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Two-dimensional (2D) chemical fingerprints are widely used as binary features for the quantification of structural
similarity of chemical compounds, which is an important step in similarity-based virtual screening (VS). Here, using

an eigenvalue-based entropy approach, we identified 2D fingerprints with little to no contribution to shaping the
eigenvalue distribution of the feature matrix as related ones and examined the degree to which these related 2D fin-
gerprints influenced molecular similarity scores calculated with the Tanimoto coefficient. Our analysis identified many
related fingerprints in publicly available fingerprint schemes and showed that their presence in the feature set could
have substantial effects on the similarity scores and bias the outcome of molecular similarity analysis. Our results

have implication in the optimal selection of 2D fingerprints for compound similarity analysis and the identification of
potential hits for compounds with target biological activity in VS.
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Introduction

Virtual screening (VS) is a computational approach that
is widely used as a cost-effective alternative to the tra-
ditional high-throughput screening for the selection of
initial hits in a search for drugs with a given biological
activity [1, 2]. The foundation of similarity-based VS is
structure-activity relationship (SAR), a concept in which
molecules with similar structures are destined to have
similar biological activities. In such VS applications, thus,
the quantification of structural similarity of molecules
is a crucial step. To quantify the structural similarity of
a pair of molecules, the Tanimoto similarity measure is
commonly applied to fingerprint features based on their
two-dimensional (2D) structures. These 2D fingerprints
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represent each molecule as a binary (0 or 1) vector
characterizing the absence or the presence of specific
properties of its 2D structure. Although this feature rep-
resentation is simple, it has been reported to be more
effective than those using more complex features such as
3D structural patterns [3, 4].

There are libraries of predefined 2D chemical finger-
print dictionaries available to represent molecules as
binary vectors [5]. Among the most commonly used fin-
gerprint schemes for similarity quantification is molecu-
lar access system (MACCS) [6], which was reported to
cover many useful 2D features for virtual screening [7].
While these predefined fingerprint dictionaries are easy
to use, previous studies demonstrated that the selec-
tion of relevant 2D fingerprints from the original set
resulted in better performance [8-10]. These feature
selection methods typically focus on supervised machine
learning settings in which to select a subset of relevant
2D fingerprints that intend to enhance the generality to
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discriminate chemical compounds with a given biological
activity against those without. For example, Nisius, et al.
ranked 2D fingerprints by applying the Kullback-Leibler
divergence to each fingerprint to quantify its asymmet-
ric usage between the active compound class and the
inactive one [11]. Given the nature of drug discovery,
however, these supervised feature selection approaches
inevitably face a challenging class imbalance problem
in practice as available compounds with the target bio-
logical activity is most likely very scarce. That is, had
the number of target bioactive compounds been large
enough to begin with, a pipeline to discover more of the
same would not have probably warranted a large cost of
investment.

Here, we focus on a different issue in the combination
of 2D fingerprints and analyze the effects of related fin-
gerprints on the quantification of molecular similarity
using eigenvalue-based entropy. The eigenvalue-based
entropy was introduced by Alter et al. [12] to indicate
the weight distribution of gene expression eigenvectors
for analysis of temporal gene expression patterns. Var-
shavsky et al. [13] developed an unsupervised feature
selection method that ranks each feature by measuring
its contribution to the eigenvalue-based entropy. We
defined the relatedness of each 2D fingerprint based on
the degree to which the shape of the eigenvalue distribu-
tion of the feature matrix is changed. And, by using the
eigenvalue-based entropy as the scaler value to indicate
the distribution of eigenvalues, we determined related 2D
fingerprints. Thus, we defined a related 2D fingerprint as
a feature that has a (quasi) linear relationship with some
other fingerprints in the feature set regardless of its rel-
evance and importance for the discriminability. As illus-
trated in Fig. 1, the presence of such related fingerprints
can inflate or deflate similarity scores, potentially chang-
ing the outcome of molecular similarity analysis and VS.

In this paper, we applied MACCS and Pubchem finger-
print schemes to human metabolite and drug compound
datasets and identified many fingerprints as related ones.
While the effects of related fingerprints depended on
various factors such as query compounds, the general
trend of the effects of the presence of related 2D finger-
prints was found to mildly lower overall similarity scores
and some of these negative effects were found to be sub-
stantial. Our analysis demonstrated that these effects can
pose challenges in ranking similar compounds and quali-
tatively change the outcome of VS.

