating unit chain length on insecti-
cidal activity [13]. In this way, data gaps in physicochemi-
cal properties for homologous compounds can be filled
using models based on series members that have prop-
erty data.

Studies of chemical diversity/activity within a given
chemical space may also benefit from homologous series
classification; instead of focusing on homologous com-
pounds that share repetitive structures and thus similar
properties, focus can instead be refined on areas with
interesting and varied properties. In other words, group-
ing together homologous compounds helps eliminate
redundancy in the investigated chemical space, as related
compounds can be considered group-wise instead of
individually. This capability is likely pertinent to medici-
nal chemists interested in interrogating chemical spaces
for diverse properties, or when developing screening
decks [35]. In turn, concise representations of a particu-
lar chemical space or screening deck may be desired,
which could be achieved by general formulae or Markush
structures for homologous compounds.

Despite these potential advantages, most compound
datasets do not contain homologous compounds classi-
fied into series. Instead, homologous compounds typi-
cally exist in databases as individual entities without
explicit association to one another. To the human eye,
homologous series are easily recognisable because of
their structural similarity; especially when dealing with
simple series and small numbers of chemical struc-
tures (10 s to 100 s), a trained chemist can easily classify
homologous series by hand as it is a relatively simple,
albeit time-consuming pattern recognition task. How-
ever, the sizes of today’s compound databases regu-
larly exceed hundreds of structures: as of August 2022,
PubChem [36, 37] and ChemSpider [38, 39] contain
over 110 million compounds each, while virtual screen-
ing libraries used for drug discovery are in the order of
billions [40]. Such scale renders manual classification of
homologous series impractical. Thus, automated meth-
ods using cheminformatic algorithms are needed.

The starting point for automated homologous series
classification is the detection of appropriate cores i.e., the
common fragment(s) shared by each member of a homol-
ogous series. As a series is defined by its core(s), correct
core detection by cheminformatic means is as critical as
it is challenging. Existing approaches for molecular sub-
structure analysis, in this case to automatically detect
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cores suitable for homologous series classification, fall
into three main categories. The first and most instinc-
tive approach is to consider potential cores as Maximum
Common Substructures (MCS) [41, 42]. However, try-
ing to find multiple possible MCS de novo amongst large
sets of molecules (>10,000) is computationally expensive
and would likely require additional clustering post-pro-
cessing steps to obtain the final homologous series. For
this purpose, previous work such as Kruger et al’s clus-
tering approach for chemical series classification [43]
has limited applicability because it would not generate
core structures specific enough to determine homolo-
gous series correctly. An alternative related approach is
to exploit pattern-mining algorithms, as homologous
series classification can be considered as a task of fre-
quent subgraph mining or graph-based substructure
pattern mining [44]. However, these methods require a
priori knowledge of a so-called minimum support value,
defined as the percentage of all graphs in which a given
subgraph must occur. In other words, users must know
and specify as input how many series there should be
within a given molecule collection, which is impossible to
know upfront for most compound datasets. Alternatively,
cores could be derived via graph representations of mol-
ecules leading to the generation of molecular frameworks
as introduced by Bemis and Murcko [45]. However, a sig-
nificant caveat therein is the required presence of ring
systems, which cannot always be assumed.

To address this gap in automated homologous series
classification, a free and open algorithm to detect homol-
ogous series within compound datasets was developed,
which to the best of our knowledge, is the first of its
kind. The algorithm was implemented in the RDKit as a
Python package called OngLai (pronounced ‘ong-lye’),
and is openly and freely available on GitHub [46] (https://
github.com/adelenelai/onglai-classify-homologues).
(OngLai has a double meaning in Hokkien: literally, pine-
apple and figuratively, fortune is coming’) The algorithm
input includes a user-specified repeating unit, which
forms the basis for the detection of cores that define
series. The core fragments are detected without a priori
knowledge of their structure, nor how many are present
within a given dataset. This result is achieved through
successive repeating unit substructure matching and mol-
ecule fragmentation steps. Identified homologous series
are generated as output, with each compound assigned a
number indicating series membership. For a given run of
the algorithm, series membership is unique for each mol-
ecule as there is only one core fragment result possible
once all repeating units have been removed. However, a
molecule could in theory belong to multiple homologous
series if multiple runs of the algorithm are performed
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with different settings specified each time, e.g., different
repeating unit.

OngLai was used to classify homologous series within
three major chemical collections containing compounds
from environmental chemistry, exposomics, and natu-
ral products. These collections were chosen to highlight
the prevalence of homologous compounds in such var-
ied research domains as well as to demonstrate the broad
applicability of OngLai. The first of these three collec-
tions, the NORMAN Suspect List Exchange (NORMAN-
SLE) [47], comprises synthetic chemicals suspected to
be present in the environment such as pesticides, phar-
maceuticals, surfactants, food-contact chemicals, and
those used in industrial applications, like PFAS [48].
The NORMAN-SLE contains 99 so-called ‘suspect’ lists
of chemicals hosted by the NORMAN Network, which
are used for suspect screening mass spectrometry data
generated from measuring environmental samples [47].
The second collection, PubChemLite for Exposomics
(PubChemlLite), is a subset of PubChem that aims to cap-
ture the chemical space relevant for exposomics [49], the
study of exposures to chemicals over time. PubChem-
Lite therefore contains chemicals associated with both
metabolism and disease (e.g., ‘Biomolecular Interactions
and Pathways, ‘Associated Disorders and Diseases’ etc.),
and environmental chemicals (e.g., ‘Agrochemicals; ‘Drug
and Medication Information’ etc.). Finally, the COlleC-
tion of Open Natural prodUcTs (COCONUT) is a com-
pilation of natural product compounds from over 50
open data resources and manually curated datasets from
the literature [50, 51]. It is currently the largest open col-
lection of natural products that is freely available online.
Natural products consist of compounds produced by
organisms such as bacteria, fungi, animals, and plants
over the course of various life processes, and because of
their potentially high bioactivity, natural products are of
great interest for drug discovery. Selected homologous
series classified by OngLai in these three collections are
reported here.

Additionally, OngLai’s results were validated against
published homologous series and PFAS structure cat-
egories from the 2018 OECD PFAS definition [52]. The
latter is of particular interest to regulatory stakehold-
ers, as PFAS categorisation remains a high-priority task
in effort to catalogue and assess the environmental risks
of these compounds. A comparison of OngLai to split-
PFAS [53], an automated method based on SMARTS
[54] matching developed to support PFAS categorisa-
tion efforts, was also performed. Previously, PFAS had
been manually classified by experts for the 2018 OECD
definition to provide common terminology for stakehold-
ers to communicate, research, and regulate these com-
pounds given their widespread uses and potential adverse
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environmental and health effects. With an ever-growing
number of PFAS compound registrations and detections
in environmental samples, these so-called ‘forever chemi-
cals’ and their categorisation remain of high priority to
various stakeholders interested in their future registra-
tion, use, and regulation.

Methods

Algorithm and implementation

Onglai was developed and implemented using the
RDKit (RDKit version 2021.09.4 [55, 56] and Python
version 3.7 [57]) and is openly and freely available on
GitHub  (https://github.com/adelenelai/onglai-classify-
homologues). OngLai is designed to be run in the com-
mand line; more information is available in the GitHub
README file.

Within a set of input molecules given as SMILES
strings, OngLai detects homologous series by first detect-
ing cores. It does this by substructure matching chains
of user-specified repeating units, then fragmenting the
molecules a specified number of times to remove these
chains. Molecules with the same remaining core frag-
ments are then grouped together into what is considered
a homologous series. The sequence of the algorithm’s
steps is provided in Fig. 2 and described in more detail
below.

Onglai requires two main inputs: the first is a CSV
file with a minimum of two columns containing SMILES
representations and molecule names (column names can
be specified in the command line according to the data-
set used; additional columns will be ignored). In a pre-
processing step (Fig. 2), the SMILES codes are parsed
and checked for validity ie., whether they can be con-
verted into sanitised molecule objects within the RDKit.
Unparseable SMILES strings are discarded. Molecular
sanitisation is a RDKit concept that ensures molecules
are ‘reasonable’ i.e., can be represented by Lewis struc-
tures with complete octets, and that properties such as
ring membership and hybridisation can be calculated for
each atom [58].

The second input is a repeating unit of choice,
expressed as a SMARTS string. For example, the repeat-
ing unit of a series of homologous molecules defined
by a growing alkyl chain would be —CH2—-, represented
as ‘[#6&H2]" in SMARTS. The definition of a suitable
repeating unit is crucial because it determines which
cores, and therefore which homologous series, will be
detected. Importantly, the starting and terminal atoms
of this repeating unit SMARTS string should have open
valences such that it is chemically feasible to create a
linear chain by concatenating the SMARTS (Fig. 2, ‘Pre-
processing’). Thus, the repeating unit SMARTS strings
must be defined from connection point to connection
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Fig. 2 Overview of Onglai algorithm steps to classify homologous
series in a set of input molecules. RU represents repeating unit(s)"
Green boxes indicate outputs in SMILES format

point. Example repeating unit SMARTS inputs are pro-
vided in Table 1.

Once pre-processing is complete, repeating unit chains
are enumerated according to the first of two user-cus-
tomisable settings: the minimum and maximum lengths
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of the repeating unit chains (Table 2). This setting ulti-
mately determines whether repeating units are consid-
ered present or absent in the input molecules (Fig. 2,
first dark blue rhombus); the default minimum length of
3 is recommended to avoid detections of trivially short
repeating unit chains that likely occur frequently in many
molecules. Each of the enumerated repeating unit chains
is searched within each molecule as potential substruc-
ture matches. The result (HasSubstructMatch=1 or 0)
is recorded as an element within a NumPy array, one
array per input molecule. If the sum of the array elements
is equal to zero, the molecule does not contain at least
1 repeating unit chain of the specified minimum length
and is then eliminated from further analyses (Fig. 2, first
green box). Having established that the remaining mole-
cules contain repeating units, OngLai proceeds with core
detection via molecule fragmentation to separate repeat-
ing unit chains from core structures. The default setting
for the number of molecule fragmentation steps is 2
(Table 2) but can be customised if more than two repeat-
ing unit chains are expected to be present in the input
molecules. The accuracy of core detection and homolo-
gous series classification would technically be unaffected
by setting a higher number of fragmentation steps than
is actually needed, albeit at the expense of longer com-
putation times. Each time during fragmentation, only
one—the longest—repeating unit chain is detected, then
removed to ensure ‘clean’ core detection without leftover
repeating unit fragments. Importantly, only one repeat-
ing unit chain is removed per fragmentation step, even
in the case of symmetrical molecules or molecules that
otherwise have multiple identical longest repeating unit
matches (see Fig. 8 in “Discussion” for further details).

Molecule fragmentation is achieved using RDKit’s
ReplaceCore function, which introduces a dummy
atom at each fragmentation site that is then replaced
with a hydrogen atom. However, if the remaining mol-
ecule object for a given molecule is empty, it means the
input molecule is made purely of repeating units and
is reported as such (Fig. 2, second green box). Other-
wise, the remaining fragment(s) is considered the core,
which can consist of a single or multiple disconnected
fragments.

In a final step, molecules are classified into homolo-
gous series; those with identical cores (same number and
identity of fragments) are deemed members of the same
series. Molecules with unique cores, i.e., cores that occur
only once in the entire dataset, are considered ‘mol-
ecules that do not form series’ (Fig. 2, third green box).
In this way, the results of the OngLai are entirely dataset-
dependent, as input molecules and consequently their
resulting cores are necessarily compared to each other
in the homologous series detection process, meaning
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Table 1 Example repeating units and their SMARTS representations that are suitable for input to Onglai. The default repeating unit is

alkyl (CH,)

Repeating unit pseudo-SMILES

Repeating unit chemical name

SMARTS (OngLai input)

CH, Alky! [#6&H2]

CH,CH,O Ethoxy [#8]-[#6&H2]-[#6&H2]

CH,CH,CH,0 Propoxy [#8]-[#6&H2)-[#6&H2]-[#6&H2]

CF, Perfluoroalky! [#6](-[#9D)(-[#9])

CF,0 Perfluorinated methyl ether [#8]-[#6] (-[#9))(-[#9])

CF,CF,0 Perfluorinated ethyl ether [#8]-[#6](-[#9])(-[#9])-[#6](-[#9]) (-[#9])

CH,C(CH;) =CCH, lsoprene [#6&H2)-[# ](-[#6&)—131):[ 6]-[#68&H2]

Table 2 User-customisable settings of Onglai to specify The NORMAN-SLE dataset used here is an aggre-

‘repeating unit options'in the command line gation of the suspect lists that were compiled by the

Setting Format Default NORMAN Network from various environmental chem-
istry researchers around the world. The exact dataset

Minimum and maximum lengths of Integer Min.=3 originated from the ‘NORMAN Suspect List Exchange

repeating unit chains Max =30 Classification’ on PubChem’s Classification Browser

No. fragmentation steps Integer 2

the co-presence or absence of possible series members
determines series classification. A comparison of cores
for equality is performed using sanitised canonical RDKit
SMILES representations.

