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Abstract: Previously, (Hihnke et al., J Comput Chem 2009, 30, 761) we presented the Pharmacophore Alignment
Search Tool (PhAST), a ligand-based virtual screening technique representing molecules as strings coding pharmaco-
phoric features and comparing them by global pairwise sequence alignment. To guarantee unambiguity during the
reduction of two-dimensional molecular graphs to one-dimensional strings, PhAST employs a graph canonization
step. Here, we present the results of the comparison of 11 different algorithms for graph canonization with respect
to their impact on virtual screening. Retrospective screenings of a drug-like data set were evaluated using the BED-
ROC metric, which yielded averaged values between 0.4 and 0.14 for the best-performing and worst-performing can-
onization technique. We compared five scoring schemes for the alignments and found preferred combinations of can-
onization algorithms and scoring functions. Finally, we introduce a performance index that helps prioritize canoniza-

tion approaches without the need for extensive retrospective evaluation.
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Introduction

The Pharmacophore Alignment Search Tool (PhAST) is a string-
based approach to virtual screening.! It reduces each molecule
to an unambiguous linear representation describing its pharma-
cophore—called “PhAST-sequence”—in three steps: (i) each
nonhydrogen atom in the structure graph is replaced by a poten-
tial pharmacophoric point symbol, hydrogen atoms are removed;
(i) vertices of this pharmacophore graph are canonically labeled
by the algorithm of Weininger et al.%; and (iii) vertex symbols
are concatenated into a string in increasing order of their canoni-
cal labels. For virtual screening, both the screening compound
collection (“library") and the query molecules are converted,
and the resulting PhAST-sequences are compared using pairwise
global sequence alignment.® As a result, molecular similarity
values are computed from the alignment, which can be used for
the retrieval of pharmacophorically similar molecules from a
compound database.

Here, we present some modifications to the original method.
To speed up the alignment process, we exchanged the Needle-
man Wunsch algorithm® with an algorithm proposed by Durbin

et al.* that has the same asymptotic runtime complexity but a
lower constant, i.e., it runs faster in practice. We compared the
retrospective virtual screening performance of both algorithms
using BEDROC scores® with Pearson’s p® and complete ranked
result lists with Kendalls’s 7 as rank-correlation coefficient.’
We further investigated alternatives for the evaluation of
sequence alignments, namely the alignment score and the nor-
malized alignment score. This was motivated by a previous
comparison of these methods for determination of homology of
protein sequences.® There, sequence identity was inferior to the
(normalized) alignment score, and both performed worse
than significance-based evaluation methods like the E-value
measure.”

The focus of the present work lies in comparison with differ-
ent canonical labeling algorithms in step (ii) (vide supra) of
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PhAST. We demonstrate the necessity of this canonization step,
which improves performance over random symbol ordering. In
addition to the algorithms proposed by Weininger et al.> and
Jochum and Gasteiger,'® we implemented a third canonization
algorithm for molecular graphs suggested by Prabhakar and
Balasubramanian.'' All three algorithms were tested in their
original version and in a modified version that excludes some of
the original vertex prioritization rules. In addition, we used sev-
eral dimensionality reduction methods, namely linear principal
component alnalysis]2 (PCA) and the nonlinear methods Lapla-
cian Eigenmaps,'® Isomap,'* and minimum volume embedding'’
(MVE) to reduce two-dimensional graphs to one-dimensional
representations.

We compared the different canonization methods by retro-
spective virtual screening of a collection of drugs and lead com-
pounds  (collection of bioactive reference analogues
(COBRA)).!® For statistical evaluation, we used BEDROC’
scores (with oo = 20 as suggested as default value for evalua-
tion®), the permutation test proposed by Zhao et al.,'” and the
Kolmogorov—Smirnov test.'® Finally, we investigated properties
of the canonization algorithms related to their impact on virtual
screening performance. To this end, we quantified the extent to
which neighborhoods of graph vertices are preserved by the
algorithms. Because the small structural modifications of mole-
cules should result in similar PhAST-sequences, we investigated
the effect of adding small fragments to the original molecules.

