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Abstract

Extended-connectivity fingerprints (ECFPs) are a ubiquitous tool in current cheminformatics and molecular machine
learning, and one of the most prevalent molecular feature extraction techniques used for chemical prediction. Atom
features learned by graph neural networks can be aggregated to compound-level representations using a large
spectrum of graph pooling methods. In contrast, sets of detected ECFP substructures are by default transformed

into bit vectors using only a simple hash-based folding procedure. We introduce a general mathematical framework
for the vectorisation of structural fingerprints via a formal operation called substructure pooling that encompasses
hash-based folding, algorithmic substructure selection, and a wide variety of other potential techniques. We go

on to describe Sort & Slice, an easy-to-implement and bit-collision-free alternative to hash-based folding for the pool-
ing of ECFP substructures. Sort & Slice first sorts ECFP substructures according to their relative prevalence in a given
set of training compounds and then slices away all but the L most frequent substructures which are subsequently
used to generate a binary fingerprint of desired length, L. We computationally compare the performance of hash-
based folding, Sort & Slice, and two advanced supervised substructure-selection schemes (filtering and mutual-infor-
mation maximisation) for ECFP-based molecular property prediction. Our results indicate that, despite its techni-

cal simplicity, Sort & Slice robustly (and at times substantially) outperforms traditional hash-based folding as well

as the other investigated substructure-pooling methods across distinct prediction tasks, data splitting techniques,
machine-learning models and ECFP hyperparameters. We thus recommend that Sort & Slice canonically replace hash-
based folding as the default substructure-pooling technique to vectorise ECFPs for supervised molecular machine
learning.

Scientific contribution

A general mathematical framework for the vectorisation of structural fingerprints called substructure pooling;

and the technical description and computational evaluation of Sort & Slice, a conceptually simple and bit-collision-free
method for the pooling of ECFP substructures that robustly and markedly outperforms classical hash-based folding

at molecular property prediction.
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Introduction
Extended-connectivity fingerprints and hash-based
folding
The use of extended-connectivity fingerprints (ECFPs)
is widespread in current cheminformatics and molecu-
lar machine learning. A modern and widely recognised
technical description of ECFPs was given in 2010 by
Rogers and Hahn [1], although the key ideas underlying
ECFP-generation were already introduced by Morgan
[2] in 1965. ECFPs have for instance been used success-
fully for ligand-based virtual screening [3], the predic-
tion of the aqueous solubility of molecular compounds
[4], the computational detection of cytotoxic substruc-
tures of molecules [5], the identification of binding tar-
gets of chemical compounds via similarity searching [6],
and the prediction of quantum-chemical properties of
small molecules [7]. One of the most typical use cases
of ECFPs is as a feature-extraction technique for super-
vised molecular machine learning, i.e., as a method to
convert molecules into binary feature vectors for a given
downstream molecular property prediction task. For
this purpose, ECFPs are popular featurisations thanks to
their conceptual simplicity, high interpretability, and low
computational cost. Moreover, a considerable corpus of
recent literature suggests that ECFPs still regularly match
or even surpass the predictive performance of differenti-
able feature-extraction methods based on state-of-the-art
message-passing graph neural networks (GNNs) [8—14].
At its core, the ECFP algorithm can be formally
described as a method, ¢, that transforms an input mol-
ecule, M, often represented as a SMILES string [15], into
a set of hashed integer identifiers:

oM) ={TJ1,...., Tk} =:T.

Here, J1, . . ., Ji lie in some large integer hash space such
as {1,...,2%2}. Each J; is constructed to correspond to a
distinct circular chemical substructure detected within
M (notwithstanding rare hash collisions causing an iden-
tifier J; to be associated with multiple substructures [1,
16]). The set Z can intuitively be thought of as the set of
circular chemical substructures present in M. The com-
putational step:

Mi—>ZcC{l,...,2%%)

is referred to as substructure enumeration by us and
depends on two important hyperparameters: the maxi-
mal diameter, D € {0,2,4,6,...}, up to which circular
substructures should be detected; and the chosen list of
atomic invariants, A, used to distinguish the atoms in the
input compound (such as the atomic number or whether
the atom is part of a ring). The number of detected sub-
structures, k, naturally varies with the input compound
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M, the maximal substructure diameter D and the
selected atomic invariants, A.

For further computational processing, for example by a
machine-learning system, the set of substructure identi-
fiers 7 is commonly converted into a high-dimensional
binary vector, F € {0,1}%, via a simple hashing proce-
dure. Let:

ha{l,...,2%2y > (1,...,L}

be a common (arbitrary) hash function that compresses

the hash space {1,...,2%?} into a much smaller space
{1,...,L}. Then F is defined componentwise via:
1 3Je€Z:hJ) =i
E =
0 else.

The computational step:
I Fe{o1}

is referred to as hash-based folding by us and depends
on the chosen fingerprint dimension, L € N, as a hyper-
parameter. Common choices for L include 1024 or 2048;
and less often 512 or 4096. The binary vectorial com-
ponents of F indicate (notwithstanding hash collisions
in {1,...,L}) the existence of particular substructure
identifiers in Z which subsequently indicate (again, with
the exception of rare hash collisions [1, 16]) the exist-
ence of particular circular chemical substructures in the
input compound M. The hashed feature vector, F, thus
encodes valuable structural information about M and
can for instance be fed into a machine-learning system
for molecular property prediction.

Research aims and contributions
The technical parallels between ECFPs and current mes-
sage-passing GNNs [4, 7, 17-22] are striking. In both
cases, a compound is first transformed into an (unor-
dered) set-representation: for ECFPs, into a set of inte-
ger substructure identifiers, Z; and for GNN:s, into a set
of initial and updated atom feature vectors.! For both
methods, a pooling operation then plays the crucial role
of reducing the given set-representation to a compound-
wide feature vector.