A CSV file is generated as output containing the fol-
lowing columns: ‘SMILES’ (only those sanitisable by
RDKit), ‘Name, and ‘series_no. Series membership is
encoded in the ‘series_no’ field, as are the other afore-
mentioned results (Fig. 2, green boxes) as shown in
Table 3. Additionally, an overview of the classification
results is provided as output, written to a TXT file called
‘classification-results’

Datasets

OngLai was applied to three different datasets, NOR-
MAN-SLE [47, 48] used in environmental chem-
istry, PubChemlLite [49, 59] used in exposomics/
metabolomics, and COCONUT [50, 51] in natural prod-
ucts research, respectively. All the datasets are openly
available (see Additional file 1 Sect. 1.2, Declarations and
References).

(downloaded 2022-03-21) [60, 61]. Using the PubChem
Identifier Exchange Service [62], the molecules in NOR-
MAN-SLE were mapped to their Parent CIDs (Operator
Type: ‘Parent CID’) to remove salts, charged ions, and
mixtures. Stereochemical information is preserved in this
process if originally present. Conversion of 115,115 input
compounds to Parent CIDs resulted in a final dataset of
98,116 ‘parent’ compounds that were downloaded in CSV
format via PubChem. The second dataset, PubChem-
Lite for Exposomics (v.1.8.0), contains 392,465 mol-
ecules and was downloaded from Zenodo [49, 59] and
used as-is. PubChemlLite compounds have both neutral
(InChIKey second and third blocks: UHFFFAOYSA-N)
and non-neutral stereochemistry. During PubChemLite
development, the stereochemical-neutral version was
preferentially selected if available, otherwise a struc-
ture with stereochemistry was included; further details
can be found in the original paper [49]. COCONUT,
containing 407,270 molecules (v.11/2021 [50, 51]), was
downloaded as SMILES (CDK Unique SMILES [63], i.e.,
representations without stereochemical information) and
used as-is. The specific versions of these datasets used
are archived on Zenodo [64]. Specific instructions for

Table 3 Interpretation of ‘series_no’ encoding as part of the output from homologous series detection. N+1 is the number of

homologous series that were detected by OnglLai in a given dataset

Series_no Interpretation

0-N Molecules that form homologous series

-1 Molecules with no repeating units matches of minimum chain length specified
-2 Molecules made purely of repeating units

-3 Molecules that have repeating units matches of minimum chain length speci-

fied but that do not form series (unique cores)
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running the algorithm on these datasets are available in
the GitHub README file https://github.com/adelenelai/
onglai-classify-homologues.

Validation and comparison with existing methods
Validation of OngLai was performed in two ways, by
comparing the homologous series it classified in NOR-
MAN-SLE with (1) published homologous series, and (2)
published structure categories.

Published homologous series are available in two sus-
pect lists from the NORMAN Suspect List Exchange:
S7 EAWAGSURF [65], and S23 EIUBASURF [66], which
both contain surfactant compounds with CH, and CCO
repeating units. Homologous series in these two com-
pound lists are explicitly indicated by ‘SurfactantCode’ or
‘Name’ column entries, where members of a given series
follow a sequential naming convention e.g., ‘C10-LAS;,
‘C11-LAS; and ‘C12-LAS’ forming the ‘Cx-LAS’ series, or
‘Amines, coco 10 EO, ‘Amines, coco 11 EO, and ‘Amines,
coco 12 EO’ forming the ‘Amines, coco x EO’ series
(x=10-12 in both examples). Validation was performed
by comparing homologous series classified by OngLai in
the NORMAN-SLE dataset with those published in these
lists that were downloaded and used as-is.

Published ‘Structure Categories’ determined by experts
for the 2018 OECD definition pertain to PFAS com-
pounds containing CF, repeating units obtained from the
NORMAN-SLE Classification Tree in PubChem under
S§25 OECDPFAS [52]. These lists of compounds were
downloaded from PubChem per structure category via
the Identifier Exchange Service and mapped to Parent
CID as described above. Validation using these ‘Structure
Categories’ proceeded as follows: molecules in a given
homologous series classified by OngLai were inspected
to see how many structure categories they belonged to,
assuming that correctly classified series should have mol-
ecules belonging to the same single structure category.

To facilitate validation, a Python script was used to
merge OngLai’s CSV output (by InChIKey) with (1) the
published homologous series and (2) published structure
category CSV files respectively. Then, the merged data
were manually inspected. The script and all CSV files
resulting from this validation analysis are available in the
Additional file 1: Sect. 3.

To compare OngLai to an existing method for catego-
rising PFAS compounds called splitPFAS, OngLai was
additionally applied to the 770 PFAS listed in the Supple-
mentary Information file of Sha et al. [53] Homologous
series with CF, repeating units detected by OngLai in
NORMAN-SLE were compared with the categorisation
results of splitPFAS. In the original paper, 770 PFAS were
systematically divided into 4 categories with general for-
mulae C F,  ;-X-R: perfluoroalkanoyl (X=CO), sulfonyl
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(X=S0,), n:1 fluorotelomer (X=CH,), and n:2 fluoro-
telomer (X=CH,CH,). For comparison purposes, com-
pounds with the same X and same R groups but differing
n are considered to form homologous series (henceforth
referred to ‘splitPFAS series’). Python code used to pre-
pare and analyse the splitPFAS dataset and all results
from the comparative analysis are available in Sect. 4 of
Additional file 1.

Results and discussion

Onglai was applied to 3 different datasets by running
the Python script in the command line within a conda
environment containing the RDKit. The script and all
necessary modules are provided in the OngLai package
on GitHub (see https://github.com/adelenelai/onglai-
classify-homologues for the full list). A compute server
with two Intel(R) Xeon(R) Silver 4114 CPUs and 64 GB
of RAM was used in single-thread mode. OngLai’s
default settings (Table 2) were applied, including using
‘[#6&H2]" corresponding to CH, (alkyl) as the repeat-
ing unit SMARTS input (Table 1). Detection of homolo-
gous series by OngLai in NORMAN-SLE, PubChemlLite,
and COCONUT datasets using these parameters took
approximately 2, 16, and 35 min respectively. Two further
runs of the algorithm were performed on each dataset
using ‘[#8]-[#6&H2]-[#6&H2]" and ‘[#6](-[#9])(-[#9])" as
repeating unit SMARTS input, corresponding to CCO
(ethoxy) and CF, (perfluoroalkyl) respectively; for valida-
tion, the homologous series detected in the NORMAN-
SLE dataset were compared to the published lists as
described above. Additionally, OngLai was also run on
the 770 PFAS compounds used in the splitPFAS study for
comparison.

This section is divided into two parts. First, an over-
view of the homologous series with CH, repeating
units classified in the three datasets is provided, includ-
ing an interpretation of OngLai’s outputs, validation of
the CH,, CCO and CF, series classified in NORMAN-
SLE, and comparison with splitPFAS. Then, the second
part focuses on the implementation and behaviour of
OnglLai’s underlying algorithm, demonstrated in detail
using selected examples of classified homologous series.

Homologous series classified in NORMAN-SLE,
PubChemlLite, and COCONUT

Thousands of homologous series with CH, repeating
units were detected by OngLai: in total, 2098 in NOR-
MAN-SLE, 12,105 in PubChemlLite, and 5329 in COCO-
NUT respectively. These series were detected using the
default settings of the algorithm (Table 2). The size dis-
tributions of the homologous series classified are shown
in Fig. 3, while Table 4 provides a summary of the overall
results. Complete series classification results are available
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Fig. 3 Numbers of homologous series with CH, repeating unit detected within the three datasets, sorted by series size (only series sizes up to 10
molecules shown here). The algorithm's default settings were used, as listed in Table 2

Table 4 Summary statistics of detected homologous series with CH, repeating units in the three datasets. The algorithm’s default
settings were used, as listed in Table 2. Full details and results are available in Additional file 1: Sect. 2

NORMAN-SLE PubChemlLite COCONUT
(n=98,116) (n=392,465) (n=407,270)

No. of homologous series detected 2098 12,105 5329

No. of molecules classified as members of homologous series 8775 82,476 18,528

No. of molecules consisting purely of CH, repeating units 0 0 0

No. of molecules containing CH, repeating units but not forming homolo- 10,778 35111 36,864

gous series (unique cores)

No of molecules not containing CH, repeating units 78,559 274,861 351,527

No of molecules discarded from analysis (failed sanitation) 4 17 351

in Sect. 2 of the Additional file 1. Notably, most series
detected comprise only 2 molecules, similar to chemi-
cal series classified within drug discovery projects [68].
Overall, there are more small series than there are large
series, as evident in the series size distributions (Fig. 3),
which may imply a high chemical diversity in the respec-
tive databases.

The proportion of molecules that were deemed mem-
bers of CH, homologous series given the default settings
used were 9% for NORMAN-SLE, 21% for PubChem-
Lite, and 5% for COCONUT (Table 4). Approximately
10% of each dataset consists of molecules that contain
CH, repeating units, but do not form homologous series,
meaning the detected cores are unique within the respec-
tive dataset. The majority (70-86%) of all molecules in
each dataset do not contain CH, repeating unit chains of
minimum length 3 repeating units (Table 2, default algo-
rithm setting), i.e., there were no substructure matches
found in those molecules using the following SMARTS
query: ‘[#6&H2]-[#6&H?2]-[#6&H?2], representing the

structure ‘CH,CH,CH,’ in pseudo-SMILES. Overall, less
than 5% of molecules were discarded from the analysis
because they were either not parseable by the RDKit due
to valence model violations e.g., pentavalent carbons, or
the SMILES strings were invalid (reported to the respec-
tive data maintainers).

Notably, zero molecules consisting purely of CH,
repeating units were detected across the three datasets.
Instinctively, one would think alkanes such as propane,
butane, and pentane fall into this category, but they do
not because the terminal carbon atoms in these alkanes
are bonded to three H atoms and not exactly two, as
specified in the SMARTS representing CH, repeating
units (Table 1, ‘[#6&H?2]’). Therefore, alkanes are con-
sidered to form their own homologous series by OngLali,
with the terminal carbon atoms ultimately forming the
core (‘H;C. CHj in pseudo SMILES). This result high-
lights how the specificity of the SMARTS repeating unit
definition directly determines the homologous series
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classified, which is further discussed in “Effect of repeat-
ing unit SMARTS specification on homologous series
classified”.

Details of the CCO and CF, homologous series
detected in the three datasets are available in Additional
file 1: Sect. 2. Notably, 64 molecules in COCONUT were
classified into 23 homologous series with CF, repeating
units. These molecules do not appear to be natural prod-
ucts and should be removed in future curation exercises
of natural product space. As these molecules have been
classified into series, entire series of these non-natural-
product-like molecules can be removed together instead
of having to search and remove these molecules on an
individual basis. These findings have been reported to the
COCONUT database maintainers [69].

Validation of classified series

The validation of homologous series classified in NOR-
MAN-SLE was performed in two ways: (1) by comparing
classified series with published homologous series, and
(2) by inspecting their homologous compound member-
ship within published structure categories. All validation
results described below are available in Sect. 3.3 of Addi-
tional file 1.