Methods
Datasets
From Human Metabolome Database (HMDB) [14],
we retrieved 2D structure data for 25,376 metabo-
lites on September 5, 2019. With a filtering for the
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Fig. 1 An illustrative example for the effects of related fingerprints on
similarity measures. A hypothetical fingerprint scheme with nine bit
keys (F1to Fg) is used to represent small molecules in a hypothetical
compound dataset. The fingerprint matrix of this dataset is found

to have a perfect multicollinearity in the first four features with

2Fy = Fy + F3 + F4.The similarity of a query compound against
three compounds is computed using Tanomoto coefficient (Tc) with
and without this collinearity. For the results without the collinearity,
the Tanimoto coefficient without the first four features (Fyto Fy) is
shown

metabolites found in blood with the metabolite status
being “Detected and Quantified,” we further obtained
the information about 3,202 metabolites for the blood
specimen.

From DrugBank (version 5.1.7) [15], we downloaded
the dataset for aproved drugs with 2,636 entries. After
preprocessing for unique and valid SMILES data, we
obtained 2,466 drug compounds for the DrugBank
dataset.

Molecular similarity measure

We used the implementation of CDK (version 2.3) [16]
to compute 166-bit MACCS and 881-bit Pubchem fin-
gerprint vectors. To measure the similarity of a pair of
compounds, a and b, we computed the Tanimoto coef-
ficient of their [-bit fingerprint vectors, v, and v, as
follows:

S va(ivi ()

sim(a, b) = ] ,
Y i1 Va(@) + vp (i) — va(i)vp (i)

where v(i) represents the i-th element of vector v.
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Eigenvalue-based entropy

Let A be an m by n matrix. Then, an # by n symmetric
matrix AT A is positive semidefinite and has real eigen-
values 41 > A3 > --- > Ay > 0. By defining g; to be the
j-th normalized eigenvalue gj = 4;/ > y_; A, we com-
puted a single value that indicates the complexity of the
distribution of eigenvalues with the normalized entropy
of eigenvalues [12] as follows:

1 n
H= “log () ; gjlog (q)). 2)

This entropy ranges from 0 to 1, with 0 indicating that the
dataset can be constructed based on a single eigenvec-
tor and 1 indicating that each eigenvector has an equal
contribution to the dataset. Eigenvalues were computed
using the svd function in R.

Eigenvalue-based fingerprint contribution measure
Suppose we have m compounds, each of which is
expressed with xn-bit 2D fingerprints. That is, we have
an m by n matrix A whose element a;; represents the
value of the j-th fingerprint for the i-th compound.
Let A[—i] be an m by n matrix that has all but the i-th
column of A, with the i-th column replaced by a zero
column. We computed the contribution of the i-th
(1 < i < n) fingerprint, h; as h; = H(A[—i]) where H(M)
is the eigenvalue-based entropy of matrix M given by
Equ. 2. Note that, because we can first compute n-by-n
matrix from AT A, the computation of each fingerprint
entropy depends on the number of the fingerprints and
not on the number of compounds, which is presumed
to be very large.

Contribution of related fingerprints to the similarity score
Suppose we have two [-bit fingerprint vectors v, and
vp. Further suppose that two k-bit fingerprint vectors
ug and uy, are subvectors of v, and vy, respectively, that
represent their related fingerprints. To measure the
contribution of the related fingerprints to the Tanimoto
coefficient, we compute two scores: the contribution
to the union set and the contribution to the intersect-
ing set. The contribution to the union set of v, and v,
is defined to be the ratio of the union set of the related
fingerprint vectors to the union set of the original fin-
gerprint vectors as follows:

SR 10 () + () — g i)y (i)
€+ 30 vali) + vp(i) — valD)vp(i)

3)

while the contribution to the intersecting set of v, and
vp is defined to be the ratio of the intersecting set of the
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related fingerprint vectors to the intersecting set of the
original fingerprint vectors as follows:

SR g Gy (i)
e+ valvp()

(4)

where € is a small constant (e.g., 10719) to avoid the divi-
sion by zero.