While considerable work has been done to investigate
pooling methods for GNN architectures [23-27], almost
no analogous research exists on substructure pooling for

! To be precise, one uses multisets (i.e., sets with counts) instead of clas-
sical sets for GNN architectures to be able to distinguish identical atom
feature vectors belonging to distinct atoms. Similarly, one would use multi-
sets instead of sets when dealing with ECFPs with counts instead of binary
ECFPs. However, in this work we focus on binary ECFPs owing to their
more widespread use and conceptual simplicity.
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ECEPs or other structural fingerprints. Currently, hash-
based folding is the default technique to vectorise the set
7 for ECFPs in the literature [1, 3-5, 16, 28—34], although
a few alternative hashing procedures have been explored
by Probst and Reymond [35]. Despite its widespread use,
hash-based folding comes with a considerable downside:
distinct substructure identifiers in Z can be hashed to the
same binary component of the output vector F. Such
“bit collisions” necessarily occur when the fingerprint
dimension, L, is smaller than the number of substruc-
tures detected in a set of training compounds — which is
regularly the case. The ambiguity introduced by bit colli-
sions into the hashed fingerprint not only compromises
its interpretability but also its predictive performance in
machine-learning applications.

In this work, we describe Sort & Slice, a very simple
and surprisingly effective alternative to hash-based fold-
ing for the pooling of ECFP substructures. In a nutshell,
Sort & Slice first sorts all substructures in the training
set according to the respective number of training com-
pounds in which they occur, and then “slices” away all
but the L most frequent substructures which are subse-
quently used to generate an L-dimensional bit-collision-
free binary fingerprint. The absence of bit collisions
substantially improves the interpretability of Sort & Slice
ECFPs compared to their hashed counterparts. One can
further show that Sort & Slice almost exclusively selects
only the most informative substructural features from an
entropic point of view [36, 37]. The only other study we
discovered in our literature search that explores a tech-
nique very similar to Sort & Slice appears to be the note-
worthy work of MacDougall [38], which we acknowledge.
Our study represents a more extensive and robust inves-
tigation of a closely related, but slightly further developed
method that exhibits additional technical strengths. In
summary, we aim to provide the following contributions:

+ We introduce a general mathematical definition of
substructure pooling for structural fingerprints that
subsumes hash-based folding, Sort & Slice, and a
large number of other potential techniques under a
single coherent framework.

+ We give a technical description of Sort & Slice as an
easy-to-implement and bit-collision-free alternative
to hash-based folding for ECFDs.

+ We show via a series of strict computational experi-
ments that Sort & Slice robustly outperforms
hash-based folding [1] as well as two advanced
substructure-selection schemes (filtering [16] and
mutual-information maximisation [36, 37]) across dis-
tinct ECFP-based molecular property prediction tasks,
data splitting techniques, machine learning models,
fingerprint diameters D, fingerprint dimensions L, and
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atomic invariants A; and that frequently the perfor-
mance gains associated with Sort & Slice are surpris-
ingly large.

+ We recommend that due to its simplicity, improved
interpretability and superior predictive performance,
Sort & Slice should canonically replace hash-based
folding as the default method to vectorise ECFPs for
supervised molecular machine learning.

Methodology

Substructure pooling: definition and setting

We start by introducing a general mathematical definition
of substructure pooling that can be used in combination
with ECEPs or other structural fingerprints.

Definition 1  (Substructure pooling) Let:
3 = {jlr-“’jm}

be a finite (but potentially very large) set of m chemical
substructures. The substructures J1,...,Ju could be
specified via hashed integer identifiers, SMILES strings,
molecular graphs, or any other computational represen-
tation. Now, let the set of all possible subsets of J (i.e., its
power set) be denoted by:

PQ):={T1Z <3}

A substructure-pooling method of dimension L € N for
the chemical substructures in J is a set function:

U P — RE

i.e., a function that maps arbitrary subsets of J to
L-dimensional real-valued vectors.

Note that the fact that W is a set function implicitly pre-
supposes that it is permutation-invariant, i.e., that its
output does not depend on any arbitrary ordering of the
substructures in the input set. One can further imagine
W to not necessarily be a fixed function; it could also be a
trainable deep network.

Substructure pooling naturally appears in supervised
molecular machine learning during the vectorisation of
structural fingerprints. Consider a supervised molecular
property prediction task specified by a training set ¥ of n
unique compounds:

T={My,...,. My}
and an associated function:

flabels T—>R
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that assigns regression or classification labels to the train-
ing set. The training compounds Mjy,..., M, could for
instance be represented as SMILES strings or molecular
graphs and are assumed to be elements of some larger
space of chemical compounds 21 with:

M>D{Myq,...,. M} =%.
Now let:
3={j1’~--¢jm}

be a set representing m chemical substructures of inter-
est. J could for instance be the set of hashed integer iden-
tifiers of all possible ECFP substructures with chosen
atomic invariants A and maximal diameter D, or a set of
166 functional groups represented via their respective
SMARTS strings [39] as with MACCS fingerprints [40].
Now let:

@M — PQ)

describe the substructure-enumeration algorithm of a
structural fingerprint. Then ¢ maps a compound M € 9
to the subset of substructures in J that are contained
in M. Via ¢ one can transform each training com-
pound M; into a set-representation, Z;, consisting of k;
substructures:

eM) ={Tip, ..., Tigg} =1; € 3.

At this stage, one requires a substructure-pooling
method:

U PQ) — RE

to transform each molecular set-representation Z; into a
real-valued vector:

W(Z;) =: F; € RL.

The vector representations Fi,...,F, can then be fed
into a standard machine learning model which can be
trained to predict the labels specified by fiipels. Notice
that the substructure-pooling operator ¥ can be con-
structed by leveraging knowledge from ¥ and fjapels-

The problem of substructure pooling can easily be
translated into a mathematical problem that resembles
GNN pooling if one employs a substructure embedding
of some dimension, w:

y: 33— R".

Using y, one can transform substructure sets into vector
sets:

I2{T. . T = iy (s v (T} CRY.
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Many GNN-pooling methods, such as summation,
averaging, max-pooling, or the differentiable opera-
tor proposed by Navarin et al. [23], correspond to
simple (graph-topology-independent) set functions
that map vector sets to single vectors. All such func-
tions can be repurposed to vectorise sets of embed-
ded substructures. For example, by composing the sum
operator X with y we immediately gain a substructure-
pooling method whose output dimension L is equal to
the embedding-dimension w:

v : P — RY,

k
VAT TD =Y v (D)

i=1

Perhaps the simplest possible substructure embedding is
given via one-hot encoding.