Validation with published homologous series

As shown in Table 5, the majority of CH, and CCO
homologous series detected in NORMAN-SLE were in
overall agreement with published homologous series
in 87 and S§23 (62%, 60%, 80%, 64% ‘Full Match’ respec-
tively). Partial or mixed classifications arose due to vari-
ous factors such as suboptimal algorithm settings for
that particular series of molecules (e.g., the minimum
repeating unit chain length of 3 was too long), or differ-
ences in stereochemistry specificity across molecules
that would otherwise belong to the same series within
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NORMAN-SLE. Less than 5% of homologous series were
not identified by OngLai across all repeating units and
published homologous series because of either of the two
aforementioned factors. An example of published homol-
ogous molecules that were not classified by OngLai is the
‘Cx, sorbitan monoester, 20 EO’ series. This series is listed
in §23 EIUBASURF as having two molecules (x=12 and
18). In the NORMAN-SLE dataset however, the C,, spe-
cies has no stereochemistry specified, but the C,; species
does, thus causing them to have different cores detected,
resulting in the series not being classified by OngLai
(Fig. 4; further discussion on stereochemistry below). In
this sense, OngLai provides a more specific classification
of homologous series than what is listed and indicated
by the Name field in $23 EIUBASUREF, as it distinguishes
between levels of stereochemical information specificity
that were not captured by the naming convention used in
8§23 EIUBASURF.

Importantly, validation using published homologous
series in the S7 and S23 datasets was possible because of
the naming convention used by the datasets’ curators. For
example, in these datasets, compounds with the names
C9-LAS, C10-LAS, C11-LAS, and C12-LAS clearly
belong to the Cx-LAS series. The fact that homologous
compounds in these datasets can be recognised just from
their names without any inspection of their chemical
structures supports the use of these lists as independ-
ent sources of information ideal for homologous series
validation.

Validation with published structure categories

Similar results were obtained in the validation of classi-
fied homologous series with CF, repeating units using
the OECD’s PFAS Structure Categories: 50% of the 600
homologous series detected contain molecules that
belong to the same single Structure Category within the

Table 5 Validation by comparing homologous series in NORMAN-SLE classified Onglai with published homologous series containing
CH, and CCO repeating units. Series in S7 and S23 were manually compared to Onglai results. Full Match indicates a 1:1 relationship
between published series and series classified by Onglai. Homologous series from NORMAN-SLE containing molecules that are not in
the published homologous series list or vice versa, but that otherwise match, are also considered Full Matches (or as available’). Partial
or Mixed Classification indicates either a 1:n relationship between published homologous series and homologous series classified
by the algorithm, or that certain molecules were not classified together with the others in a given published series. Full details in

Additional file 1: Sect. 3.3

List containing published  Repeating unit

No. of published homologous series

homologous series

Full match (oras  Partial or mixed Not classified by Presentin list, absent Total
available) classification OnglLai in NORMAN-SLE
S7 EAWAGSURF CH, 8 5 0 0 13
CCo 6 4 0 0 10
S23 CH, 105 17 6 4 132
EIUBASURF cco 62 35 0 0 97
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C12 sorbitan monoester, 20 EO

Published Homologous Series in S23 EIUBASURF:
Cx sorbitan monoester, 20 EO

C18 sorbitan monoester, 20 EO
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Fig. 4 Example of 2 homologous molecules that were not classified as a series (CH, repeating units) by OngLai. The ‘Cx sorbitan monoester, 20 EO’
series is published in 523 EIUBASURF, but was not classified by the algorithm because of differing stereochemistry within the NORMAN-SLE dataset,
and therefore different cores detected. Full details are in Additional file 1: Sect. 2

respective series (Table 6). The remainder corresponds
to homologous series containing molecules belonging
to more than one Structure Category (10% of all series
classified), no Structure Category (22.5%), or a mixture
thereof (17.5%) within the same series.

Two examples of molecules grouped into the same
series having different OECD Structure Categories are
shown in Fig. 5. The molecules in the first series (Fig. 5,
top panel) belong to two different Structure Categories:

Table 6 Comparison of published Structure Categories for PFAS
compounds containing CF, repeating units with homologous
series classified by OnglLai in the NORMAN-SLE dataset. Structure
categories are published in the 2018 OECD PFAS report [52, 67]

Series Series Series Series with Total
with 1 with>1 withno combination series
structure structure structure of no classified
category category category structure by
category Onglai
and>1
structure
category
No.of 301 59 135 105 600
CF,
homol-
ogous
series

Category 406.01 corresponding to fluorotelomer epoxides
(CnF2n+114+CH2=CHCH20H ->CnF2n+1-CH2CH(I)
CH20H ->CnF2n+1-CH2(CHCH20)); and Category
607 corresponding to perfluoroalkyl epoxides & deriva-
tives (CnF2n+ 1-epoxides). Another example (Fig. 5, bot-
tom panel) has molecules in the same classified series that
do not belong to any Structure Category and a combina-
tion of Structure Categories 404 —n:1 fluorotelomer-based
non-polymers (CnF2n+ 1-CH2-R); 404.02 —n:1 FT (meth)
acrylate (CH2-OC(=O)CH=CH2); and 410—n:1 FT
(meth)acrylate (CH2-OC(=0)CH=CH2). The last molecule
in the series does not belong to any OECD Structure Cate-
gory because it is absent from the original S25 OECDPFAS
list, but was present in the NORMAN-SLE because it origi-
nated from other lists (e.g., S46 and S71) that make up the
PFAS within NORMAN-SLE.

These mixed results are attributable to the broader defi-
nitions of Structure Categories compared to homologous
series; the former often contain a mixture of homologous
and non-homologous molecules. Per the 2018 OECD
definition, a Structure Category can represent various
properties, such as sharing a common general formula,
varying functional groups, and/or being derivatives of
the same compound e.g., ‘category 101: perfluoroalkyl
carbonyl halides (CnF2n+ 1-C(=)R, R=F/Cl/Br/I)’ and
‘category 202: perfluoroalkane sulfonic acids (PFSAs),
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2-(1,1,2.2.3.3 3-Heptafluoropropyl)oxirane
Structure Category 406.01

2-(11.2.2,33.4.4 4-Nonafluorobutyl)oxirane
Structure Category 406.01

r I
Oxirane, (heptadecafiuorooctyl)-
Structure Category 607
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Structure Category 404
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22334,45566,7,788.99-Hexadecafluorononyl methacrylate
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Structure Category 404.02
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Fig.5 Examples of classified homologous series with CF, repeating units composed of molecules belonging to different OECD Structure
Categories. Molecules from the NORMAN-SLE dataset (series_no=11 and 13, Additional file 1: Sect. 2)

Comparison with existing method for categorising PFAS:

their salts and esters (R=0OH, ONa, OCH3, etc.). These
relatively broader categories likely reflect some of the
challenges of assigning Structure Categories to numer-
ous PFAS in a manual fashion, as was done for the 2018
OECD PFAS definition. As manual assignment is prone
to typographical errors, wrong assignments, or inconsist-
ent assignments, cheminformatic-based tools for auto-
mated assignment of Structure Categories are highly
desirable and warranted [53, 70, 71].

Overall, as approximately 50% of CF, series classified by
OngLai in the NORMAN-SLE dataset contain molecules
belonging to the same OECD Structure Category, there
appears to be reasonable consistency in the 2018 OECD
manual categorisation of PFAS. Given that the homologous
series classified by OngLai have stricter definitions in terms
of chemical structure similarity, OngLai’s results could sup-
port or inform future OECD efforts to subcategorise PFAS.

splitPFAS

OngLai was applied using the same compute server
described above to the 770 PFAS compounds that were

Table 7 Summary statistics of detected homologous series with

CF, repeating units in the splitPFAS dataset

splitPFAS
dataset
(n=770)
No. of series detected 132
No. of molecules classified as members of homologous 540
series
No. of molecules consisting purely of CF, repeating units 0
No. of molecules containing CF, repeating units but not 196
forming homologous series
No. of molecules not containing CF, repeating units 34
No. of molecules discarded from analysis (failed sanitation) 0
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originally categorised by splitPFAS. In approximately
2 min, 132 homologous series with CF, repeating units
were classified (Table 7). These results were compared
with those of the splitPFAS tool (XLSX file in Supple-
mentary Information of Sha et al. [53]). For compari-
son here, molecules in a given PFAS category out of the
four outlined by Sha et al. that share identical R groups
are assumed to be homologous series because they
have the same general formula (same X and R groups in
C,F,,11-X-R). These series will henceforth be referred to
as ‘splitPFAS series. There were 124 of such splitPFAS
series found in Sha et al’s work; OngLai detected 132
homologous series (full details in Sect. 4 of Additional
file 1).

Comparison of the series classified by OngLai and split-
PEAS series generally shows good agreement between the
two methods in terms of their matching results. However,
there are some differences in the number of series and
composition of certain series which can partly be attrib-
uted to the fact that some PFAS were not categorised by
splitPFAS, but were classified as homologous series by
OngLai. The reason for this result is because within split-
PFEAS outputs, no X groups were detected for these mol-
ecules by splitPFAS. Consequently, in the results XLSX
file, these molecules have ‘NA’ in their ‘SplitSMARTS
(X)" column, attributed to ‘No splittable bond found for
the input molecule’ Associated error codes provided as
splitPFAS output explain the various underlying reasons,
for example ‘1—the perfluoroalkyl chain was branched or
cyclic; or ‘4—the R group was a single F atom’ There were
11 homologous series classified by the algorithm contain-
ing such molecules (examples in Fig. 6).

Another reason for the difference in the results pro-
duced by splitPFAS and OngLai is that some PFAS do not
actually conform to the general formula C F, , ;-X-R pre-
scribed by Sha et al. For example, all the molecules shown
in Fig. 7 have the same X groups and R groups in the
general formula prescribed by Sha et al. (C F,,,;-X-R),
as indicated in the splitPFAS results (XLSX file, Fluoro-
telomer tab), where X=[CH2] and R=CC(=C)C(=0)0O
(methylacrylic acid). Therefore, they technically belong
to the same splitPFAS series according to the assumption
made for this comparison exercise. Evidently however,
the molecules in the top panel of Fig. 7 actually have the
general formula C F, -X-R because the terminal carbon
is bonded to two fluorine atoms and one hydrogen atom
instead of three fluorine atoms, as in the bottom panel.
In this case, OngLai distinguished this fact; the core
detected for the series in the top panel of Fig. 7 is meth-
acrylate, while that for the series in the bottom panel
consists of two disconnected fragments: methacrylate
and a fluorine atom. As shown in this example, OngLai
was able to distinguish and thus group different PFAS
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into homologous series with higher granularity than
splitPFAS.

Overall, the categorisation results of splitPFAS are
very similar to the results of the presented homologous
series classification algorithm (full results available in
Additional file 1: Sect. 4). This outcome indicates that
the assumption made for the purpose of this compari-
son—that compounds having the same X and R groups
in the general formula C F, ,,;-X-R are indeed homolo-
gous—was reasonable. However, in some cases, OngLai
demonstrated more flexibility in handling different PFAS
structures than splitPFAS because the latter has more
hard-coded elements in its cheminformatics process-
ing of input structures than OngLai does. For example,
splitPFAS has specific SMARTS corresponding to the 4
PFAS categories specified, which likely explains why no
splittable bonds could be detected in some cases. That
said, it is important to bear in mind that splitPFAS was
designed with a different intention than OngLai; splitP-
FAS is not dedicated to homologous series classification,
therefore it cannot be directly compared. Nevertheless,
this comparison shows that OngLai could be used to sup-
port PFAS categorisation efforts by e.g., providing further
subcategorisation.

Implementation of OngLai

In this section, important features of the OngLai algo-
rithm and its implementation, independent of the data-
sets it is applied to, are discussed using demonstrative
examples of CH, series classified across NORMAN-SLE,
PubChemlLite, and COCONUT.

Molecular fragmentation—removing one substructure
match at a time

In cheminformatics, removing one substructure match
at a time instead of multiple simultaneously in a given
molecule is not a trivial task, yet here, it is crucial for
preserving the accuracy of the core detected and thus
correct classification of homologous series. In the RDKit,
the most intuitive choice to achieve substructure removal
is DeleteSubstructs, but this function removes all repeat-
ing units matched at a time in one go, which is undesir-
able. Therefore, ReplaceCore is used instead and shown
in comparison to DeleteSubstructs in Fig. 8. To date, the
RDKit community has explored two further alterna-
tives to remove one substructure at a time [72], but these
methods are not suitable here because (1) there is no way
to remove entire substructures from RWAMol objects,
only atoms and bonds, and (2) encoding the substruc-
ture to be removed as a chemical reaction is impracti-
cal, as a new Reaction SMARTS query would have to be
encoded for each input molecule depending on its spe-
cific structure. In this sense, ReplaceCore, typically used
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Fig. 6 Examples of homologous series classified by Onglai that were not categorised by splitFAS because ‘No splittable bond [was] found' Labels
correspond to the ID_in_OECD_list"and ‘CAS'fields given in the splitPFAS XLSX results file respectively; molecules from the splitPFAS dataset (series_

for common cheminformatic tasks like R-group decom-
position or constructing Structure—Activity Relationship
tables, was applied here in a novel and perhaps unortho-
dox, but effective manner to remove substructures.