Methods

Definitions of pharmacophoric points used in step (i) of PhAST
are shown in Tables 1 and 2. We use the original PhAST ver-
sion' as baseline with the only modification being a gap open
penalty of three instead of five. The reason for this was a change
in preprocessing of compounds [“washing” with MOE (Molecu-
lar Operating Environment, version 2010.06, Chemical Comput-
ing Group, Montreal, Canada) instead of using fully protonated
structures], resulting in best retrospective performance for the
new gap penalty. All retrospective screens were performed using
the COBRA library'® (version 6.1, 8311 bioactive compounds;
see Table 3 for a list of the selected targets).

Sequence alignment is used in bioinformatics to decide how
related two sequences (deoxyribonucleic acid (DNA), ribonu-

Table 1. Potential Pharmacophoric Points Used in PhAST.

Possible interactions PPP symbol
Hydrogen bond acceptor A
Charge positive P
Charge negative N
Lipophilic L
Aromatic R
Hydrogen bond acceptor, hydrogen bond donor E
Hydrogen bond acceptor, charge positive Q
Hydrogen bond acceptor, hydrogen bond donor, U
charge positive
No possible interactions (0}

Table 2. Pharmacophoric Point Definitions in Terms of Molecular Query
Language (MQL)" Queries.

MQL query PPP symbols

C R

N R
*[charge < 0] N
*[charge > 0] P
C(=0)—0—H O;N:E
P(=0)—0O—H O;N:E
S(=0)—0—H O;N:E
NlallHydrogens=0&totalConnections=3] Q
N[allHydrogens=1&total Connections=3](—C’)—C’ U
N[allHydrogens=2&total Connections=3]—C’ U
N[allHydrogens=1&totalConnections=2]=C’ E
N[allHydrogens=0&total Connections=2](=C")—C’ A
O—H E
C=0 OA
C[!bound(~ N)&!bound(~0O)]-*[CIFICIIBrIIS] L
Cl L
Br L

I L
S[!bound(~N)bound(~O)]~*'[CIH] L

Symbols are assigned to atoms in the query from left to right; queries
are used from top to bottom.

cleic acid (RNA), and amino acid sequences) are. To create the
alignment of two sequences X = xix5...x, and ¥ = yiyo.. .V,
their symbols are matched. The symbol order is retained, and
gaps may be inserted to improve the matching (insertion of
paired gaps is forbidden). Three cases exist: (i) x; is aligned to
y; and x; = y; (match), (ii) x; is aligned to y; and x; # y; (mis-
match), (iii) x; is aligned to a gap in Y, or y; is aligned to a gap
in X. In protein sequence alignment, matches represent con-
served residues, mismatches may arise from mutations, and gaps
from insertions or deletions in an assumed evolutionary process
of the sequences. Consequently, matches are rewarded with a
positive score, mismatches are either rewarded with a positive
score or penalized with a negative score (depending on the par-
ticular scoring scheme), and gaps are penalized with a negative
score. The optimal alignment is the one with the highest overall
score (summed over the whole alignment). It can be computed
using dynamic programing.’

Table 3. Targets, Taken From the COBRA Library (Version 6.1,
n = 8,311).

No. of

Target Abbreviation actives
Angiotensine-converting enzyme ACE 34
Cyclooxygenase 2 COX2 136
Dihydrofolate-reductase DHFR 64
Factor Xa FXA 228
Peroxisome-proliferator-activated PPARYy 44

receptor type y

Thrombin THR 183
Total 689
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Previously, we used an implementation of the Needleman
Wunsch algorithm® for sequence alignment by PhAST.' The
algorithm was adapted to the affine gap penalty model with a
fixed gap open and gap extension penalty.* This version runs in
O(nm) instead of the original O(nm(n+m)) for any gap penalty
model. To further speed up virtual screenings, we implemented
the global pairwise sequence alignment algorithm conceived by
Durbin et al.,* hereafter referred to as finite-state-machine
(“FSM") algorithm. It has the same O(nm) runtime but runs
noticeably faster in practice. In some cases, the two algorithms
alignments are not identical, because the FSM algorithm prohib-
its the insertion of a gap in Y directly following a gap in X. This
simplification reduces computational cost and causes the
speedup, but it does not change the asymptotic runtime.