Results

Presence of highly correlated fingerprints

MACCS keys are 166-bit 2D structure fingerprints that
are commonly used for the measure of molecular simi-
larity. Because each bit is either on (i.e., 1) or off (i.e., 0),
MACCS 166 keys can represent more than 9.3 x 10%
distinct fingerprint vectors. After removing 454 entries
with duplicate canonical SMILES strings, we generated
24,922 MACCS fingerprint vectors using the metabo-
lite data we obtained from HMDB [14] (see "Methods").
After filtering out duplicates, we ended up with 3,125
unique fingerprint vectors. On average, thus, 8 metabo-
lites were represented by the same MACCS fingerprint
vector, indicating a high degree of collisions. The high
level of collided metabolites suggests the possibility that
many MACCS keys describe related 2D substructure
characteristics.

To analyze the use of each MACCS key, we first
counted the occurrence of on bit for each key in the
3,125 unique fingerprint vectors (Fig. 2a). We found that
39% of the 166 MACCS keys are on (ie., 1) for fewer
than 10% of the fingerprint vectors, while only 1 key is
on for more than 90% of the vectors. This skewed use of
molecular fingerprints (y; = 0.777) indicates that many
fingerprint bits are set to be off (i.e., 0) in most of the vec-
tors, resulting in highly similar usage patterns. However,
since Tanimoto coefficient, the most commonly used 2D
fingerprint-based similarity measure, does not consider
the off bits (see "Methods"), its similarity analysis of these
HMDB metabolites may not be influenced by the finger-
prints with many off bits.

We next analyzed the association of MACCS keys
whose on-bit counts are more moderate and whose
effects on similarity measure are assumed to be more
profound. To this end, we focused on a subset of the
MACCS keys whose on-bit counts are in a range between
25% and 75% of the total number of the unique vectors.
We obtained 68 MACCS keys that satisfied this con-
straint and computed their pairwise correlation coeffi-
cient values (Fig. 2b). We found that a large fraction of
the pairs (73%) had positive correlation (r > 0). Out of
2,278 fingerprint pairs, while none had strong negative
correlation (r < —0.5), 105 had strong positive correla-
tion (r > 0.5). Among these positively correlated pairs,
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Fig. 2 Fingerprint usage patterns of MACCS 166 keys on HMDB metabolite dataset. a The on-bit count of each key. b The pairwise Pearson’s
correlation coefficient value for each pair of 68 MACCS keys with moderate on-bit counts
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the 127th and the 143rd fingerprints, both of which had
1,875 on-bit counts, had the perfect positive correlation,
suggesting that 2D structures characterized by these two
fingerprints are highly related. Although the correlation
coefficient can capture only a limited type of related fin-
gerprints, these results suggest the prevalence of related
fingerprints in the predefined 2D fingerprint dictionaries.

Characterization of related fingerprints

We next sought to analyze the extent to which more
general types of related fingerprints were present in the
MACCS and Pubchem fingerprint dictionaries. To this

end, we gathered 3202 metabolites found in the blood
specimen from the HMDB metabolite dataset and fil-
tered out compounds with duplicate 2D structures,
duplicate fingerprint vectors, and all-zero MACCS fin-
gerprint vectors. In addition, we removed each com-
pound whose MACCS fingerprint vector has off bits for
more than 90% of the fingerprints.

With this data preprocessing, we selected 1023 metab-
olites that have unique fingerprint vectors. The 1023 by
166 matrix formed with the MACCS fingerprints had the
rank of 144, where the column represents the fingerprints
and the row represents the metabolite (see "Methods"),
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indicating that the pattern of ~ 15% of MACCS fin-
gerprints can be completely captured by the rest. The
Pubchem fingerprints resulted in a 1023 by 881 finger-
print matrix that had the rank of 377, indicating even
more pronounced effects of rank deficiency with more
than half of the fingerprints completely characterized by
linear combinations of 377 fingerprints.