Effect of repeating unit SMARTS specification

on homologous series classified

As described in a previous example in this section, the
repeating unit SMARTS definition directly influences the
homologous series classified, for example, by explicitly
defining the exact number of connected hydrogen atoms.
Other properties of atoms defined in the SMARTS string

also play an important role: in the default repeating unit
SMARTS used, ‘[#6&H2], the carbon atom is bonded to
exactly two hydrogen atoms, regardless of that carbon’s
ring membership. Therefore, repeating units forming
rings would also be positive matches just like repeating
units in linear chains, as shown in Fig. 9, where the CH,
moieties in the pyrrolidine ring of 1-(4-bromobutyl)pyr-
rolidine hydrobromide, in addition to those in the linear
chain, matched the repeating units SMARTS ‘[#6&H2].
Thus, these matches were subsequently removed during
molecule fragmentation in the core detection process.
The resultant core common to all these three molecules
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3622, 355-93-1

3678; 2261-99-6

3559, 1841-46-9

952; 13695-31-3

1546; 3934-23-4

1214; 59006-65-4

1571; 48077-33-4

1475; 48076-44-4

1629, 48077-86-7

Fig. 7 Examples of two series classified by Onglai that belong to the same splitPFAS series because they have the same X and R groups in
C,Fonq17X-Raccording to splitPFAS results. Labels correspond to the ID_in_OECD_list and CAS Registration Number given in the splitPFAS results
XLSX file respectively; molecules from the splitPFAS dataset (series_no =0 and 1, Additional file 1: Sect. 2)

thus consists of two disconnected atoms, one bromine
and one nitrogen (‘Br.N’ in SMILES).

However, if a more specific repeating unit SMARTS
query specifying ring membership is used, the first two
molecules could be distinguished from 1-(4-bromobutyl)
pyrrolidine. Using the repeating unit ‘[#6;/R&H2]" (car-
bon atom that is not a member of a ring bonded to exactly
two hydrogen atoms) yields two different cores for the
three molecules in Fig. 9: while the core detected for the
first two molecules remains the same as before, that for
1-(4-bromobutyl)pyrrolidine consists of the intact pyrro-
lidine ring and a single Br atom, represented in SMILES
as ‘Br.CICCN(C1). Thus, 1-(4-bromobutyl)pyrrolidine
would not be included in the same homologous series as

the first two molecules in Fig. 9 which underscores the
importance of repeating units SMARTS specification
in the resulting homologous series classified. In other
words, users should be careful when specifying their
repeating units SMARTS to achieve the desired results.

Effect of maximum length of repeating unit chains
specified

The maximum length of repeating unit chains to be enu-
merated for substructure matching and removal is user-
customisable, with the default value set to 30 repeating
units (Table 2). This default value was used in the present
analysis to avoid prolonged computation times that result
from having a larger maximum value. It was also assumed
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Fig. 8 The impact of different fragmentation approaches in the RDKit on homologous series core detection, top: using DeleteSubstructs, bottom:
using ReplaceCore. The two input molecules are homologous and should be classified into the same series; fragmentation using ReplaceCore
achieves this as identical cores are detected (C.C.O in SMILES representation). However, DeleteSubstructs yields different cores (C.C.O and C.C.CO
in SMILES respectively) for the two input molecules because both ~CH,~CH,-CH,—CH,- chains of the symmetrical molecule are removed
simultaneously in Fragmentation Step 1, resulting in inequivalent cores and no homologous series detected

that this would be sufficient to cover all possible cases of
repeating units in the molecules analysed. This assump-
tion held true for the NORMAN-SLE and PubChemLite
datasets, but not COCONUT, where some molecules
were misclassified due to this default value (see Fig. 10).

In the classified homologous series shown, the linear
alkane CNP0027489 (molecular formula C,H,,) should
have been classified together with other linear alkanes
having core (‘CH;. H;C’ in pseudo SMILES). However,
because the longest repeating unit chain in CNP0027489
is C, Hgg (corresponding to a maximum repeating unit
length of 44) and not C;yH¢, (a maximum repeating unit
length of 30), the resulting core after two fragmenta-
tion steps contains three CH; fragments instead of two,
causing it to be classified together with branched alkanes
having the same core. In this case, correct classification
would be achieved if the maximum value was set to 44 or
higher, albeit at the expense of significantly longer com-
putational times.

Effect of number of fragmentation steps

The ‘No. Fragmentation Steps’ setting (Table 2) affects
the extent of fragmentation of the input molecule and as
a result, the cores detected. Therefore, the cores detected
can vary in structure depending on the number of frag-
mentation steps specified, especially in cases where (1)
there are multiple repeating unit chains within a given
molecule, (2) the repeating unit chains are of different
lengths, and/or (3) the repeating unit chains are bonded
to the same atom.

Figure 11 shows the impact of varying the number of
fragmentation steps on three input molecules belonging
to the same homologous series ‘Cx-SPADCs, published
in S7 EAWAGSURF. Starting with the input molecules
in the left-most column, had ‘No. Fragmentation Steps’
been set to 1, the final cores detected would have been
those shown in the red boxes. However, as none of these
cores are identical to each other, these three molecules
would not be classified into the same homologous series.

3-Bromopropylamine

PubChemlLite (series_no =30, Additional file 1: Sect. 2)

H2N/\/\Br Br/\/\/NH2

4-bromobutan-1-amine

Fig. 9 Example of a CH, series containing members where the alkyl repeating units were found within a ring and a linear chain. Molecules from

/\/\/N
Br

1-(4-bromobutyl)pyrrolidine
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Fig. 10 Example of three molecules classified into the same homologous series with CH, repeating units. The longest repeating unit chain in the
bottom molecule CNP0027489 is longer than the maximum repeating unit chain length specified as algorithm input (30 units), resulting in only
partial removal after Fragmentation Step 1. Subsequently, three core fragments were detected instead of two. Molecules from COCONUT dataset

(series_no =126, Additional file 1: Sect. 2)

In contrast, a second fragmentation step yields identical
cores for the three input molecules (Fig. 11 blue boxes)
that would result in the three input molecules being
grouped together into the same series. Thus, the number
of fragmentation steps selected is crucial for appropriate
core detection and homologous series classification.

Effect of sanitisation on core detection

The position of core fragment(s) within input molecules
is irrelevant for OngLai. In other words, molecules con-
taining the same core fragments, albeit in different posi-
tions within the molecule relative to the repeating units,

are classified into the same homologous series. Concrete
examples are shown in Fig. 12, where molecules contain-
ing either alcohol or ether functional groups are consid-
ered homologous (Fig. 12, top panel). A second example
shows molecules containing either a carboxylic acid
or ester moiety belonging to the same classified series
(Fig. 12, bottom panel). Here, whether the core is in a
terminal or central position within the molecule is not
considered in core detection because its atomic neigh-
bourhood is not taken into account. Consequently, the
number of repeating unit chains attached to the core is
also not considered, meaning the core could be attached
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Fig. 11 The number of fragmentation steps given as input affects core detection, shown here with three dicarboxylated alkyl benzenesulfonate
molecules originally from NORMAN-SLE. These compounds are detected frequently in environmental samples as transformation products of
commonly used surfactants [27]. Note that the core fragments in the red and blue boxes are depicted in their sanitised forms without dummy
atoms to reflect the SMILES they would be grouped together by
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Fig. 12 Examples of CH, series containing members with cores in different positions within the molecule. Top: alcohols and ethers have the same
core (C.C.O in SMILES), bottom: carboxylic acids and esters (C.C.O=CO in SMILES). Molecules are from COCONUT, and selected members from each

to carbons of varying connectivity degrees across the dif-
ferent members of a homologous series. For example, the
‘O’ fragment in the ether core of molecule CNP0077266
is attached to two primary carbon atoms (Fig. 12, top
panel), while the ‘O’ fragments in the other molecules of
the same series shown are attached to one secondary car-
bon atom each. Depending on user preference, grouping
together molecules with varying core fragment position
in the same homologous series may be desirable, but it
is possible that future augmentations of OngLai could
address the consideration of the number of repeating unit
chains attached to the core, or atomic neighbourhood of
the core in general.

Effect of stereochemical information

Stereochemical information can play a discrimina-
tory role in homologous series detection, depending
on where it is specified relative to the core fragment(s)
and molecular fragmentation site(s). If bonds with no

stereochemistry specified connecting repeating units
and core fragments are fragmented, but stereochemi-
cal information is present elsewhere in the molecule, the
latter is preserved and taken into consideration during
the process of homologous series detection via grouping
molecules with identical cores. For example, as shown
in Fig. 4, the ‘C,4 sorbitan monoester’ input molecule
contains a bond pointing outwards, as does its core.
However, the ‘C,, sorbitan monoester’ and its core have
planar bonds throughout, so the C12 and C18 species are
not considered homologous by OngLai. In contrast, the
molecules in Fig. 13 are classified as homologous despite
their different stereochemistries, because the amino acid
core fragment common to all 6 molecules (Fig. 13, bot-
tom panel) was originally adjacent to the fragmented
bond and therefore experienced stereochemistry neu-
tralisation in the process of core detection (addition
of dummy atom, then conversion to hydrogen atom).
Thus, molecules with different stereochemistries may be
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Fig. 13 Example of CH, series containing molecules with stereochemical information. The core of this series (bottom panel) has stereochemistry
removed in the process of core detection, hence all the molecules in the top panel are considered homologous despite their various
stereochemistries. Molecules from NORMAN-SLE (series_no = 2021, Additional file 1: Sect. 2)

grouped into the same series if fragmentation happens on
bonds or adjacent bonds that originally have stereochem-
istry specified, as this information is removed during
core detection. This behaviour is desirable in the specific
case of annotating databases to support the identification
of chemicals in environmental samples using mass spec-
trometry (which was the original motivation of OngLai),
where stereochemistry differences are less relevant
for compound identification. By grouping together all
homologous compounds regardless of their stereochem-
istry differences, the remaining ‘unannotated’ chemical
space that should be considered for unknown identifica-
tion would be smaller, which could make unknown iden-
tification easier and more efficient. Overall, however, the
desirability of this behaviour would depend on the indi-
vidual user’s ultimate goal and intended application of
classifying homologous series.

Regarding stereochemistry in the datasets used rela-
tive to their preparation as described in “Methods’, only

the molecules in COCONUT have no stereochemis-
try encoded, whereas molecules in NORMAN-SLE and
PubChemlLite have mixed stereochemical information
availability. To investigate the influence of stereochemis-
try on homologous series detected further, future efforts
could include applying OngLai to the version of COCO-
NUT containing all stereoisomers.

Molecules with branched repeating units classified

as series

Molecules with branched repeating units, irrespective of
the length of the branch and branching site, are classified
into the same series since OngLai does not consider the
atomic neighbourhood of the matched repeating units it
removes during core detection (Fig. 14). Rather, it simply
detects the longest repeating unit chain and removes it
in the process of series classification. In certain applica-
tions, this insensitivity could be advantageous, for exam-
ple when characterising chemical space or preparing
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no =696; top: selected 9 of total 78 molecules in series_no =126, Additional file 1: Sect. 2)

diversity decks in high-throughput chemical screening
[35, 73], as grouping together such highly similar ana-
logues could result in reduced redundancy and better
representation of the molecules within a given chemical
series. However, it is also possible that this insensitivity
to the site and extent of branching could be addressed in
future augmentations of the algorithm by e.g., introduc-
ing filters for molecules that have repeating unit chains of
the same lengths.

Structural isomers classified as series

As explained above, the atomic neighbourhood of repeat-
ing units is not considered when repeating units are
being matched for substructure removal in core detec-
tion. Thus, being insensitive to atomic neighbourhoods
results in ring substitution isomers (meta-, para-, and
ortho-) being classified as members of the same series,
irrespective of the attachment position of the repeating
unit chain (Fig. 15). If desired, such occurrences could be

identified and filtered or grouped together on the basis of
formula or mass in a post-processing step.