To assess whether this influences results, we conducted the
same retrospective virtual screenings twice, once for each algo-
rithm. For each target (Table 3), each active was used as query,
resulting in 689 ranked lists for each of the two alignment algo-
rithms. For each list, the BEDROC score® was calculated (with
o = 20). The correlation between the two sets of BEDROC
scores was determined using Pearson’s p.° Statistical signifi-
cance of the observed correlation was estimated from the p-
value of a ¢ test under the null hypothesis that the correlation
equals zero.

The BEDROC score is based on ranks and thus invariant
under permutations of the actives’ ranks. To investigate differen-
ces in the complete ranked lists produced by both algorithms,
we compared the two ranked lists of each query with Kendall’s
7’ as rank-correlation coefficient. Because ties can occur, we
used 7, wWhich corrects for this scenario. The significance of the
observed rank correlation was calculated as the p-value of a z
test under the null hypothesis that the correlation equals zero.

The focus of this work is on the influence of the canonization
step on PhAST performance. We compared canonization meth-
ods as follows: With each method and for each target, each
active was used as query in a retrospective virtual screening,
resulting in 689 ranked lists. For each ranked list, the BEDROC
score was calculated (¢ = 20). The mean BEDROC score was
used as overall performance index. For each canonization
method and target, gap open and extension penalties were opti-
mized using a grid search (starting from gap open penalty = 2
and gap extension penalty = 1, each combination with gap
extension penalty lower than gap open penalty was tested,
resulting in 190 penalty combinations), as it is hard to choose
them by intuition.”® Gap penalties greater than 20 seem unrea-
sonable as they exceed the highest mismatch penalties.

To prove that the canonization step is essential, we compared
baseline PhAST (Weininger canonization) against PhAST with
random labeling in step (ii) of the algorithm. To avoid bias
(default gap penalties are optimized for Weininger algorithm),
we used the same simple scoring scheme for both labeling
methods: Matches are rewarded with +1, mismatches are penal-
ized with —1, and both gap penalties are 1. For random label-
ing, we generated 100 pairs of PhAST-sequences for each pair
of molecules and used the average score as final similarity
value.

To assess whether two different versions of PhAST have sig-
nificantly different performance, we used the permutation test
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proposed by Zhao et al.'” It has the null hypothesis that virtual
screening method P performs significantly better than method Q.
Assuming p and ¢ are rank lists of actives resulting from the vir-
tual screening methods, the null hypothesis requires that BED-
ROC(p) > BEDROC(g). As each active has two ranks, one in p
and one in ¢, new rank lists p* and ¢* can be created by swap-
ping its rank in p with its rank in ¢ for each active with proba-
bility 1/2. This is repeated 10,000 times and the frequency of
the event that BEDROC(p)-BEDROC(g) is less than BED-
ROC(p*)-BEDROC(g*) is recorded. The frequency of this event
is the type I error rate for the null hypothesis. In addition, we
used a Kolmogorov—Smirnov test'® for the same purpose. Both
methods were used to assess the significance of the difference
between using the Weininger algorithm for graph canonization
and using random concatenation of symbols and to assess the
improvement from baseline PhAST to the best combination of
algorithms identified in this work. In both cases, calculations
were based on the 689 BEDROC scores resulting from each ver-
sion of PhAST.