Definition 2 (One-hot encoding) Let u}’ € R” be the
w-dimensional unit vector with 1 in its ith component
and 0 everywhere else. Furthermore, let:

S:{jl¢---,jw}_> {1,,W}

be a bijective function that imposes a strict total order
on a set of w substructures {J1,...,Jy} by assigning
a unique rank to each substructure. Then we define the
one-hot encoding associated with s as:

Vs AT T} = R, y(T) = ug 7).

If the embedding dimension w is equal to the total
number of considered substructures |J| = m, it can be
extremely large and additional dimensionality-reduction
techniques might be required.

Finally, note that while in this work we focus on sub-
structure pooling for binary structural fingerprints due
to their simplicity and widespread use, it would be possi-
ble to further generalise Definition 1 to fingerprints with
substructure counts by extending the domain of ¥ to
multisets (i.e., sets with counts) of substructures instead
of classical sets.

Investigated substructure-pooling techniques for ECFPs
We now go on to use the theoretical framework intro-
duced in the previous section to describe four distinct
substructure-pooling techniques for ECFPs that we
investigate in our study. From here on, let:

32 {\71)-

be the set of hashed integer identifiers of all possi-
ble ECFP substructures based on a predefined list of
atomic invariants, A, and a fixed maximal diameter,
D €{0,2,4,6,...}. Further, let:

;jm}g {1;~~~’232}



Dablander et al. Journal of Cheminformatics (2024) 16:135

T={My.... M} OM

be a training set of n compounds (for example repre-
sented as SMILES strings) drawn from a larger space of
chemical compounds, 97; let:

flabels T—>R

be a function that assigns regression or classification
labels to the training set; and let:

:M—PQ), M) ={T1,....Tk} €3I,

be the ECFP-substructure enumeration algorithm that
maps a compound M € 9 to the set of circular sub-
structures {J1, . . ., Jr} in J that are chemically contained
in M. Moreover, for each substructure identifier J € J,
we define its associated binary substructural feature in
the training set via:

fj : T — {0,1}, fJ(M) = {(1) gsee, (p(M)’

and its support as the set of all training compounds that
contain 7,

suppg(J) :={M e T|f7(M) =1}.

Finally, let the set:

Je={J M)
Me%T
with cardinality | Jg | =: mg represent all training sub-

structures, i.e., all substructure identifiers in J that form
part of at least one of the # training compounds.

Hash-based folding
The default way for ECFP-based substructure pooling [1]
is by making use of a common (arbitrary) hash function:

hefl,...,2%2y > (1,...,L).

Formally, one can employ % to define a substructure-
pooling method:

VP —»> RE

by setting its ith output component to:

Y({J1s-- - TiDi
_{1 Hje{jlyyjk}h(j):l)
~ 10 else

The composite map:

Vogp: M — R
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transforms an input compound M € 9 into an
L-dimensional binary vector whose ith component is
1 if and only if (at least) one of the substructures in
o(M) ={J1,...,Tx} gets hashed to the integer i. This
substructure-pooling method is straightforward to
describe and implement. However, hash collisions in
{1,...,L} necessarily start to degrade its interpretability
and predictive performance if L becomes smaller than
mz. Note that W is independent of ¥ and fiapels.

Sort & Slice
Let:

c:Jx —>{1,... c(J) = Isupps (),

,n},

be a function that assigns to every training substructure
J € Jx the number of training compounds in which it is
contained. Then we use ¢ to define a strict total order <

on Jz. For 7, Je J=, we write J < J if:
o(J) < () or[e(T) =c(J)and T < J1.

The order < sorts substructures according to their fre-
quencies in the training set, whereby ties are broken
using the (arbitrary) order defined by the integer identi-
fiers themselves. Let:

s:Jx = {1,...,mz}

be a bijective sorting function that assigns the ranks
determined by <, whereby rank 1 is assigned to the most
frequent substructure. Now let:

me ~
AR I B b
be an embedding that assigns a one-hot encoding sorted
by s (see Definition 2) to training substructures and a
vector entirely composed of zeros to substructures that
do not appear in the training set. Based on mg and the
desired fingerprint length L, we further define a slicing
Sfunction:

Nme,L * R”T — RE,

(Vl:”wVL) L < mg,
V-3 Vimg, 0,...,0) L > mgz.

nm:;,L(Vl’ ey Vmg_') = {
Then the Sort & Slice substructure-pooling operator:
v P —» RE

is given by:
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k
VT Ti)) = g L <Z ys<$>>.

i=1

The summation:

k
> v(T) € (0,1}

i=1

corresponds to a sorted binary vector, each of whose
components indicates the existence of a particular train-
ing substructure within the input set. Substructures that
occur in more training compounds appear earlier in the
vector. In the usual case where L < ms, the function
Nme L trims the dimensionality of the vector to L by ’slic-
ing away’ the less frequent substructures. In the unusual
case where L is specifically demanded to be larger than
ms, all training substructures are contained in the final
representation and it is simply padded with additional
zZeros.

The Sort & Slice operator W is dependent on ¥ but not
on fiapels- It can be interpreted as a simple unsupervised
feature selection technique. In simplified terms, the com-
posite map:

Wogp: M — R

outputs a binary L-dimensional fingerprint that rep-
resents the presence or absence of the L most frequent
training substructures in the input compound. In par-
ticular, this fingerprint does not suffer from bit collisions;
each vectorial component is assigned by a unique ECFP-
substructure identifier. This clarity comes at the cost of
losing information contained in the less frequent training
substructures that are sliced away.

Note however that in real-world chemical data sets
the vast majority of ECFP substructures in the training
set occur in only a few compounds, and almost all sub-
structures occur in fewer than half of all compounds. For
instance, the well-known lipophilicity data set from Mol-
eculeNet [41] encompasses n = 4200 compounds which
together lead to the enumeration of ms = 16,903 unique
ECFP substructures with a maximal diameter of D = 4.
Of these 16, 903 substructures, 52.4 % occur only in a sin-
gle compound, 87.5 % occur in 10 or fewer compounds,
98.3 % occur in 100 or fewer compounds, and almost
all (99.92 %) occur in fewer than half of all compounds.
This frequency distribution is typical and highly stable
across many chemical data sets. In a machine-learning
context, slicing away infrequent training substructures
should thus lead to very little information loss as it cor-
responds to the removal of almost-constant features.