To assess the degree of related fingerprints, we
defined the relatedness using the eigenvalue-based
entropy (see "Methods"). This eigenvalue-based entropy
measure indicates the shape of the eigenvalue distri-
bution [12], with its value ranging from O to 1 where
a lower value indicates that the matrix can be recon-
structed with a linear combination of a smaller num-
ber of eigenvectors. The distribution of the normalized
eigenvalues for the MACCS and Pubchem fingerprint
matrices shows that the first component has > 6 times
higher weight than the second one in both (Fig. 3a),
indicating that their entropy values must be lower.
Indeed, the entropy values of the original MACCS and
Pubchem matrices were 0.474 and 0.355, respectively.
To measure the relatedness of the i-th fingerprint with
the other fingerprints, we computed the change in the
entropy between the original fingerprint-feature matrix
and the feature matrix without the i-th fingerprint
(see "Methods"). This can indicate the contribution of
the i-th fingerprint to shaping the eigenvalue distribu-
tion, which, in turn, allows us to evaluate the degree
to which the i-th fingerprint is linearly related to some
other fingerprints. Figure 3b shows the distribution of
the fingerprint entropy values for both the MACCS
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and Pubchem schemes. We found a high peak at the
entropy value of the original fingerprint-feature matrix,
with many fingerprints having their entropies in near
the original one, indicating that these fingerprints do
not contribute much to the eigenvalue distribution and
are highly related to some other fingerprints.

By measuring the relatedness based on the distance
between the original entropy and the entropy for each
fingerprint, we selected related fingerprints from the
original MACCS and Pubchem fingerprint dictionar-
ies. Let ko and h; (1 <i < n) be the eigenvalue-based
entropy of the original feature matrix and for the i-th
fingerprint, respectively. Then, we selected the i-th fin-
gerprint as a related feature if /; satisfies the following
condition:

" 2
|hi — hol < z L= Uy = ho)” Uy = o) , (5)
n
where z is a reduced-level threshold parameter, which
was set to 0.1, 0.2, and 0.3 in this study. Based on this
approach, we found that many fingerprints in the
MACCS and Pubchem dictionaries are related (Fig. 4a).
With the reduced-level threshold being 0.1, 0.2, and 0.3,
we identified 28, 48, 62 related fingerprints in MACCS
and 454, 525, and 555 in Pubchem, respectively. A
larger fraction of the related fingerprints identified in
the Pubchem scheme with the low threshold value was
expected given that the distribution of its fingerprint
entropies had a higher density of the fingerprints near the
original entropy.
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Fig. 3 Eigenvalue-based analysis of MACCS and Pubchem fingerprint matrices. a Normalized eigenvalues of the first 10 components for MACCS
and Pubchem fingerprint matrices. b The distribution of the eigenvalue-based entropy for MACCS and Pubchem fingerprints
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Effects of related fingerprints on molecular similarity
scores

Using the related fingerprints identified with the eigen-
value-based entropy approach, we set out to examine
their effects on the similarity score. To this end, we first
constructed 1023 by 1023 similarity matrix by comput-
ing the Tanimoto coefficient for each metabolite pair
and generated the normalized eigenvalues of similarity
matrices (Fig. 4b). The comparison of the first six com-
ponents suggests that the similarity matrices computed
from fingerprint sets with various reduction levels in
both MACCS and Pubchem schemes are similar. Next,
we measured the absolute difference of 522,753 distinct
metabolite pairs between the original fingerprint set
and reduced fingerprint sets. We found that the differ-
ence increased as the reduced level threshold increased
in both MACCS and Pubchem fingerprint dictionaries
(Fig. 4c). While both fingerprint schemes had quanti-
tatively similar levels of absolute differences with the
reduced level at 0.01, the difference became wider as
the threshold increases particularly in MACCS, sug-
gesting the effects of removing related fingerprints were
greater in the MACCS scheme even though a higher
fraction of fingerprints were removed in the Pubchem
scheme.

To further analyze the effects of related fingerprints on
the Tanimoto similarity scores, we grouped the metab-
olites in the blood specimen into four classes: drug,
microbial, plant, and endogenous using the metabolite
annotation retrieved from HMDB. In each of these four
categories, we computed the average of the pairwise Tan-
imoto similarity scores. The results show that the aver-
age similarity scores from the reduced fingerprint sets are
quantitatively close to those from the original fingerprint
sets (Table 1). Similarity scores from the reduced finger-
print sets were found to be marginally higher than those
from the original fingerprint sets. In other words, the
inclusion of related fingerprints had negative effects and
slightly decreased the Tanimoto similarity score.