Future work

The present work introduces OngLai, an algorithm to
classify homologous series within compound datasets.
Since this topic has been relatively unexplored, three
areas of further research could be interesting to pursue
based on the work presented here. Additionally, integra-
tion of this homologous series classification functional-
ity into existing tools such as the ‘Contrib’ directory of
the RDKit and the R package ‘patRoon’ [74] to further
enhance the utility of this algorithm have already been
discussed with the relevant software maintainers.

Algorithm

Consideration of the atomic neighbourhood of the core
fragment(s) during core detection is a potential feature to
implement in the next version of OngLai. As highlighted
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Fig. 15 Example of a CH, series containing structural isomers. The homologous molecules in this series have cores with ring substituent positions
in the meta-, para- and ortho-positions respectively going from left to right. Molecules from NORMAN-SLE. (series_no = 2097, Additional file 1:

in the “Discussion” section, doing so could improve the
accuracy of core detection and thereby generate homol-
ogous series containing molecules that have less vari-
ability with respect to branching, structural isomerism,
and position of the core in the molecules. Atomic neigh-
bourhood consideration could be achieved by attaching
R-groups onto repeating unit chains at the fragmentation
site, then integrating this information when grouping
identical cores together in the final step of homologous
series classification.

Further results analysis

Additional automated analyses can be performed with
homologous series structures after their classification in
a given dataset. A first functionality could be to order the
series by the number of chains and the number of repeat-
ing units in their chains within one identified homolo-
gous series. Alternatively, homologous series could be
grouped together based on multiple characteristics or
properties such as having the same type of repeating
units or similar core fragments, e.g., homologous series
with core fragments that represent different ortho/meta/
para variants of the same structure could be grouped. At
higher levels, classified series could be grouped accord-
ing to similarities between their core or repeating units,
based on a defined similarity measure. Basically, any
known chemical clustering algorithm can be applied
to representative structures of each homologous series
group here. This grouping and ordering for different
characteristics at different levels can result in a homolo-
gous series hierarchy for the given dataset, similar to
a scaffold tree [75], which could allow for an intuitive,
multi-layer visualisation of homologous series diversity
in a given dataset. In terms of mass spectral data process-
ing, specific groups of homologues of interest could also
be used either as potential suspect lists or database files
during non-target LC-HRMS data processing.

Alternative cheminformatics approaches to classify
homologous series
Currently, repeating unit structures have to be pro-
vided as algorithm input in the form of SMARTS, which
requires a priori knowledge of the identity of repeating
units and familiarity with SMARTS syntax. On one hand,
this requirement makes OngLai highly suited to its origi-
nal intended application, which is to aid in the identifi-
cation of unknown but related features in mass spectra.
In this case, repeating units are typically known from
the outset, as their structures can be deduced from the
constant m/z differences between HRMS features (e.g.,
m/z=14.0157 difference between features likely indi-
cates that the repeating unit is CH,). However, from a
pure cheminformatics perspective, homologous series
classification should ideally be achievable without prior
knowledge of repeating unit identity. Developing and
implementing such an approach poses a complex but
relevant problem, which could be addressed using maxi-
mum common substructure (MCS) detection function-
ality [41, 42] in an all-versus-all approach. That said, the
necessity to determine the MCS of every molecule with
every other molecule in the given dataset is potentially
problematic due to the exponential scaling of required
computation that is exacerbated when dealing with
large chemical structures like polymers or certain natu-
ral products. Common cheminformatics methods like
pre-screening and filtering repeating unit-less molecules
to overcome these time-consuming MCS functionalities
could be explored. Alternatively, parallelisation would be
applicable here because the MCS of one molecule pair
can be determined separately from the other pairs.
Another idea to approach the problem of homologous
series detection is to employ spherical substructures of
molecules, also called atomic environments, as used in
molecular signatures [76], Morgan fingerprints [77, 78],
or HOSE codes [79]. The first step would be to generate
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spherical substructures of different heights for every
atom in a molecule, where a substructure of height 0
contains only the centre atom itself, the substructure of
height 1 contains the centre atom and its direct neigh-
bours, etc. For each height, the number of unique spheri-
cal substructures can be tracked. If there is a repeating
unit in the molecular structure, there should be a detect-
able minimum in the diversity of a molecule’s spheri-
cal substructures for the height equal to the size of the
repeating unit. This approach would have the advan-
tage that it is dataset-independent, unlike the current or
MCS approach, but would require many specific rules or
heuristics for corner cases and a very fine tuning of the
parameters for the detection of the assumed height that
matches the repeating unit size, if a generally applicable
parameter set can be identified at all.

A less complex application of spherical substructure
approaches might also be used to detect repeating unit
chains with an a priori definition of the repeating sub-
structure that is searched for, as in this work. Instead of
SMARTS-based matching as used here, spherical sub-
structures of a matching height for one molecule would
be generated and matched with the pre-defined repeating
units to identify homologous compounds by their chains.
The set height of the included atom neighbours could
then be gradually increased to include the neighbour-
ing repeating units until the structure no longer fits the
predefined repeating unit structure. This way, a repeating
unit chain could be detected directly as a coherent sub-
structure. A disadvantage of the approach would be that
spherical substructure notations like HOSE codes are
more complex to define by hand and provide less options
than SMARTS definitions, since they were not originally
developed for substructure matching.

Beyond the classical methods of structural chemin-
formatics, further alternative approaches could employ
machine learning. For example, one could define the
problem as a classification task by training a model
to recognise homologous vs. non-homologous mol-
ecules based on their SMILES strings or even structure
depictions. In both data structures, repetitive repeat-
ing unit patterns should be detectable in a straightfor-
ward manner. A more complex alternative would be to
extract the core and (in a generalised model) repeating
unit structures, e.g., as SMILES strings. Current suc-
cesses in similar applications are encouraging [80] but
available training data would be a limiting factor, as the
numbers of homologous structures detected in relevant
datasets reported above and of published homologous
series e.g., in specialised databases, appear too low for
most machine learning tasks. However, defining core
structures with chain attachment points and multiple
repeating units structures may allow training data to be
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synthetically generated through recombination and enu-
meration to form diverse homologous series structures.

Conclusions
OngLai is an open source algorithm implemented in
RDKit that classifies homologous series within com-
pound datasets based on two inputs: a CSV file con-
taining compound SMILES representations and a
repeating unit represented by a SMARTS string. Using
the SMARTS definition of the repeating unit, OngLai first
detects suitable cores by molecule fragmentation prior to
series classification. Homologous series classification was
demonstrated by applying OnglLai to three open data-
sets: NORMAN-SLE, PubChemLite for Exposomics, and
COCONUT. Thousands of homologous series with CH,
repeating units were detected within these datasets using
the default algorithm settings. The results were validated
using published homologous series and structure cat-
egories for surfactant and PFAS examples, and compared
with the splitPFAS method for categorising PFAS. Both
validation and comparison generally showed good agree-
ment, with OngLai proving to be more granular in its
detection of homologous series in some scenarios.
Overall, homologous series classification bears several
advantages. Firstly, the detection of homologous series in
datasets such as NORMAN-SLE and PubChemLite may
support their identification using (LC-)HRMS. Homolo-
gous mass spectral features are frequently detected at
high intensities in environmental samples and may form
a large proportion of measured features that typically
remain unknown (but are suspected to be compounds in
chemical consumer products that are heavily produced
and used, like surfactants). OngLai’s results could sup-
port the characterisation of these unknowns by provid-
ing researchers with classified homologous series within
datasets, so they can perform more effective database
matching of homologous features detected in their sam-
ples in a group-wise fashion. Such steps would contribute
to tackling the problem of identifying and characterising
UVCBs in the environment and further our understand-
ing of the effects of chemical exposure and its impacts on
the environment and/or disease, with the ultimate goal of
protecting human health and the environment [26].
Secondly, the characterisation of chemical spaces is
enhanced by identifying similar or related compounds
that could be considered as a group. As OngLai essen-
tially performs a type of clustering by grouping together
homologous compounds, applying it to large screening
datasets is a viable method for analysing large chemical
spaces of interest and supporting the design of diverse
molecule screening decks, which are of interest in drug
discovery [70, 71]. An additional benefit accrued from
chemical space characterisation via homologous series
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detection is that classified series can contribute to more
efficient dataset curation, as mentioned with respect to
polyfluorinated compounds found in the COCONUT
dataset.

OnglLai is freely and openly available on https://github.
com/adelenelai/onglai-classify-homologues. Users are
invited to apply OngLai on chemical datasets of inter-
est, possibly as a first data exploration step, to uncover
homologous compounds in their datasets, which may
lead to insights on potential chemical groups, open new
avenues for property prediction, and/or facilitate ana-
lytical detection. OngLai can also be used as a means for
chemical grouping or to validate existing approaches,
which may be of particular interest to e.g., regulatory
stakeholders in environmental chemistry [81].

Abbreviations

COCONUT: COlleCtion of Open Natural ProdUcTs; HOSE: Hierarchically ordered
spherical description of environment; LC-HRMS: Liquid chromatography-

high resolution mass spectrometry; MCS: Maximum common substructure;
NORMAN-SLE: NORMAN Suspect List Exchange; PFAS: Per- and Polyfluoroalky!
substances; PubChemLite: PubChemLite for Exposomics; SMILES: Simplified
Molecular Input Line Entry System; SMARTS: SMILES ARbitrary Target Specifica-
tion; UVCB: Substances of Unknown or Variable composition, Complex reac-
tion products, or Biological materials.

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/513321-022-00663-y.

Additional file 1. File containing links to code, datasets, and complete
results described in the manuscript.

Acknowledgements

The authors gratefully acknowledge Steffen Neumann for helpful discussions
especially during project conception; Charles Tapley-Hoyt for contributions
to Python packaging; Kohulan Rajan and Mahnoor Zulfigar for assistance
with the compute server; Anjana Elapavalore for code testing; the developers
and community of RDKit (in particular Greg Landrum and Paolo Tosco) and
datamol; and Zhanyun Wang, Christos Nicolaou, and Maximilian Beckers for
helpful discussions. We also thank the two anonymous reviewers for their
helpful comments.

Author contributions

A.L. developed the methodology; wrote, tested, and applied the software; per-
formed the data curation, analysis and validation; wrote, edited, and reviewed
the manuscript; and prepared all tables and Figs. 2 to 14. J.S. developed the
methodology; wrote, edited, and reviewed the manuscript; and prepared

Fig. 1. C.S. conceptualised the project; provided resources; edited and
reviewed the manuscript; provided supervision, project administration; and
acquired funding. ELLS. conceptualised the project; provided resources; edited
and reviewed the manuscript; provided supervision, project administration;
and acquired funding. All authors reviewed, read and approved the final
manuscript.

Authors’ Information

AL is a Cotutelle (dual) doctoral candidate in both the research groups of
ELS. (Environmental Cheminformatics at the Luxembourg Centre for Systems
Biomedicine, University of Luxembourg) and C.S. (Cheminformatics and
Computational Metabolomics group at the Friedrich Schiller University in
Jena, Germany). In her research, she applies cheminformatics and chemical
data science to address problems in environmental chemistry, ranging from

Page 22 of 25

environmental monitoring to database curation and chemicals manage-
ment. J.S. is a doctoral candidate in the Cheminformatics and Computational
Metabolomics research group of C.S. at the Friedrich Schiller University in
Jena, Germany. His research focuses on cheminformatics, natural products,
chemical spaces, open software development, and rule-based algorithms
for the extraction of specific substructures from molecular structures (in
silico fragmentation). C.S. is a Professor for Analytical Chemistry, Cheminfor-
matics and Chemometrics as well as Vice President for Digitalisation at the
Friedrich Schiller University in Jena, Germany. The Steinbeck group’s research
is dedicated to computational natural products research, the elucidation of
metabolomes by means of computer-assisted structure elucidation and other
prediction methods, the application of artificial intelligence, in particular,
deep-learning methods, as well as algorithm development in cheminformat-
ics. EL.S. is Associate Professor and head of the Environmental Cheminformat-
ics (ECI) group at the Luxembourg Centre for Systems Biomedicine (LCSB),
University of Luxembourg. Her research combines cheminformatics and
computational (high resolution) mass spectrometry approaches to elucidate
the unknowns in complex samples and relate these to environmental causes
of disease. She is involved in and organizes several European and worldwide
activities to improve the exchange of data, information and ideas between
scientists, including NORMAN-SLE, MassBank, MetFrag and PubChemlLite for
Exposomics.