More specifically, Sort & Slice has a natural interpreta-
tion in the context of information theory: the empirical

Page 6 of 20

information content (i.e., Shannon entropy [36]) of a
binary feature column (f;7 (M;))}_; peaks if the substruc-
ture J is contained in exactly half of all training com-
pounds. If no substructure occurs in more than half of all
training compounds, which is almost perfectly fulfilled
for common data sets, then sorting substructures accord-
ing to their training-set frequencies becomes equivalent
to sorting columns of the training feature matrix accord-
ing to their empirical information content. Sort & Slice
therefore automatically generates fingerprints that essen-
tially only encompass the most informative training sub-
structures from an entropic point of view, while being
much simpler to describe, implement and interpret than
an approach explicitly built on Shannon entropy.

While theoretically Sort & Slice might still lead to the
inclusion of a tiny number of uninformative high-fre-
quency training substructures, we decided against also
slicing these away as this would have unnecessarily com-
plicated our method for negligible expected performance
gains. For example, out of the 16, 903 ECFP substruc-
tures with maximal diameter D = 4 in the MoleculeNet
lipophilicity data set [41], only 14 substructures occur
in more than half of all compounds, and only 3 occur in
90 % or more.

Finally, note that we do not dare to claim that the prin-
ciples behind Sort & Slice were necessarily first discov-
ered and utilised exclusively by us; because of its natural
simplicity, variations of Sort & Slice might have already
been experimented with by other researchers in the past.
Yet, to the best of our knowledge, this study so far rep-
resents the only thorough and systematic theoretical
and computational investigation of Sort & Slice, with the
only exception being the interesting work by MacDou-
gall [38], whom we acknowledge and who appears to
propose and investigate a technique almost identical to
Sort & Slice. However, according to our understanding,
this noteworthy alternative algorithm does not appear to
include a mechanism to break ties between substructures
that are contained in the same number of training com-
pounds. In [38], infrequent substructures are thus sliced
away in chunks, which limits control over the fingerprint
dimension L.

A simple, self-contained and fast method for the crea-
tion of a calibrated featurisation function to transform
RDKit mol objects into vectorial ECFPs via Sort & Slice
using only NumPy [42] and RDKit [43] can be found in
our public code repository.”

2 https://github.com/oxpig/ECFP-Sort-and-Slice.
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Filtering and mutual-information maximisation

Giitlein and Kramer [16] conducted one of the few
other existing studies that systematically explores alter-
native substructure pooling strategies for ECFEPs to cir-
cumvent the problem of bit collisions. They propose an
advanced supervised substructure-selection scheme
as a pooling method to construct what they refer to as
filtered fingerprints. Their method was originally pub-
lished in Java; we reimplemented a version of it in
Python and included it in our study for comparison.
In the first step of filtering, training substructures that
occur in only a single training compound are removed.
In the second step, a graph-theoretic technique is
applied that reduces feature redundancy by removing
all training substructures that contain smaller training
substructures associated with the same set of training
compounds. In the third and last step, the L remaining
substructural training features that show the strongest
statistical dependence on the training label, as quan-
tified by a x? test [44], are then selected for the final
fingerprint.

In addition to filtering, we further implemented
another supervised substructure selection scheme based
on mutual-information maximisation (MIM) [36, 37]. In
the first step of this alternative algorithm, feature redun-
dancy is reduced by randomly choosing two training sub-
structures that are contained in the same set of training
compounds and then randomly removing one of the two
substructures. This is repeated until no two training sub-
structures match the same set of training compounds.
After this, the L remaining substructural training features
that exhibit the highest mutual information with the
training label are chosen for the final fingerprint.

Note that since filtering as well as MIM represent
supervised feature selection methods, they are depend-
ent on both ¥ and f{pels. A detailed technical description
of filtering and MIM can be found in Appendix A.

Categories of substructure-pooling techniques

As has been shown, substructure pooling as outlined
in Definition 1 encompasses a large number of poten-
tial techniques. In this study, we investigate one data-
set agnostic substructure-pooling procedure (classical
hash-based folding) and three data-set dependent tech-
niques (Sort & Slice, filtering, MIM). Our data-set
dependent techniques are all based on either supervised
or unsupervised feature selection. A graphical overview
of the investigated methods can be found in Fig. 1.

Note that there exist many more possibilities for sub-
structure pooling, including techniques that are neither
based on hashing nor on substructure selection. How-
ever, to the best of our knowledge, such methods remain
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entirely unexplored. For instance, an interesting avenue
for future research might be the investigation of differen-
tiable substructure-pooling operators:

Wy : P(J) — RE
of the form:

Vo({T1s- -, Tih) = Pe{y (J1)s .-, ¥ (TP

whereby:
y:J—>R"

could be a chemically meaningful substructure embed-
ding and:

®p : {A C R" | Ais finite} — RF

could be a trainable deep learning architecture designed
to operate on finite sets of real-valued vectors [45].

Experimental setting

All experiments were implemented in Python. We com-
putationally evaluated the relative performance of (i) tra-
ditional hash-based folding, (ii) Sort & Slice, (iii) filtering
and (iv) MIM using five practically relevant molecular
property prediction data sets that were chosen to cover
a diverse set of chemical regression and classification
tasks: (1) the prediction of lipophilicity [41], (2) aqueous
solubility [46], (3) Ames mutagenicity [47], and (4) bind-
ing affinity for SARS-CoV-2 main protease (experimen-
tally measured via a fluorescence-based assay) [48]. We
also included (5) a highly imbalanced LIT-PCBA virtual
screening data set for estrogen receptor « antagonism
[49], whereby we used the full raw data rather than the
preprocessed unbiased splits provided in [49].