To characterize the significance of the negative effects
of the related fingerprints on individual compound pairs,
we identified the pairs with the 30 largest absolute differ-
ences in the similarity score computed with two reduced-
level thresholds 0 and 0.3 for each of the MACCS and
Pubchem fingerprint schemes. From the comparison of
the similarity scores for different threshold levels in these
60 compound pairs, the negative effects of the related
fingerprints on the similarity score were found to be
prevalent (Fig. 5). Indeed, the similarity scores using the
reduced fingerprints with the threshold 0.3, for example,
demonstrated strong association between the related fin-
gerprints and the negative effects on the similarity scores
(p < 10722 with two-sided exact binomial test).
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Table 1 The average Tanimoto similarity score for five classes of metabolites in the blood specimen for the MACCS and Pubchem

fingerprint schemes with different reduction levels

Scheme Level Drug Microbial Plant Endogenous All

MACCS 0 0.3008 03531 0.3662 03211 03142
MACCS 0.1 0.2990 0.3489 0.3696 03190 03122
MACCS 0.2 0.2944 0.3536 0.3723 03188 03118
MACCS 03 03013 03578 03785 03211 03149
Pubchem 0 0.3048 03323 0.3873 0.2967 0.2968
Pubchem 0.1 03104 03390 0.3922 03012 03016
Pubchem 0.2 03167 0.3384 0.3974 0.3043 0.3053
Pubchem 03 03217 03395 04010 03071 03085

Effects of related fingerprints for different query
compounds

Next, we set out to examine the extent to which related
fingerprints can impact the analysis of similar com-
pounds for different query compounds. To this end, we
used the drug compound data from DrugBank 5.1.7 (see
"Methods") and generated the fingerprint vectors of the
2,466 drugs using MACCS and Pubchem fingerprint
schemes. We performed the eigenvalue-based entropy
approach on the dataset with 0.3 as the reduced-level
threshold, identifying 34 and 470 fingerprint features as
related features for the MACCS and Pubchem schemes,
respectively. We then randomly selected 10 drugs as
the query compounds and measured their structural
similarity against the other 2,456 compounds using the
Tanimoto coefficient. To analyze the contribution of the
related fingerprint features for each query compound,
we used the compounds with the 50 highest similar-
ity scores. Because the Tanimoto coefficient of a pair of
fingerprint vectors is the ratio of the size of their inter-
secting set to that of their union set, we measured the
contribution to the intersecting set and the union set,
separately (see "Methods"). When the contribution of the
related fingerprints to the intersecting set is higher than
the union set, they have positive effects on the Tanimoto
coefficient. By contrast, when their contribution to the
intersecting set is lower than the union set, they have
negative effects on the Tanimoto coefficient.

The contribution of related fingerprints to the Tani-
moto coefficient was found to vary among different com-
pound pairs as well as between MACCS and Pubchem
(Fig. 6). Although, in both schemes, the related finger-
prints had positive and negative effects on similarity
scores of drug pairs, their effects to the union set were
more significant and prevalent in the MACCS fingerprint
scheme. In addition, consistent with the analysis on the
HMDB dataset, stronger effects of the related finger-
prints were found in those pairs with higher contribution

to the union set for both MACCS and Pubchem schemes
(i-e., those with negative effects).

Interestingly, the contribution of the related finger-
prints displayed clustering patterns based on the query
compounds. With Sevoflurane (DB01236) as the query
drug, for example, the related fingerprints contributed
minimal on the intersecting set compared with the union
set for both MACCS and Pubchem, indicating that the
related fingerprints had stronger negative effects on the
similarity scores for this drug. For Ibrutinib (DB09053),
while they contributed to both the intersecting and the
union sets more than 10%, the related fingerprints influ-
enced the intersecting set more, indicating that they had
positive effects on the similarity score. These results indi-
cates that the impact of related fingerprints can depend
strongly on query compounds, suggesting that the pres-
ence of related fingerprints can give rise to bias in simi-
larity scores, potentially making fair analysis of similar
compounds for various query compounds challenging.