Funding

Open Access funding enabled and organized by Projekt DEAL. AL and ELS
acknowledge funding from the Luxembourg National Research Fund (FNR)
for Project A18/BM/12341006. JS and CS acknowledge funding from the
Carl-Zeiss-Foundation.

Availability of data and materials

OngLai homologue detection algorithm source code: Apache 2.0 Licence;
https://github.com/adelenelai/onglai-classify-homologues. Software Require-
ments: Python 3.7 or higher, RDKit v2021.09.4 or higher, datamol v.0.7.3 or
higher. Specific versions of the datasets used (NORMAN-SLE, PubChemLite for
Exposomics, and COCONUT), as well as complete results, Python scripts and
supporting files are freely available within the Supplementary Information
archive on Zenodo: https://doi.org/10.5281/zenodo.7035020. The Additional
file (doc) contains details of the above archive.

Declarations

Competing interests
The authors declare that they do not have any competing interests.

Author details

'Luxembourg Centre for Systems Biomedicine (LCSB), University of Luxem-
bourg, 6 Avenue du Swing, 4367 Belvaux, Luxembourg. ?Institute for Inorganic
and Analytical Chemistry, Friedrich Schiller University Jena, Lessing Strasse 8,
07743 Jena, Germany.

Received: 31 August 2022 Accepted: 27 November 2022
Published online: 13 December 2022

References

1. Markush EA (1924) Pyrazolone Dye and Process of Making the Same.
USA101506316, August 26, 1924. https://pdfpiw.uspto.gov/.piw?PageN
um=USA101506316&docid=01506316&IDKey=83E682D73B35&HomeU
rl=http%3A%2F%2Fpatft.uspto.govi2Fnetacgi%2Fnph-Parser%3FSec
t1%3DPTO1%25265ect2%3DHITOFF%2526p%3D1%2526u%3D%2Fnet
ahtml%2FPTO%2Fsrchnum.htmI%2526r%3D1%2526f%3DG%25261%
3D50%2526d%3DPALL%252651%3D1506316.PN.%252605%3D%
2526RS%3D . Accessed 25 Mar 2022

2. Lima LM, Alves MA, Amaral DN (2019) Homologation: a versatile
molecular modification strategy to drug discovery. Curr Top Med Chem.
19:1734-1750. https://doi.org/10.2174/1568026619666190808145235

3. Niemczak M, Rzemieniecki T, Sobiech t, Skrzypczak G, Praczyk T, Pernak
J(2019) Influence of the alkyl chain length on the physicochemical


https://github.com/adelenelai/onglai-classify-homologues
https://github.com/adelenelai/onglai-classify-homologues
https://doi.org/10.1186/s13321-022-00663-y
https://doi.org/10.1186/s13321-022-00663-y
https://github.com/adelenelai/onglai-classify-homologues
https://doi.org/10.5281/zenodo.7035020
https://pdfpiw.uspto.gov/.piw?PageNum=USA101506316&docid=01506316&IDKey=83E682D73B35&HomeUrl=http%3A%2F%2Fpatft.uspto.gov%2Fnetacgi%2Fnph-Parser%3FSect1%3DPTO1%2526Sect2%3DHITOFF%2526p%3D1%2526u%3D%2Fnetahtml%2FPTO%2Fsrchnum.html%2526r%3D1%2526f%3DG%2526l%3D50%2526d%3DPALL%2526s1%3D1506316.PN.%2526OS%3D%2526RS%3D
https://pdfpiw.uspto.gov/.piw?PageNum=USA101506316&docid=01506316&IDKey=83E682D73B35&HomeUrl=http%3A%2F%2Fpatft.uspto.gov%2Fnetacgi%2Fnph-Parser%3FSect1%3DPTO1%2526Sect2%3DHITOFF%2526p%3D1%2526u%3D%2Fnetahtml%2FPTO%2Fsrchnum.html%2526r%3D1%2526f%3DG%2526l%3D50%2526d%3DPALL%2526s1%3D1506316.PN.%2526OS%3D%2526RS%3D
https://pdfpiw.uspto.gov/.piw?PageNum=USA101506316&docid=01506316&IDKey=83E682D73B35&HomeUrl=http%3A%2F%2Fpatft.uspto.gov%2Fnetacgi%2Fnph-Parser%3FSect1%3DPTO1%2526Sect2%3DHITOFF%2526p%3D1%2526u%3D%2Fnetahtml%2FPTO%2Fsrchnum.html%2526r%3D1%2526f%3DG%2526l%3D50%2526d%3DPALL%2526s1%3D1506316.PN.%2526OS%3D%2526RS%3D
https://pdfpiw.uspto.gov/.piw?PageNum=USA101506316&docid=01506316&IDKey=83E682D73B35&HomeUrl=http%3A%2F%2Fpatft.uspto.gov%2Fnetacgi%2Fnph-Parser%3FSect1%3DPTO1%2526Sect2%3DHITOFF%2526p%3D1%2526u%3D%2Fnetahtml%2FPTO%2Fsrchnum.html%2526r%3D1%2526f%3DG%2526l%3D50%2526d%3DPALL%2526s1%3D1506316.PN.%2526OS%3D%2526RS%3D
https://pdfpiw.uspto.gov/.piw?PageNum=USA101506316&docid=01506316&IDKey=83E682D73B35&HomeUrl=http%3A%2F%2Fpatft.uspto.gov%2Fnetacgi%2Fnph-Parser%3FSect1%3DPTO1%2526Sect2%3DHITOFF%2526p%3D1%2526u%3D%2Fnetahtml%2FPTO%2Fsrchnum.html%2526r%3D1%2526f%3DG%2526l%3D50%2526d%3DPALL%2526s1%3D1506316.PN.%2526OS%3D%2526RS%3D
https://pdfpiw.uspto.gov/.piw?PageNum=USA101506316&docid=01506316&IDKey=83E682D73B35&HomeUrl=http%3A%2F%2Fpatft.uspto.gov%2Fnetacgi%2Fnph-Parser%3FSect1%3DPTO1%2526Sect2%3DHITOFF%2526p%3D1%2526u%3D%2Fnetahtml%2FPTO%2Fsrchnum.html%2526r%3D1%2526f%3DG%2526l%3D50%2526d%3DPALL%2526s1%3D1506316.PN.%2526OS%3D%2526RS%3D
https://pdfpiw.uspto.gov/.piw?PageNum=USA101506316&docid=01506316&IDKey=83E682D73B35&HomeUrl=http%3A%2F%2Fpatft.uspto.gov%2Fnetacgi%2Fnph-Parser%3FSect1%3DPTO1%2526Sect2%3DHITOFF%2526p%3D1%2526u%3D%2Fnetahtml%2FPTO%2Fsrchnum.html%2526r%3D1%2526f%3DG%2526l%3D50%2526d%3DPALL%2526s1%3D1506316.PN.%2526OS%3D%2526RS%3D
https://doi.org/10.2174/1568026619666190808145235

Lai et al. Journal of Cheminformatics

20.

21.

(2022) 14:85

properties and biological activity in a homologous series of dichlorprop-
based herbicidal ionic liquids. J Mol Liq 276:431-440. https://doi.org/10.
1016/j.molliq.2018.12.013

Zhu J-P, Liang M-Y, Ma Y-R, White LV, Banwell MG, Teng Y, Lan P (2022)
Enzymatic synthesis of an homologous series of long- and very long-
chain sucrose esters and evaluation of their emulsifying and biological
properties. Food Hydrocoll 124:107149. https://doi.org/10.1016/j.foodh
yd.2021.107149

Wolf SE, Liu T, Govind S, Zhao H, Huang G, Zhang A, Wu Y, Chin J, Cheng
K, Salami-Ranjbaran E, Gao F, Gao G, Jin Y, Pu Y, Toledo TG, Ablajan K,
Walsh PJ, Fakhraai Z (2021) Design of a homologous series of molecular
glassformers. J Chem Phys 155(22):224503. https://doi.org/10.1063/5.
0066410

Samarkina DA, Gabdrakhmanov DR, Lukashenko SS, Nizameev IR, Kadirov
MK, Zakharova LY (2019) Homologous series of amphiphiles bearing
imidazolium head group complexation with bovine serum albumin. J
Mol Lig 275:232-240. https://doi.org/10.1016/j.molliq.2018.11.082
Carballeira NM, Miranda C, Lozano CM, Nechev JT, Ivanova A, Stefanov K,
llieva M, Tzvetkova | (2001) Characterization of novel methyl-branched
chain fatty acids from a halophilic bacillus species. J Nat Prod 64(2):256—
259. https://doi.org/10.1021/np000494d

Schlingmann G, Roll DM (2007) Homolog separation, a necessity for the
proper identification of fungal metabolites. J Chromatogr A 1156(1):264—
270. https://doi.org/10.1016/j.chroma.2006.11.098

Rama Rao M, Faulkner DJ (2002) Isotactic Polymethoxydienes from

the philippines sponge Myriastra Clavosa. J Nat Prod 65(8):1201-1203.
https://doi.org/10.1021/np020040b

Ross SA, Weete JD, Schinazi RF, Wirtz SS, Tharnish P, Scheuer PJ, Hamann
MT (2000) Mololipids, a new series of anti-HIV bromotyramine-derived
compounds from a sponge of the order Verongida. J Nat Prod 63(4):501—
503. https://doi.org/10.1021/np980414u

. Rijpstra WIC, Reneerkens J, Piersma T, Damsté JSS (2007) Structural iden-

tification of the 3-hydroxy fatty acid-based diester preen gland waxes of
shorebirds. J Nat Prod 70(11):1804-1807. https://doi.org/10.1021/np070
254z

Bloor S, Catchpole O, Mitchell K, Webby R, Davis P (2019) Antiproliferative
acylated glycerols from New Zealand Propolis. J Nat Prod 82(9):2359—
2367. https://doi.org/10.1021/acs.jnatprod.8b00562

Rodriguez-Saona CR, Maynard DF, Phillips S, Trumble JT (1999) Alkyl-
furans: effects of alkyl side-chain length on insecticidal activity. J Nat Prod
62(1):191-193. https://doi.org/10.1021/np980340m

Nikolopoulou V, Aalizadeh R, Nika M-C, Thomaidis NS (2022) TrendProbe:
time profile analysis of emerging contaminants by LC-HRMS non-target
screening and deep learning convolutional neural network. J Hazard
Mater 428:128194. https://doi.org/10.1016/jjhazmat.2021.128194
Schinkel L, Lara-Martin PA, Giger W, Hollender J, Berg M (2022) Synthetic
surfactants in Swiss sewage sludges: analytical challenges, concentra-
tions and per capita loads. Sci Total Environ 808:151361. https://doi.org/
10.1016/j.scitotenv.2021.151361

Mairinger T, Loos M, Hollender J (2021) Characterization of water-soluble
synthetic polymeric substances in wastewater using LC-HRMS/MS. Water
Res 190:116745. https://doi.org/10.1016/j.watres.2020.116745

Krauss M, Hug C, Bloch R, Schulze T, Brack W (2019) Prioritising site-
specific micropollutants in surface water from LC-HRMS non-target
screening data using a rarity score. Environ Sci Eur 31(1):45. https://doi.
0rg/10.1186/512302-019-0231-z

Jacob P, Barzen-Hanson KA, Helbling DE (2021) Target and nontarget
analysis of per- and polyfluoralkyl substances in wastewater from elec-
tronics fabrication facilities. Environ Sci Technol 55(4):2346-2356. https://
doi.org/10.1021/acs.est.0c06690

Dimzon IK, Trier X, Fromel T, Helmus R, Knepper TP, de Voogt P (2016)
High resolution mass spectrometry of polyfluorinated polyether-based
formulation. J Am Soc Mass Spectrom 27(2):309-318. https://doi.org/10.
1007/513361-015-1269-9

Jia S, Marques Dos Santos M, Li C, Snyder SA (2022) Recent advances

in mass spectrometry analytical techniques for per- and polyfluoro-

alkyl substances (PFAS). Anal Bioanal Chem. https://doi.org/10.1007/
500216-022-03905-y

Gluge J, Scheringer M, Cousins [T, DeWitt JC, Goldenman G, Herzke D,
Lohmann R, Ng CA, Trier X, Wang Z (2020) An overview of the uses of

22.

23.

24,

25.

26.

27.

28.

29.

30.

32.

33

34.

35.

36.

37.

38.

39.

40.