Note that the five selected data sets reflect a variety
of important real-world applications. For instance, the
included Ames mutagenicity data set by [47] serves as
a benchmark for the computational prediction of the
outcome of the Ames test, which is a common biologi-
cal assay to examine the mutagenic effects of chemical
compounds. Ames mutagenicity testing is widely used
in pharmaceutical and toxicological research; machine
learning approaches that can predict the outcome of the
Ames test for novel compounds are thus of strong practi-
cal interest.

All five data sets consisted of SMILES strings which
we algorithmically standardised and desalted using the
ChEMBL structure pipeline [50]. This step also removed
solvents and isotopic information. SMILES strings that
generated error messages upon being turned into an
RDK1t mol object were deleted. Afterwards, if two stand-
ardised SMILES strings were found to be duplicates, one
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Fig. 1 Schematic overview of the vectorisation of ECFPs via the four investigated substructure-pooling techniques which in general lead to four
different final representations. As before, ¥ = {M,, ..., M} represents a given set of n training compounds and fizpeis : € — R an associated
labelling function that assigns regression or classification labels to the training set

was deleted uniformly at random along with its training
label. The only two data sets that contained notewor-
thy numbers of duplicates were the aqueous solubility
and the LIT-PCBA data set; for these two cases, remov-
ing duplicates reduced the number of compounds from

9978 to 9821, and from 5045 to 3921 respectively. In the
aqueous solubility data set, we further detected a few
instances where SMILES strings appeared to encode sev-
eral disconnected fragments; we also deleted such occur-
rences which reduced the number of compounds from
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9821 to the final size of 9335. The five standardised and
cleaned data sets are summarised in Table 1.

As a data splitting strategy, we implemented two-fold
cross validation repeated with three random seeds for
all data sets. Thus, each model was separately trained
and tested 2% 3 =6 times. We ran two distinct ver-
sions of our cross validation scheme for all experi-
ments, based on either scaffold [51] or random data
splitting (stratified random splitting for the imbalanced
LIT-PCBA data set). Scaffold splitting guarantees that
the scaffold of each training-set compound is distinct
from the scaffold of each test-set compound. This cre-
ates a distributional shift between training and test
set that leads to a more challenging prediction task.
Performance results were recorded as the mean and
standard deviation over the 6 splits, using the mean
absolute error (MAE) for the three regression data sets,
the area under the receiver operating characteristic
curve (AUROC) for the balanced Ames mutagenicity
classification data set, and the area under the precision
recall curve (AUPRC) for the imbalanced LIT-PCBA
virtual screening data set.

As machine-learning models, we selected random for-
ests (RFs) and multilayer perceptrons (MLPs). Note that
including at least two distinct machine-learning predic-
tors in our experiments is important to provide evidence
that the advantage of Sort & Slice is not overly dependent
on any specific machine learning regressor. The RFs were
implemented in scikit-learn [52] and we chose the default
hyperparameters for them with the exception of MaxFea-
tures for RF-regressors which was set to “Sqrt” instead
of 1.0 to add randomness. The MLPs were implemented
in PyTorch [53] and our MLP architecture consisted
of five hidden layers, each with 512 neurons, an addi-
tive bias vector, ReLU activations, batch normalisation
[54], and a dropout rate [55] of 0.25. For MLP training we
employed an initial learning rate of 1073, a learning rate
decay factor of 0.98 per epoch until a learning rate of 10>
was reached, 250 training epochs, a batch size of 64, and
AdamW optimisation [56] with a weight decay factor of
0.1. For MLP-regressors we used identity output activa-
tions and a mean squared error loss; for MLP-classifiers
we used sigmoidal output activations and a binary cross-
entropy loss. All MLPs were trained on a single NVIDIA
GeForce RTX 3060 GPU.

ECFPs as implemented in RDKit [43] by default use
a list of six standard atomic invariants, A, including for
instance the atomic number and whether the atom is
part of a ring. Alternatively, RDKit also provides a list
of six binary pharmacophoric invariants, A which more
explicitly reflect the function an atom might play in
pharmacological chemistry. These features for exam-
ple include whether the atom is a halogen and whether
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it is a hydrogen bond acceptor. When using pharmaco-
phoric invariants A instead of standard invariants A, one
speaks of functional-connectivity fingerprints (FCFPs)
instead of ECFPs. The selected diameter D is usually
appended to the fingerprint-abbreviation: for example,
ECFP4 indicates a diameter of D = 4. Both ECFPs and
ECFEPs optionally allow for the stereochemical distinc-
tion between atoms with respect to tetrahedral R/S chi-
rality; we decided to include this additional invariant in
our experiments, in part motivated by the fundamental
effects chirality is known to have in certain pharmacolog-
ical settings [57]; although it should be noted that chiral
annotations may exhibit a certain level of noise in pub-
licly curated data sets.

For each of 20 modelling scenarios determined by
selecting one of the five data sets, a data splitting tech-
nique (random or scaffold), and a machine-learning
model (RF or MLP), we conducted a thorough and
extensive investigation of the ECFP-hyperparameter
space. In each of the 20 cases, we used twofold cross
validation repeated with 3 random seeds to evaluate
96 distinct binary vectorial fingerprints generated by
exhaustively combining three maximal substructure
diameters D € {2,4,6}, two types of atomic invariants
A € {standard ECFP, pharmacophoric FCFP}, four fin-
gerprint lengths L € {512,1024,2048,4096}, and four
substructure-pooling methods (hash-based folding, Sort
& Slice, filtering, or MIM). In total, the application of this
robust combinatorial methodology resulted in the train-
ing of 20 * 96 * 2 * 3 = 11,520 separate machine-learning
models, half of which were deep-learning models.

Results and discussion

Detailed computational results for the lipophilicity pre-
diction task are visualised in Fig. 2. A high-level summary
of the results for all five data sets is depicted in Fig. 3.
Further detailed results for the remaining four data sets
can be found in Figs. 4, 5, 6 and 7 in Appendix B.