Effects of related fingerprints on drug similarity accuracy
Although our results showed the effects of related finger-
prints on molecular similarity analysis based on the Tani-
moto coefficient, it is not clear if those effects can lead to
qualitatively significant changes in structural similarity-
based molecule screening. To analyze potential effects of
related fingerprints in such SAR-based analysis, we used
a dataset consisting of 100 drug compound pairs from
DrugBank 3.0 [17] that 143 experts analyzed to provide
their yes or no binary decisions about the structural simi-
larity [18]. To use this dataset as the correct reference for
similar compounds, we selected a subset of the 100 pairs
whose similarity was supported by at least 80% of the
experts, resulting in 33 pairs of similar compounds. The
Tanimoto similarity scores of these compound pairs were
computed using the original fingerprint set as well as the
reduced one from the DrugBank 5.1.7 dataset, with the
reduced-level threshold set to 0.3.
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Fig. 5 lllustration of 60 metabolite pairs with high levels of changes
in Tanimoto similarity measures. Heatmap showing the similarity
scores of 60 metabolite pairs based (y-axis) on given levels of reduced
fingerprint sets (x-axis). From the MACCS and Pubchem fingerprint
dictionaries, 30 pairs are selected from each based on the difference
between the original set of fingerprints and a reduced set of

fingerprints with reduced level 0.3

We first analyzed the performance of each fingerprint
set by computing five measures: the mean of the similar-
ity scores, the standard deviation of the scores, the num-
ber of pairs whose similarity scores are > 0.8, the number
of pairs whose similarity scores are > 0.7, and the mini-
mum similarity score (Table 2). We decided to focus on
the number of positives because in virtual screening
molecular similarity is used to filter out incompatible
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compounds and to generate initial hits with potentially
similar bioactive properties in order to capture them in
follow-up screenings [1]. That is, in the filtering for the
initial hits, as long as true positives are included, the
number of false positives is not as important.

The reduced fingerprint set resulted in an increase in
the average similarity scores and a decrease in the vari-
ance of the similarity scores mildly yet consistently in
both MACCS and Pubchem schemes. An increase in the
overall similarity score is consistent with the results from
the HMDB dataset, while a decrease in the variance can
be explained by the enhanced generalization achieved
with the removal of related fingerprints. The number of
pairs with high similarity sores also increased by remov-
ing related fingerprints; in the MACCS scheme, the
original fingerprint set and the reduced fingerprint set
with the threshold 0.03 correctly predicted 73% and 85%
of the reference pairs with the positive-calling thresh-
old of 0.8, while in the Pubchem scheme, they correctly
predicted 97% and 100% of the pairs with the positive-
calling threshold of 0.7. Furthermore, in both fingerprint
schemes, the reduced fingerprint set resulted in > 6%
increase in the minimum similarity score among the 33
reference pairs, indicating that the filtering of related
fingerprints was able to improve the similar compound
search more inclusively.

To better understand the significance of the results
from the reduced fingerprint set, we generated 10,000
sets of reduced fingerprints by randomly pruning the
original fingerprint set to have the same size as the one
with the reduced-level threshold 0.03. The comparison
revealed that the filtering of related fingerprints had a
tendency to substantially increase the similarity scores
of a number of pairs, while the random pruning did not
show such directionality bias (Fig. 7). To further analyze
significant changes from the filtering of related finger-
prints, we computed the p-value with the null hypoth-
esis that the filtering of related fingerprints is the same
as the random pruning. We obtained two and four pairs
with significant changes (p < 0.05) from the MACCS
and Pubchem schemes, respectively, and all of these pairs
resulted in an increase in their similarity scores with the
removal of related fingerprints. These results indicate
that related fingerprints are likely to contribute to the
union set more significantly and that the filtering of such
fingerprint features can increase the Tanimoto coefficient
of structurally similar compound pairs.

Conclusions

In this study, we defined related fingerprints to be
those that do not contribute to the shape of the eigen-
value distribution of the original fingerprint feature
matrix and thus are thought to possess a high degree of
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Fig. 6 Contribution of related fingerprints to the similarity score for 10 randomly selected query compounds in DrugBank. The scatterplot shows
two contribution measures from the Tanimoto coefficient (the ratio of the intersecting set to the union) of the drug compounds with the 50 highest
similarity scores for each query compound. The x-axis shows the contribution of the related fingerprints to the union set, while the y-axis shows the
contribution to the intersecting set. The related fingerprints are defined to be the removed ones based on the reduced level 0.3. a MACCS scheme.
b Pubchem scheme

Table 2 Summary of the results from 33 pairs of similar compounds with high consensus from 143 experts using the original

fingerprint set and the reduced fingerprint set

Scheme Fingerprints Mean Std. dev. > 0.8 > 07 min sim®
MACCS Original 0.8724 0.1308 24 31 0.4686
MACCS reduced? 0.8794 0.1229 28 31 0.5000
Pubchem Original 09163 0.0809 29 32 0.6970
Pubchem Reduced 09187 0.0750 29 33 0.7402

“The number of instances in which the similarity score is greater than or equal to 0.8.

bThe number of instances in which the similarity score is greater than or equal to 0.7.