Page 23 of 25

per- and polyfluoroalkyl substances (PFAS). Environ Sci Process Impacts
22(12):2345-2373. https://doi.org/10.1039/DOEM00291G

Oellig C, Hammel Y-A (2019) Screening for chlorinated paraffins in
vegetable oils and oil-based dietary supplements by planar solid phase
extraction. J Chromatogr A 1606:460380. https://doi.org/10.1016/j.
chroma.2019.460380

Gluge J, Schinkel L, Hungerbuhler K, Cariou R, Bogdal C (2018) Environ-
mental risks of medium-chain chlorinated paraffins (MCCPs): a review.
Environ Sci Technol 52(12):6743-6760. https://doi.org/10.1021/acs.est.
7b06459

Du X, Yuan B, Zhou Y, Benskin JP, Qiu Y, Yin G, Zhao J (2018) Short-,
medium-, and long-chain chlorinated paraffins in wildlife from paddy
fields in the Yangtze River Delta. Environ Sci Technol 52(3):1072-1080.
https://doi.org/10.1021/acs.est.7b05595

Washington JW, Jenkins TM, Weber EJ (2015) Identification of unsaturated
and 2H polyfluorocarboxylate homologous series and their detection in
environmental samples and as polymer degradation products. Environ
Sci Technol 49(22):13256-13263. https://doi.org/10.1021/acs.est.5b03379
Lai A, Clark AM, Escher BI, Fernandez M, McEwen LR, Tian Z, Wang Z,
Schymanski EL (2022) The next frontier of environmental unknowns: sub-
stances of unknown or variable composition, complex reaction products,
or biological materials (UVCBs). Environ Sci Technol 56(12):7448-7466.
https://doi.org/10.1021/acs.est.2c00321

Schymanski EL, Singer HP, Longrée P, Loos M, Ruff M, Stravs MA, Ripollés
Vidal C, Hollender J (2014) Strategies to characterize polar organic
contamination in wastewater: exploring the capability of high resolution
mass spectrometry. Environ SciTechnol 48(3):1811-1818. https://doi.org/
10.1021/es4044374

Carlson JE, Gasson JR, Barth T, Eide | (2012) Extracting homologous series
from mass spectrometry data by projection on predefined vectors.
Chemom Intell Lab Syst 114:36-43. https://doi.org/10.1016/j.chemolab.
2012.02.007

Loos M, Singer H (2017) Nontargeted homologue series extraction from
hyphenated high resolution mass spectrometry data. J Cheminform.
https://doi.org/10.1186/513321-017-0197-z

Mildau K, van der Hooft JJJ, Flasch M, Warth B, Abiead YE, Koellensperger
G, Zanghellini J, Bischl C (2022) Homologue series detection and man-
agement in LC-MS data with homologuediscoverer. bioRxiv. https://doi.
0rg/10.1101/2022.07.20.500749

. Schymanski E (2020) schymane/RChemMass. https://github.com/schym

ane/RChemMass. Accessed 16 Aug 2020

St. Cholakov G, Stateva RP, Brauner N, Shacham M (2008) Estimation of
properties of homologous series with targeted quantitative structure—
property relationships. J Chem Eng Data 53(11):2510-2520. https://doi.
org/10.1021/je800272x

Wiener H (1947) Structural determination of paraffin boiling points. J Am
Chem Soc 69(1):17-20. https://doi.org/10.1021/ja01193a005

Kovats E (1958) Gas-chromatographische charakterisierung organischer
verbindungen. Teil 1: retentionsindices aliphatischer halogenide, alko-
hole, aldehyde und ketone. Helv Chim Acta 41(7):1915-1932. https://doi.
0rg/10.1002/hlca. 19580410703

Schuffenhauer A, Schneider N, Hintermann S, Auld D, Blank J, Cotesta S,
Engeloch C, Fechner N, Gaul C, Giovannoni J, Jansen J, Joslin J, Krastel P,
Lounkine E, Manchester J, Monovich LG, Pelliccioli AP, Schwarze M, Shultz
MD, Stiefl N, Baeschlin DK (2020) Evolution of Novartis’small molecule
screening deck design. J Med Chem 63(23):14425-14447. https://doi.org/
10.1021/acsjmedchem.0c01332

PubChem. PubChem. https://pubchem.ncbi.nim.nih.gov/. Accessed 02
Aug 2022

Kim S, Chen J, Cheng T, Gindulyte A, He J, He S, Li Q Shoemaker BA,
Thiessen PA, Yu B, Zaslavsky L, Zhang J, Bolton EE (2021) PubChem in
2021: new data content and improved web interfaces. Nucleic Acids Res
49(D1):D1388-D1395. https://doi.org/10.1093/nar/gkaad7 1

ChemSpider | Search and share chemistry. https://www.chemspider.
com/. Accessed 2 Aug 2022

Pence HE, Williams A (2010) ChemSpider: an online chemical information
resource. J Chem Educ 87(11):1123-1124. https://doi.org/10.1021/ed 100
697w

Warr W (2021) Report on an NIH workshop on ultralarge chemistry data-
bases. https://doi.org/10.26434/chemrxiv.14554803.v1.


https://doi.org/10.1016/j.molliq.2018.12.013
https://doi.org/10.1016/j.molliq.2018.12.013
https://doi.org/10.1016/j.foodhyd.2021.107149
https://doi.org/10.1016/j.foodhyd.2021.107149
https://doi.org/10.1063/5.0066410
https://doi.org/10.1063/5.0066410
https://doi.org/10.1016/j.molliq.2018.11.082
https://doi.org/10.1021/np000494d
https://doi.org/10.1016/j.chroma.2006.11.098
https://doi.org/10.1021/np020040b
https://doi.org/10.1021/np980414u
https://doi.org/10.1021/np070254z
https://doi.org/10.1021/np070254z
https://doi.org/10.1021/acs.jnatprod.8b00562
https://doi.org/10.1021/np980340m
https://doi.org/10.1016/j.jhazmat.2021.128194
https://doi.org/10.1016/j.scitotenv.2021.151361
https://doi.org/10.1016/j.scitotenv.2021.151361
https://doi.org/10.1016/j.watres.2020.116745
https://doi.org/10.1186/s12302-019-0231-z
https://doi.org/10.1186/s12302-019-0231-z
https://doi.org/10.1021/acs.est.0c06690
https://doi.org/10.1021/acs.est.0c06690
https://doi.org/10.1007/s13361-015-1269-9
https://doi.org/10.1007/s13361-015-1269-9
https://doi.org/10.1007/s00216-022-03905-y
https://doi.org/10.1007/s00216-022-03905-y
https://doi.org/10.1039/D0EM00291G
https://doi.org/10.1016/j.chroma.2019.460380
https://doi.org/10.1016/j.chroma.2019.460380
https://doi.org/10.1021/acs.est.7b06459
https://doi.org/10.1021/acs.est.7b06459
https://doi.org/10.1021/acs.est.7b05595
https://doi.org/10.1021/acs.est.5b03379
https://doi.org/10.1021/acs.est.2c00321
https://doi.org/10.1021/es4044374
https://doi.org/10.1021/es4044374
https://doi.org/10.1016/j.chemolab.2012.02.007
https://doi.org/10.1016/j.chemolab.2012.02.007
https://doi.org/10.1186/s13321-017-0197-z
https://doi.org/10.1101/2022.07.20.500749
https://doi.org/10.1101/2022.07.20.500749
https://github.com/schymane/RChemMass
https://github.com/schymane/RChemMass
https://doi.org/10.1021/je800272x
https://doi.org/10.1021/je800272x
https://doi.org/10.1021/ja01193a005
https://doi.org/10.1002/hlca.19580410703
https://doi.org/10.1002/hlca.19580410703
https://doi.org/10.1021/acs.jmedchem.0c01332
https://doi.org/10.1021/acs.jmedchem.0c01332
https://pubchem.ncbi.nlm.nih.gov/
https://doi.org/10.1093/nar/gkaa971
https://www.chemspider.com/
https://www.chemspider.com/
https://doi.org/10.1021/ed100697w
https://doi.org/10.1021/ed100697w
https://doi.org/10.26434/chemrxiv.14554803.v1

Lai et al. Journal of Cheminformatics

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

(2022) 14:85

Ehrlich H-C, Rarey M (2011) Maximum common subgraph isomorphism
algorithms and their applications in molecular science: a review. WIREs
Comput Mol Sci 1(1):68-79. https://doi.org/10.1002/wcms.5

Raymond JW, Willett P (2002) Maximum common subgraph isomorphism
algorithms for the matching of chemical structures. J Comput Aided Mol
Des 16(7):521-533. https://doi.org/10.1023/A:1021271615909

Kruger F, Fechner N, Stiefl N (2020) Automated identification of chemical
series: classifying like a medicinal chemist. J Chem Inf Model 60(6):2888—
2902. https://doi.org/10.1021/acs.jcim.0c00204

Fournier-Viger P, Lin JC-W (2017) A survey of sequential pattern mining.
Data Sci Pattern Recognit 1(1):54-77

Bemis GW, Murcko MA (1996) The properties of known drugs. 1. Molecu-
lar frameworks. J Med Chem 39(15):2887-2893. https://doi.org/10.1021/
jm9602928

Lai A. GitHub repository: an algorithm to classify homologous series.
https://github.com/adelenelai/onglai-classify-homologues. Accessed 31
Aug 2022

Mohammed Taha H, Aalizadeh R, Alygizakis N, Antignac J-P, Arp HPH,
Bade R, Baker N, Belova L, Bijlsma L, Bolton EE, Brack W, Celma A, Chen
W-L, Cheng T, Chirsir P, Cirka ', D’Agostino LA, DjoumbouFeunang Y, Dulio
V, Fischer S, Gago-Ferrero P, Galani A, Geueke B, Glowacka N, Glige J,
Groh K, Grosse S, Haglund P, Hakkinen PJ, Hale SE, Hernandez F, Janssen
EM-L, Jonkers T, Kiefer K, Kirchner M, Koschorreck J, Krauss M, Krier J,
Lamoree MH, Letzel M, Letzel T, Li Q, Little J, Liu Y, Lunderberg DM, Martin
JW, McEachran AD, McLean JA, Meier C, Meijer J, Menger F, Merino C,
Muncke J, Muschket M, Neumann M, Neveu V, Ng K, Oberacher H, O'Brien
J, Oswald P, Oswaldova M, Picache JA, Postigo C, Ramirez N, Reemtsma

T, Renaud J, Rostkowski P, Rtidel H, Salek RM, Samanipour S, Scheringer
M, Schliebner I, Schulz W, Schulze T, Sengl M, Shoemaker BA, Sims K,
Singer H, Singh RR, Sumarah M, Thiessen PA, Thomas KV, Torres S, Trier X,
van Wezel AP, Vermeulen RCH, Vlaanderen JJ, von der Ohe PC, Wang Z,
Williams AJ, Willighagen EL, Wishart DS, Zhang J, Thomaidis NS, Hollender
J, Slobodnik J, Schymanski EL (2022) The NORMAN Suspect List Exchange
(NORMAN-SLE): facilitating European and worldwide collaboration on
suspect screening in high resolution mass spectrometry. Environ Sci Eur
34(1):104. https://doi.org/10.1186/512302-022-00680-6

Dulio V, Koschorreck J, van Bavel B, van den Brink P, Hollender J, Munthe
J, Schlabach M, Aalizadeh R, Agerstrand M, Ahrens L, Allan |, Alygizakis N,
Barcelo' D, Bohlin-Nizzetto P, Boutroup S, Brack W, Bressy A, Christensen
JH, Cirka L, Covaci A, Derksen A, Deviller G, Dingemans MML, Engwall

M, Fatta-Kassinos D, Gago-Ferrero P, Hernédndez F, Herzke D, Hilscherova
K, Hollert H, Junghans M, Kasprzyk-Hordern B, Keiter S, Kools SAE, Kruve
A, Lambropoulou D, Lamoree M, Leonards P, Lopez B, Lépezde Alda M,
Lundy L, Makovinskd J, Marigomez I, Martin JW, McHugh B, Miege C,
O'Toole S, Perkola N, Polesello S, Posthuma L, Rodriguez-Mozaz S, Roes-
sink |, Rostkowski P, Ruedel H, Samanipour S, Schulze T, Schymanski EL,
Sengl M, Tardbek P, Ten Hulscher D, Thomaidis N, Togola A, Valsecchi S,
van Leeuwen S, von der Ohe P, Vorkamp K, Vrana B, Slobodnik, J (2020)
The NORMAN Association and the European Partnership for Chemicals
Risk Assessment (PARC): Let's Cooperate! Environ Sci Eur 32(1), 100.
https://doi.org/10.1186/512302-020-00375-w

Schymanski EL, Kondi¢ T, Neumann S, Thiessen PA, Zhang J, Bolton EE
(2021) Empowering large chemical knowledge bases for exposomics:
PubChemLite Meets MetFrag. J Cheminform 13(1):19. https://doi.org/10.
1186/513321-021-00489-0

Sorokina M, Merseburger P, Rajan K, Yirik MA, Steinbeck C (2021) COCO-
NUT online: collection of open natural products database. J Cheminform
13(1):2. https://doi.org/10.1186/513321-020-00478-9

COCONUT: natural products online. https://coconut.naturalproducts.net/
download. Accessed 4 Apr 2022

Organization for Economic Co-operation and Development (2018)
Toward a new comprehensive global database of per- and polyfluoro-
alkyl substances (PFASs): summary report on updating the OECD 2007 list
of per- and polyfluoroalkyl substances (PFASs); Series on Risk Manage-
ment No. 39 ENV/JM/MONO(2018)7; p 24. https://www.oecd.org/offic
ialdocuments/publicdisplaydocumentpdf/?cote=ENV-JM-MONO(2018)
7&doclanguage=en

Sha B, Schymanski EL, Ruttkies C, Cousins IT, Wang Z (2019) Exploring
open cheminformatics approaches for categorizing per- and polyfluoro-
alkyl substances (PFASs). Environ Sci Process Impacts 21(11):1835-1851.
https://doi.org/10.1039/COEM00321E

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71

72.