Overall, our numerical observations indicate the
robust superiority of Sort & Slice over hash-based
folding. For instance, the Sort & Slice version of the
popular 1024-bit ECFP4 surpasses the predictive per-
formance of the hashed version in all but a few cases.
For example, Fig. 2 reveals that simply replacing hash-
based folding with Sort & Slice when using a 1024-bit
ECFP4 with an MLP for lipophilicity prediction with
a random data split leads to a rather remarkable rela-
tive MAE-improvement of 11.37%. The results for Ames
mutagenicity prediction in Fig. 6 and for the virtual
screening task in Fig. 7 also suggest that the advantage
of Sort & Slice over hash-based folding remains stable
in both balanced and highly imbalanced classification
scenarios.
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Parts of the detailed results in Figs. 2 and 4-7 suggest
that the improvements achieved via Sort & Slice over
hash-based folding tend to become more pronounced
as the fingerprint dimension L decreases, the maximal
substructure diameter D increases, and when standard
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atomic invariants are used instead of pharmacophoric
invariants. Hashed ECFPs tend to exhibit an increas-
ing number of bit collisions for training compounds as
L decreases relative to the number m< of substructures
detected in the training set. The size of m< in turn tends
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Fig. 2 Predictive performance of the four investigated substructure-pooling methods (indicated by colours) for the lipophilicity regression data
set using random and scaffold data splitting techniques, machine-learning models and ECFP hyperparameters. Each bar shows the average mean
absolute error (MAE) of the associated model across twofold cross validation repeated with three random seeds. The error bar length equals two
standard deviations of the performance measured over the 2 % 3 = 6 trained models
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Fig. 3 Boxplots visualising the predictive performance of the four investigated substructure-pooling methods (indicated by colours) for 20
distinct modelling scenarios differing by data sets, data splitting techniques, and machine-learning models. Each boxplot summarises 24 distinct
performance results (each computed as an average over twofold cross validation repeated with 3 random seeds) generated by combining

a respective substructure-pooling method with 24 distinct ECFP-hyperparameter settings. The exhaustively explored ECFP-hyperparameter grid
is given by three maximal substructure diameters D € {2,4, 6}, two lists of atomic invariants A € {standard ECFP, pharmacophoric FCFP}, and four
fingerprint dimensions L € {512, 1024, 2048,4096}.
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to increase with D and when switching from abstract
pharmacophoric to more distinctive standard atomic
invariants. An increased number of bit collisions asso-
ciated with certain areas of the ECFP-hyperparameter
space for a given training data set might thus degrade
the performance of hashed ECFPs relative to their Sort
& Slice counterparts that by design are always free of col-
liding bits. In particular, the ratio “7* may represent an
interesting predictor for the advantage of Sort & Slice
over hash-based folding. In the limiting case where this
ratio tends to 0, hashed ECFPs and Sort & Slice ECFPs
tend to become identical for training compounds (up to
the arbitrary ordering of vectorial components induced
by the hash function, which should be irrelevant for pre-
dictive performance). On the other hand, as this ratio
grows, emerging bit collisions in the hashed ECFP might
gradually start to negatively impact its predictive power
while the Sort & Slice ECFP only retains the most fre-
quent substructures without incurring bit collisions.

A natural question to ask in this context is whether the
predictive advantage of Sort & Slice is merely a result of
the general avoidance of bit collisions; or if, and to what
extent, the specific unsupervised substructure-selection
scheme underlying Sort & Slice, i.e., the natural removal
of low-variance features via the exclusion of substruc-
tures with low training-set frequency, contributes to the
performance gain. Surprisingly, the median performance
metrics represented by the central horizontal lines in the
boxplots in Fig. 3 indicate that Sort & Slice not only sur-
passes hash-based folding, but it also consistently out-
performs filtering and MIM, two advanced supervised
feature-selection schemes that just like Sort & Slice are
entirely free of bit collisions. More specifically, compar-
ing MIM with hash-based folding delivers mixed results,
with neither method appearing to be clearly superior to
the other; filtering appears to mostly outperform both
MIM and hash-based folding, but is in turn outper-
formed by Sort & Slice. According to our observations,
the median performance metrics in Fig. 3 suggest these
findings frequently tend to show low variance as we
increase the number of repetitions with distinct random
seeds in our experiments.

These observations reveal two points: firstly, the per-
formance gains provided by Sort & Slice over hash-based
folding are not purely the result of avoiding bit collisions
via substructure selection; but the specific substruc-
ture-selection strategy does indeed make an important
difference for downstream predictive performance. Sec-
ondly, and perhaps remarkably, the extremely simple
prevalence-based substructure-selection scheme imple-
mented by Sort & Slice outperforms the more technically
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advanced selection methods underlying filtering and
MIM. This is despite the fact that, unlike MIM and filter-
ing, Sort & Slice is an unsupervised technique that does
not utilise any information associated with the training
label. It appears surprising that Sort & Slice would beat
technically sophisticated supervised feature selection
methods such as filtering or MIM that select substruc-
tures using task-specific information. While the reasons
for this are not obvious, it is conceivable that exploiting
the training label when selecting substructures could
potentially harm the generalisation abilities of a machine-
learning system by contributing to its risk of overfitting to
the training data (just like any other aspect of supervised
model training). Another reason may be related to the
natural frequency distribution of circular substructures
in chemical data sets; the tendency for almost all ECFP
substructures to appear in less than half of all training
compounds causes the simple Sort & Slice algorithm to
essentially coincide with a more complex and potentially
more powerful feature-selection strategy based on the
maximisation of information entropy. Unlike hash-based
folding which is data-set agnostic, Sort & Slice exploits
structural information from the training compounds and
could thus be interpreted as a simple and effective way
to calibrate ECFPs to a specific region of chemical space.