Canonization Algorithms

The atom-typing step in PhAST yields a graph of potential phar-
macophoric points that has the same topology as the molecular
graph with suppressed hydrogen atoms. Each vertex is colored
with a symbol (Table 1) that represents a potential pharmaco-
phoric point. Edges represent covalent bonds. Canonization is
the labeling of the vertices with the natural numbers 1,2,3... In
a previous study,' we compared the canonization algorithms of
Weininger et al.> and Jochum and Gasteigerm; we reevaluate
them, here, because of changes in molecule preprocessing. In
contrast to these two algorithms, the one by Prabhakar and Bala-
subramanian'' is based on paths, a property thought to be bene-
ficial for PhAST. We modified all algorithms by using pharma-
cophoric points as prioritization criterion instead of the element
number.

Jochum—Gasteiger Method

The canonical labels created by the Jochum and Gasteiger algo-
rithm'® are in most cases identical to those obtained by the Mor-
gan®' algorithm.'® The first step is the separation of all vertices
into two sets—terminal vertices (vertices with exactly one single
bond) and core vertices (all others). All core vertices with the
same buriedness are members of the same equivalence class.
The algorithm divides the vertices of each class further using a
set of prioritization criteria, until only one atom remains that
gets the next label, starting from the vertices in the most buried
class. Prioritization criteria are (i) priority of the potential phar-
macophoric point (atom number in the original application) and
(i) number of free electrons. In both cases, the vertex with the
highest value has priority. The next criteria involve the environ-
ment of the vertices organized in spheres around each vertex.
The vertex with the highest of these values in his neighborhood
gets priority: (iii) number of vertices, (iv) priority of potential
pharmacophoric points, (v) number of free electrons, (vi) num-
ber of bonds in the next sphere, (vii) bond order of these bonds,
(viii) neighborhood to an already labeled vertex, and (ix) bond
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order to the vertex in (viii). If more than one vertex remains af-
ter (ix), all of them are marked as indistinguishable and the
remaining vertices have priority over them. After all distinguish-
able vertices are labeled, (viii) is used to label the undistinguish-
able vertices. After all core vertices are prioritized, terminal ver-
tices are prioritized by criteria (i) and (viii).

Weininger Method

The canonization algorithm by Weininger et al. was proposed as
part of canonical simplified molecular input line entry system
(SMILES) generation.” Its idea is to assign vertices to topologi-
cal symmetry classes. It first assigns a property vector to each
vertex that consists of different atomic invariants mainly based
on the original molecular graph: (i) number of connected verti-
ces, (ii) number of connected nonhydrogen atoms, (iii) priority
of the pharmacophoric point (atom number in the original ver-
sion), (iv) sign of charge, (v) absolute charge, and (vi) number
of connected hydrogen atoms. Vertices with identical vectors
form an equivalence class, and all vertices are sorted ascending
by this vector. For each vertex, its extended connectivity is cal-
culated as follows: Beginning with the equivalence class with
the lowest index, the vertices in each class are assigned the
same prime number, starting with 2. For each vertex in the
graph, the product of the primes of its neighbors is calculated.
These product values define new equivalence classes on the ver-
tices. Each equivalence class, in order of product values, is
assigned an index, starting from 1. This process is repeated until
the number of equivalence classes does not change in a step. If,
after extended connectivity calculation, an equivalence class
contains two or more vertices, these ties are broken by an addi-
tional step: the index of each equivalence class is doubled, and
one vertex from the equivalence class with the lowest index is
randomly chosen to form an own equivalence class with the
index of its original equivalence class lowered by 1. After that,
all equivalence classes are renumbered starting from 1. These
two steps (computing the extended connectivity and breaking
ties) are alternated until the number of equivalence classes
equals the number of vertices in the graph.