“The minimum similarity score among the 33 pairs.
9The reduced fingerprint set using 0.3 as the threshold

multicollinearity with other features. By developing a
method to identify such related fingerprint features, we
studied their effects on analysis of compound similarity.
Analyzing fingerprint feature matrices in the datasets
of human metabolites and drug compounds, we found
that commonly used predfined 2D structure fingerprint
schemes had many related fingerprints and these finger-
prints affected the scoring of structural similarity differ-
ently depending on compound pairs, which could bias
the outcome of similar compound rankings and qualita-
tively change the list of potential hits. Interestingly, our
analysis showed that the presence of related fingerprints
had a general trend to mildly yet consistently lower the
Tanimoto coefficient and these negative effects were seen
to be substantial for a subset of compound pairs.

Previously, we developed a method to predict ther-
modynamic parameters of biochemical reactions by
using predefined 2D chemical fingerprints and chemi-
cal descriptors as features [19]. In this regression prob-
lem, we dealt with high degrees of multicollinearity in
the fingerprint-based features and sought to enhance
the generalization ability using a LASSO-based feature
selection and a regularized linear regression model.
Here, to analyze the effects of features with a high
degree of multicollinearity on search for similar com-
pounds, we considered a different approach that com-
putes eigenvalue-based entropy to identify related 2D
fingerprint features regardless of their ability to clas-
sify similar compounds. Because this eigenvalue-based
entropy approach is an unsupervised method, it is




Kuwahara and Gao J Cheminform (2021) 13:27

a 2ai @ b 2l =
5a1 = 5a1 +—+
7a{ w 7a{1 ==
10a1 = 10a H
11a ' 1Maq ==
1521 w 15a{ +—
21aq # 21aq +—
22a{ 22a{
29a1 29a1 =
31a{ —e— 31a{ +===
33aq —= 33a{ =
36aq & 36a{ ¥
QA 40aq —= 40 |—==
— 44a1 ++ 44a{ ==
‘G 48a |—==— 483 +—==mmmm
Q51a{ #w 51a- '
QL 56a1 &~ 56a ——
3 57a1 = 57a1 =
O 58a{ 58a- —
O 60a{ ++ 60aq —=—mem——
€ 652 = 65a] =
66aq ! 66a i
67aq & 67a{ +==
71a{ = 71a1 &
77a{1 = 77aq —====
80a{ 80a- '
82a1 w 82a{ ==
84a{ w# 84aq ——
85a1 w= 85a1 —=
87a{ = 87a1 E=—
89a1 = 89a '
91aq += 91a{ +—=—
92a{ 92a1
0.0 0.1 0.20.3 0.00 0.05 0.10
relative change relative change
Fig. 7 Relative changes of the Tanimoto similarity measure with the
fingerprints in the reduced level 0.3 with respect to the one with
the original fingerprints. The relative similarity changes are shown
for the 33 similar-compound pairs with a high consensus by the 143
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expected to be integrated seamlessly to exiting similar-
ity-based VS pipelines that use 2D fingerprints as fea-
ture vectors.

Our results indicate that the presence of related fin-
gerprints in predefined fingerprint dictionaries can
pose challenges in objectively ranking the degree of
similarity among compounds from different datasets
and for different query compounds, making the evalu-
ation of structural similarity for not only multiple-mol-
ecule queries but also single-molecule queries difficult.
As each compound dataset can have different sets of
related fingerprints, our results demonstrate the impor-
tance of knowing which fingerprints have high degrees
of relatedness and how such related features affect the
Tanimoto similarity scores. This study also emphasizes
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that an increase in the number of structural finger-
prints may not always enhance the search performance
for similar compounds and that feature selection is a
valuable preprocessing step for the task of SAR analysis.
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