Conclusions

We have introduced a general mathematical framework
for the vectorisation of structural fingerprints via a for-
mal operation referred to as substructure pooling. For
ECFPs, substructure pooling is a natural analogue to
node-feature-vector pooling in message-passing GNN
architectures. Unlike GNN pooling, ECFP-based sub-
structure pooling is almost always performed using one
particular method (hash-based folding); other substruc-
ture-pooling strategies for ECFPs remain largely unex-
plored. Our proposed substructure pooling framework
encompasses hash-based folding, but also a broad spec-
trum of alternative methods that could be explored,
including supervised and unsupervised substructure
selection strategies. Trainable deep learning architectures
operating on sets of chemically meaningful substructure
embeddings also fit into the presented methodology; the
investigation of such neural techniques, while out of the
scope of this study, might form an interesting avenue for
future research. Another valuable future research project
could be to systematically compare the performance of
Sort & Slice ECFPs with other commonly used molecular
featurisation methods such as GNNs [8—-14] and molecu-
lar descriptors [58—60].
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As part of our work, we have mathematically described
and computationally evaluated Sort & Slice, a straightfor-
ward alternative to hash-based folding for the pooling of
ECFP substructures that is very easy to implement and
interpret. Sort & Slice can be seen as a simple unsuper-
vised feature-selection scheme that generates a binary
vectorial fingerprint that is free of bit collisions and based
only on the circular substructures that occur most fre-
quently in the training compounds. Under realistic the-
oretical assumptions that are closely approximated by
common chemical data sets, Sort & Slice can be shown
to select automatically only the most informative ECFP
substructures from an information-theoretic perspective.

An extensive series of strictly conducted computa-
tional experiments indicates that Sort & Slice tends to
produce better (and sometimes substantially better)
downstream performance than hash-based folding at
ECFP-based molecular property prediction. Our numeri-
cal results suggest that the predictive advantage of Sort
& Slice is highly robust and exists across a diverse range
of molecular regression and classification tasks, balanced
and imbalanced classification settings, distinct data split-
ting techniques, machine-learning models and ECFP
hyperparameters. Perhaps surprisingly, Sort & Slice not
only seems to outperform hash-based folding but also
two technically sophisticated supervised substructure
selection schemes [16, 37]. This indicates that, in spite
of its extreme simplicity, sorting ECFP substructures
according to their relative prevalence in a given region
of chemical space of interest and then discarding infre-
quent substructures is a (maybe unexpectedly) strong
feature selection strategy. Based on the robust predictive
advantage of Sort & Slice, its technical simplicity, its ease
of implementation, and its ability to improve fingerprint
interpretability by avoiding bit collisions, we recommend
that it should canonically replace hash-based folding as
the default substructure-pooling technique to vectorise
ECEPs for supervised molecular machine learning.

Appendix A: Technical descriptions of filtering

and mutual-information maximisation

Filtering

We assume that we are given a classification task with
binary labels:

flabels T = {O: 1}-

If instead we are given a regression task with continu-
ous labels, we binarise them by setting all labels below or
above the label median to 0 or 1 respectively. Now let:
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PXZ . 3‘2 — [Or 1]’

be a function that assigns to each training substructure
J € Jz its p-value p,2(J) €[0,1] in a statistical X2
independence test [44] based on the statistical sample
(flabels (M), fi7 (M), derived from the training com-
pounds. The function p,» defines a strict total order < on

J=. Forj,je3;c,wesayj<jif:
p2(J) > pa(J)or |pa(J) =pe(J)and J < j}.

The smaller the p-value, the larger the substructure
identifier according to <, whereby ties are broken using
the (arbitrary) order defined by the integer identifiers
themselves.

Based on Giitlein and Kramers method, we go on to
select a set of L substructures J; from Jz using the fol-
lowing strategy:

« Initialisation: J; :=J<.

o Step 1. A substructure J € J; that fulfills
|suppz(J)| =1 is randomly chosen and removed.
This is repeated until all substructures in Jz appear in
at least two training compounds or until |jz| = L.

o Step 2: A substructure J € Jy that is non-closed is
randomly chosen and removed. This is repeated until
all remaining substructures in J are closed or until
|3z] = L. A substructure J € J; is called non-closed
if there exists another substructure J € J;, such that
suppz(J) = suppg(j )and J contains a proper sub-
graph that is isomorphic to 7.

+ Step 3: The lowest-ranking element in Jjz with respect
to the order < is chosen and removed. This is repeated
until |§z| = L.

Step 1 removes uninformative substructures that occur in
only a single compound. Step 2 represents a graph-theo-
retic attempt to reduce feature redundancy via the removal
of substructures that contain smaller substructures that
match the same set of training compounds. Finally, Step
3 selects the L remaining substructural features that show
the strongest statistical dependence on the training label as
quantified by a y? test.
Using J; and an arbitrary bijective sorting function:

s: 3 —>{1,...,L}

one can construct an embedding that generates an
L-dimensional one-hot encoding for the selected
substructures:
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sid = vlJ) { ©0,-..,0) else.

Substructure pooling via filtering is then given by:

k
V:iPQ) >R WAL T = Y (D).

i=1
The composite map:
Vog: M — R

transforms input compounds into binary fingerprints
free of bit collisions that only encompass the selected
substructures in J;. ¥ depends on both ¥ and fiapels.

Note that the above algorithm for the construction of
J1 implicitly assumes the usual case where L < m<. If for
some reason L is demanded to be larger than m<, then we
simply set Jz := J= and pad the fingerprints generated by
W with additional zeros up to dimension L.

Mutual-information maximisation

Substructure pooling via mutual-information maximisa-
tion (MIM) [36, 37] is performed analogously to filtering,
the only difference lying in the set of selected substruc-
tures Jz. We again assume that we are either given a binary
classification task or a regression task that has been bina-
rised around its median:

Siabels : T — {0,1}.

Using the statistical sample (flabels(M),f7 (M), of
binary training variables, one can compute the empirical
mutual information:

1:35 — [0,00)

between the training label and the feature associated
with a training substructure J € Jg using simple plug-
in entropy estimators [61]. 1 (J) is a nonnegative, sym-
metric and nonlinear measure of statistical dependence
between (fiabets(M))L; and (f7(M:)i_,. The larger
I(J), the more information the presence of substructure
J in a training compound conveys about its label and
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vice versa. The function I defines a strict total order < on
Jz.For J,J € J=, we write 7 < J if:

1) <I(T)or[I(J) =1(T)and J < J1.

We use the order < to select L substructures J; from J<
via the following strategy (assuming L < m<x):

« Initialisation: J; :=J<.

+ Step 1: If for two substructures J,J e I it holds
that supp<(J) = suppg(j), then either 7 or J is
chosen uniformly at random and removed from Jj.
This is repeated until no two substructures have the
same support or until |3z | = L.