Prabhakar—Balasubramanian Method

The canonization algorithm by Prabhakar and Balasubramanian'’
uses more graph-based prioritization rules than the other two
algorithms and progresses along paths through the graph. First,
the number of incident bonds with respect to bond order is
determined for each vertex (c,). As with the Jochum and Gas-
teiger algorithm, vertices are divided into two sets, terminal ver-
tices (¢, = 1) and core vertices (¢, > 1). Labeling starts with
the core atoms. Using the following prioritization rules, they are
divided into smaller subsets, until only one atom (which will get
the next canonical label) remains: (i) number of incident bonds,
(i) number of incident bonds with respect to bond order, and
(iii) pharmacophoric point priority (atom number in the original
version of the algorithm). In these cases, the vertex with the
highest value has priority. If more than one atom with highest
priority remains, copies of the original graph are created, called
“fragments.” If there are n vertices left for prioritization, n—1
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copies of the original graph are created for each vertex v. In
each copy, the first bond in the shortest path between v and one
of the other competing vertices is deleted. Only the part of the
copy that includes v is retained. The remaining prioritization
rules are applied to these fragments; a vertex has the highest pri-
ority, if one of his fragments has a higher priority than the frag-
ments created for all other vertices: (iv) the length of the path
starting in the competing vertex and following the highest pre-
computed ¢, values, until it reaches a vertex already visited or
labeled, (v) number of loops, (vi) length of the longest path in
the fragment, (vii) number of pharmacophoric points not lipo-
philic, aromatic or no interaction, (viii) summed symbol prior-
ities of vertices in the fragment, (ix) averaged distances between
all vertices not lipophilic, aromatic, or no interaction in the frag-
ment. In all cases except the last one, the fragment with the
highest value has priority. If there remains more than one vertex
and there is no already labeled vertex, one of them is chosen
arbitrarily and has priority over all other vertices. If there is al-
ready at least one labeled vertex, (x) the label of the connected
vertex is used. These rules are used in a depth-first search. All
neighbors of the last labeled vertex are the potential candidates
for the next label. If this search reaches an end point, all vertices
adjacent to an already labeled vertex are candidates for the next
label. After all core vertices are labeled, terminal vertices are
labeled according to criteria (ii), (iii), and the label of the
neighboring core atom.

Irrespective of the canonization method used, the PhAST-
sequences created from two identical graphs of pharmacophoric
points are identical. If a pharmacophoric point is changed, but
the topology remains the same, the relative order of symbols in
the PhAST-sequence should remain unchanged as well. Yet all
three algorithms use pharmacophoric point priority as a prioriti-
zation criterion. Consequently, the changes in a PhAST-sequence
because of exchange of a single vertex symbol can be more
severe than intended. To attenuate this, each canonization algo-
rithm was tested in a modified version:

e In the Jochum and Gasteiger algorithm, clipping of terminal
atoms was omitted, and the criteria symbol priority and num-
ber of free electrons were eliminated.

e For the Weininger algorithm, the creation of the initial priori-
tization vector was changed: the priority of the pharmaco-
phoric point, the total number of neighbors, and the number
of neighboring hydrogen vertices were omitted and both
charge criteria.

e For the Prabhakar algorithm, the initial clipping of terminal
vertices was omitted. The priority of the pharmacophoric
point, the number of pharmacophoric points not lipophilic, ar-
omatic or no interaction in a fragment and averaged distances
between all vertices not lipophilic, aromatic or no interaction
in a fragment were removed.

Canonization by Dimensionality Reduction

An alternative approach to canonization that to our knowledge
has not been used before for canonization and does not suffer
from the mentioned drawbacks is the use of dimensionality
reduction algorithms. We implemented four such methods.