73.

74.

75.

76.

77.

Page 24 of 25

Daylight Theory: SMARTS—a language for describing molecular patterns.
https.//www.daylight.com/dayhtml/doc/theory/theory.smarts.html.
Accessed 10 Jun 2022

RDKit. https://www.rdkit.org/. Accessed 31 Aug 2022

Landrum G. RDKit Release 2021_09_4 (Q3 2021). https://github.com/
rdkit/rdkit/releases/tag/Release_2021_09_4. Accessed 31 Aug 2022
Python Release Python 3.7.0. Python.org. https://www.python.org/downl
oads/release/python-370/. Accessed 31 Aug 2022

Landrum G. Molecular sanitization in the RDKit. https://www.rdkit.org/
docs/RDKit_Book.html#molecular-sanitization. Accessed 20 Jul 2022
Bolton E, Schymanski E, Kondic T, Thiessen P, Zhang J (Jeff) (2022)
PubChemlLite for Exposomics. https://doi.org/10.5281/zenodo.6383860
NORMAN Network. PubChem Classification Browser - NORMAN Suspect
List Exchange Tree. https://pubchem.ncbi.nlm.nih.gov/classification/#
hid=101. Accessed 4 Apr 2022

NORMAN Network. NORMAN suspect list exchange. https://www.nor-
man-network.com/nds/SLE/. Accessed 1 Nov 2022

PubChem Identifier Exchange Service. https://pubchemdocs.ncbinim.
nih.gov/identifier-exchange-service. Accessed 21 Sept 2020
SmilesGenerator (cdk 2.7.1 API). https://cdk.github.io/cdk/2.7/docs/api/
org/openscience/cdk/smiles/SmilesGenerator.html. Accessed 17 Aug
2022

Lai A, Schaub J, Steinbeck C, Schymanski EL (2022) Supplementary infor-
mation for "An algorithm to classify homologous series within compound
datasets” (OngLai). https://doi.org/10.5281/zenodo.7035020

Schymanski E (2014) S7 | EAWAGSURF | Eawag surfactants suspect list.
https://doi.org/10.5281/zenod0.3549934

Alygizakis N (2018) S23 | EIUBASURF | surfactant suspect list from El and
UBA. https://doi.org/10.5281/zenodo.2648765

Wang Z (2018) 525 | OECDPFAS | List of PFAS from the OECD. https://doi.
0rg/10.5281/zeno0d0.6349061

Beckers M, Fechner N, Stiefl N (2022) 25 Years of small molecule optimiza-
tion at novartis: a retrospective analysis of chemical series evolution.
12th Int. Conf. Chem. Struct. Plenary Sess. -1, Noordwijkerhout, The
Netherlands

Remove flourinated natural products found by Adelene - Issue #89 -
mSorok/NaturalProductsOnline. GitHub. https://github.com/mSorok/
NaturalProductsOnline/issues/89. Accessed 1 Jul 2022

Wang Z, Buser AM, Cousins IT, Demattio S, Drost W, Johansson O, Ohno
K, Patlewicz G, Richard AM, Walker GW, White GS, Leinala E (2021) A new
OECD definition for per- and polyfluoroalkyl substances. Environ Sci
Technol 55(23):15575-15578. https://doi.org/10.1021/acs.est.1c06896
Organization for Economic Co-operation and Development (2021)
Reconciling terminology of the universe of per- and polyfluoroalkyl
substances: recommendations and practical guidance; series on risk
management; No. 61 ENV/CBC/MONO(2021)25; p 45. https://www.oecd.
org/officialdocuments/publicdisplaydocumentpdf/?cote=ENV/CBC/
MONO(2021)25&doclLanguage=En . Accessed 29 Aug 2022

How to delete the same substructure in one molecule separately - Dis-
cussion #4685 - rdkit/rdkit. GitHub. https://github.com/rdkit/rdkit/discu
ssions/4685 . Accessed 29 Jun 2022

Koutsoukas A, Paricharak S, Galloway WRJD, Spring DR, ljzerman AP,

Glen RC, Marcus D, Bender A (2014) How diverse are diversity assess-
ment methods? A comparative analysis and benchmarking of molecular
descriptor space. J Chem Inf Model 54(1):230-242. https://doi.org/10.
1021/ci400469u

Helmus R, ter Laak TL, van Wezel AP, de Voogt P, Schymanski EL (2021)
PatRoon: open source software platform for environmental mass spec-
trometry based non-target screening. J Cheminform 13(1):1. https://doi.
0rg/10.1186/513321-020-00477-w

Schuffenhauer A, Ertl P, Roggo S, Wetzel S, Koch MA, Waldmann H (2007)
The scaffold tree—visualization of the scaffold universe by hierarchical
scaffold classification. J Chem Inf Model 47(1):47-58. https://doi.org/10.
1021/ci600338x

Faulon J-L, Visco DP, Pophale RS (2003) The signature molecular descrip-
tor. 1. Using extended valence sequences in QSAR and QSPR studies. J
Chem Inf Comput Sci. 43(3):707-720. https://doi.org/10.1021/ci020345w
Morgan HL (1965) The generation of a unique machine description for
chemical structures—a technique developed at chemical abstracts
service. J Chem Doc 5(2):107-113. https://doi.org/10.1021/c160017a018


https://doi.org/10.1002/wcms.5
https://doi.org/10.1023/A:1021271615909
https://doi.org/10.1021/acs.jcim.0c00204
https://doi.org/10.1021/jm9602928
https://doi.org/10.1021/jm9602928
https://github.com/adelenelai/onglai-classify-homologues
https://doi.org/10.1186/s12302-022-00680-6
https://doi.org/10.1186/s12302-020-00375-w
https://doi.org/10.1186/s13321-021-00489-0
https://doi.org/10.1186/s13321-021-00489-0
https://doi.org/10.1186/s13321-020-00478-9
https://coconut.naturalproducts.net/download
https://coconut.naturalproducts.net/download
https://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=ENV-JM-MONO(2018)7&doclanguage=en
https://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=ENV-JM-MONO(2018)7&doclanguage=en
https://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=ENV-JM-MONO(2018)7&doclanguage=en
https://doi.org/10.1039/C9EM00321E
https://www.daylight.com/dayhtml/doc/theory/theory.smarts.html
https://www.rdkit.org/
https://github.com/rdkit/rdkit/releases/tag/Release_2021_09_4
https://github.com/rdkit/rdkit/releases/tag/Release_2021_09_4
https://www.python.org/downloads/release/python-370/
https://www.python.org/downloads/release/python-370/
https://www.rdkit.org/docs/RDKit_Book.html#molecular-sanitization
https://www.rdkit.org/docs/RDKit_Book.html#molecular-sanitization
https://pubchem.ncbi.nlm.nih.gov/classification/#hid=101
https://pubchem.ncbi.nlm.nih.gov/classification/#hid=101
https://www.norman-network.com/nds/SLE/
https://www.norman-network.com/nds/SLE/
https://pubchemdocs.ncbi.nlm.nih.gov/identifier-exchange-service
https://pubchemdocs.ncbi.nlm.nih.gov/identifier-exchange-service
https://cdk.github.io/cdk/2.7/docs/api/org/openscience/cdk/smiles/SmilesGenerator.html
https://cdk.github.io/cdk/2.7/docs/api/org/openscience/cdk/smiles/SmilesGenerator.html
https://doi.org/10.5281/zenodo.7035020
https://doi.org/10.5281/zenodo.3549934
https://doi.org/10.5281/zenodo.2648765
https://doi.org/10.5281/zenodo.6349061
https://doi.org/10.5281/zenodo.6349061
https://github.com/mSorok/NaturalProductsOnline/issues/89
https://github.com/mSorok/NaturalProductsOnline/issues/89
https://doi.org/10.1021/acs.est.1c06896
https://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=ENV/CBC/MONO(2021)25&docLanguage=En
https://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=ENV/CBC/MONO(2021)25&docLanguage=En
https://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=ENV/CBC/MONO(2021)25&docLanguage=En
https://github.com/rdkit/rdkit/discussions/4685
https://github.com/rdkit/rdkit/discussions/4685
https://doi.org/10.1021/ci400469u
https://doi.org/10.1021/ci400469u
https://doi.org/10.1186/s13321-020-00477-w
https://doi.org/10.1186/s13321-020-00477-w
https://doi.org/10.1021/ci600338x
https://doi.org/10.1021/ci600338x
https://doi.org/10.1021/ci020345w
https://doi.org/10.1021/c160017a018

Lai et al. Journal of Cheminformatics (2022) 14:85

78.

79.

80.

81.

Rogers D, Hahn M (2010) Extended-connectivity fingerprints. J Chem Inf
Model 50(5):742-754. https://doi.org/10.1021/ci100050t

Bremser W (1978) Hose—a novel substructure code. Anal Chim Acta
103(4):355-365. https://doi.org/10.1016/S0003-2670(01)83100-7

Rajan K, Zielesny A, Steinbeck C (2021) DECIMER 1.0: deep learning for
chemical image recognition using transformers. J Cheminform 13(1):61.
https://doi.org/10.1186/513321-021-00538-8

Wang Z, Adu-Kumi S, Diamond ML, Guardans R, Harner T, Harte A, Kaji-
wara N, Kldnova J, Liu J, Moreira EG, Muir DCG, Suzuki N, Pinas V, Seppald
T, Weber R, Yuan B (2022) Enhancing scientific support for the stockholm
convention’s implementation: an analysis of policy needs for scientific
evidence. Environ Sci Technol 56(5):2936-2949. https://doi.org/10.1021/
acs.est.1c06120

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 25 of 25

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://doi.org/10.1021/ci100050t
https://doi.org/10.1016/S0003-2670(01)83100-7
https://doi.org/10.1186/s13321-021-00538-8
https://doi.org/10.1021/acs.est.1c06120
https://doi.org/10.1021/acs.est.1c06120

	An algorithm to classify homologous series within compound datasets
	Abstract 
	Introduction
	Methods
	Algorithm and implementation
	Datasets
	Validation and comparison with existing methods

	Results and discussion
	Homologous series classified in NORMAN-SLE, PubChemLite, and COCONUT
	Validation of classified series
	Validation with published homologous series
	Validation with published structure categories
	Comparison with existing method for categorising PFAS: splitPFAS
	Implementation of OngLai
	Molecular fragmentation—removing one substructure match at a time
	Effect of repeating unit SMARTS specification on homologous series classified
	Effect of maximum length of repeating unit chains specified
	Effect of number of fragmentation steps
	Effect of sanitisation on core detection
	Effect of stereochemical information
	Molecules with branched repeating units classified as series
	Structural isomers classified as series

	Future work
	Algorithm
	Further results analysis
	Alternative cheminformatics approaches to classify homologous series

	Conclusions
	Acknowledgements
	References