« Step 2: The smallest element of J; with respect to the
order < is chosen and removed. This is repeated until
|9zl = L.

Step 1 aims to reduce feature redundancy via the elimi-
nation of pairwise identical substructural features from
the training set. Step 2 subsequently selects the L training
substructures that exhibit the highest mutual informa-
tion with the training label. MIM depends on both ¥ and
fabels and can thus be categorised as a supervised feature
selection scheme. As in the case of filtering, in the unu-
sual case where L is demanded to be larger than m<, we
simply set Jz := J= and pad the resulting vectorial finger-
print with additional zeros up to dimension L.

Instead of MIM, we initially attempted to use condi-
tional MIM, a more advanced information-theoretic
technique that iteratively selects features that maxim-
ise the mutual information with the training label con-
ditional on the information contained in any feature
already picked. However, we observed that even the
fast implementation of conditional MIM described by
Fleuret [62] was computationally slow to select thou-
sands of substructures out of an even larger substruc-
ture pool. This made the generation of vectorial ECFPs
with usual lengths such as L = 1024 or L = 2048 bits
impractical. We thus decided to instead investigate
classical MIM, which represents a natural simplifica-
tion of conditional MIM that remains computationally
feasible even in very high feature dimensions.
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Fig. 4 Predictive performance of the four investigated substructure-pooling methods (indicated by colours) for the agueous solubility regression
data set using varying data splitting techniques, machine-learning models and ECFP hyperparameters. Each bar shows the average mean absolute
error (MAE) of the associated model across twofold cross validation repeated with three random seeds. The error bar length equals two standard
deviations of the performance measured over the 2 x 3 = 6 trained models



Dablander et al. Journal of Cheminformatics (2024) 16:135 Page 16 of 20

COVID Moonshot SARS-CoV-2 Main Protease Inhibition

Random Forest (Random Split)

512-Bit 1024-Bit 2048-Bit 4096-Bit
0.575 Hash
0.550 Filter
MIM
_ 0525 = Sort & Slice
3
9 0.500
c}
Y 0475
=
0.450
0.425
0.400
12 > o 12 > o 12 D o 12 D o 12 D o 12 O o 12 g o 12 g o
LXLLLLLE LLLEELLLL TLLLLLLEELL L LKL
S E & & EE & EFTF & FEEE&EE &&EET &L
Multilayer Perceptron (Random Split)
512-Bit 1024-Bit 2048-Bit 4096-Bit
0.575
0.550
0.525
2
© 0.500
=l
£ 0.475
=
0.450
0.425
0.400
Random Forest (Scaffold Split)
512-Bit 1024-Bit 2048-Bit 4096-Bit
0.575 I
0550 i i
0.525
& 0500 ! " I " " " IIII|| "I """
ol 1 D I e 1
% 0475 " "" || || "
=
0.450 ‘ ‘ ‘
0.425
0.400
v > o SV . o 12 . O 12 . 0o 12 D 0 o
XL LLLEL L LLLELLLL LTLL L K
Q,(’ Q,(' Q,(' «(/ (((, (((, Q,(' Q/b @(/ (((, (((, (((./ Q,(' é./ @(J C QC
Multilayer Perceptron (Scaffold Split)
512-Bit 1024-Bit 2048-Bit 4096-Bit
0.575
0.550
II"
_ 0525 """ ||||" """ "
3
5 oo | ||
EWWNM"HHMMWW"MHMM (ol R M
| W e R
0.400 I I
12 D o 12 ] o 12 D o 12 ] o 12 D o 12 O o 12 g o 12 g o
I Ll LD DL @R LK
L LLEEL L LE L ELLEE LTELELELEL
S E & & EE & EFEET & K E&EE &E&EET &L

Fig. 5 Predictive performance of the four investigated substructure-pooling methods (indicated by colours) for the SARS-CoV-2 main protease
binding affinity regression data set using varying data splitting techniques, machine-learning models and ECFP hyperparameters. Each bar shows
the average mean absolute error (MAE) of the associated model across twofold cross validation repeated with three random seeds. The error

bar length equals two standard deviations of the performance measured over the 2 % 3 = 6 trained models
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Fig. 6 Predictive performance of the four investigated substructure-pooling methods (indicated by colours) for the balanced Ames mutagenicity
classification data set using varying data splitting techniques, machine-learning models and ECFP hyperparameters. Each bar shows the average
average area under the receiver operating characteristic curve (AUROC) of the associated model across twofold cross validation repeated with three
random seeds. The error bar length equals two standard deviations of the performance measured over the 2 % 3 = 6 trained models
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Fig. 7 Predictive performance of the four investigated substructure-pooling methods (indicated by colours) for the highly imbalanced

LIT-PCBA estrogen receptor a antagonism classification data set using varying data splitting techniques, machine-learning models and ECFP
hyperparameters. Each bar shows the average area under the precision recall curve (AUPRC) of the associated model across twofold cross validation
repeated with three random seeds. The error bar length equals two standard deviations of the performance measured over the 2 x 3 = 6 trained

models
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Table 1 Overview of the five molecular property prediction data sets used for our computational experiments

Prediction Task Task Type Compounds Source

Lipophilicity [logD] Regression 4200 MoleculeNet [41]

Aqueous solubility [logS] Regression 9335 Sorkun et al. [46]

SARS-CoV-2 main protease binding affinity [pICs,] ~ Regression 1924 COVID Moonshot Project [48]

Ames mutagenicity Classification

Estrogen receptor @ antagonism Classification

3496 positives Hansen et al. [47]

3009 negatives

88 positives
3833 negatives

LIT-PCBA [49]

Appendix B: Further computational results
In Figs. 4-7, we present detailed computational results
for the four remaining data sets specified in Table 1.

Abbreviations

AUPRC  Area under the precision recall curve

AUROC  Area under the receiver operating characteristic curve
ECFP Extended-connectivity fingerprint

FCFP Functional-connectivity fingerprint

GNN Graph neural network

MAE Mean absolute error

MIM Mutual-information maximisation

MLP Multilayer perceptron

RF Random forest

SMILES  Simplified molecular-input line-entry system
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