DOI 10.1002/jcc



2814 Hdhnke et al. » Vol. 31, No. 15 * Journal of Computational Chemistry

Principal Component Analysis

Principal component analysis'? is a linear dimensionality reduc-
tion method often used to visualize high-dimensional data. We
used PCA to calculate one-dimensional coordinates from two-
dimensional graph layouts generated by the 2D depiction algo-
rithm of MOE (version 2010.06, Chemical Computing Group,
Montreal, Canada). Therefore, the coordinates of the vertices in
each graph were mean-centered, and the covariance matrix
between the position vectors of all vertices calculated. The com-
putation of the eigenvectors and eigenvalues of the covariance
matrix gives the loading vectors that are used for the computa-
tion of the new coordinates of the vertices. To get the one-
dimensional coordinate for each vertex, the dot product between
its original position vector and the loading vector with the high-
est absolute eigenvalue was calculated. Beginning with the ver-
tex with lowest one-dimensional coordinate, we assigned labels
in ascending order. For identical one-dimensional coordinates,
we used their coordinate in the second dimension of the princi-
pal component space as prioritization criterion. In all cases, the
vertex with the lowest coordinate had the highest priority.

PCA finds a low-dimensional embedding of data points that
best preserves their variance. However, PCA fails when a data set
contains nonlinear structures. Nonlinear approaches that overcome
this problem start with the assignment of vertex neighborhoods by
using a connectivity algorithm like k-nearest neighbors,”* b-
matching® (each vertex gets assigned exactly b neighbors), or &-
balls (a vertex is connected to all vertices within distance ¢),
resulting in a neighborhood graph with edges between neighboring
vertices. We directly used the topology of the molecular graph
instead of connectivity algorithms. In the embedding, these meth-
ods aim at preserving the pairwise distances between neighbors.

Laplacian Eigenmaps
Laplacian Eigenmaps13 start by calculating three matrices from

the neighborhood graph: the weight matrix W with [eq. (1)]

. (¢))

W — 1 if i and j are connected
v 0 else

the degree weight matrix D with the column sums of W as
entries [eq. (2)],

Di =Y Wy, (@)
J
and the positive semidefinite Laplacian matrix L [eq. (3)] with
L=D-W. 3)

Then, the eigenvalues and eigenvectors of the generalized
eigenvector problem [eq. (4)] are calculated.

Lf = ADf 4)
Eigenvectors (f) are sorted according to their eigenvalues (/)

in ascending order. The first eigenvector with 4 = 0 is omitted.
The next d eigenvectors are used for embedding. In our case,
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the second eigenvector contains the coordinates for the one-
dimensional embedding.

Isomap

The Isomap algorithm by Tenenbaum et al.'* uses the neighbor-
hood graph to estimate geodesic distances between the vertices.
A matrix D of shortest distances between all vertices is com-
puted, e.g., using the Floyd—Warshall algorithm.>*** Using D,
the matrix 7(D) is calculated as [eq. (5)]:

©(D) = -1« HSH &)
where § is the matrix of squared distances [eq. (6)]
Sij =Dy, (©)
and H the centering matrix [eq. (7)]:

. 1
Hij = bij - Z (7)

with J;; the Kronecker delta and » the number of vertices. The
eigenvectors and eigenvalues of t(D) are computed. To embed
in d dimensions, the first d eigenvectors sorted according to their
eigenvalues in decreasing order are used. If /, is the pth eigen-
value of t(D) and vi,, is the ith component of the pth eigenvec-
tor, then the pth component of the d-dimensional coordinate vec-
tor of a vertex is equal to \/2,v,.

Minimum Volume Embedding

The two previous methods lose all information contained in the
eigenvectors that are not used for the embedding. None of them
aims at minimizing the amount of information lost this way.
MVE'S preserves as much information as possible in the d
dimensions used for embedding. This is achieved by an iterative
process based on semi-definite programing (SDP). First, an affin-
ity matrix A is calculated for the vertices using a kernel function
k. A is positive semidefinite and must be centered. This matrix
is used in the neighborhood definition process (instead of given
vertex coordinates) to obtain a binary connectivity matrix C. A
third matrix K is set equal to A. The following procedure is
repeated until convergence: (i) Calculate the eigenvectors f; and
eigenvalues /; of K, sort the f; descending to their corresponding
A;. (ii) Calculate the matrix B using eq. (8),

d N
B==> ffl+ > I ®)
i=1 i=d+1
(iii) use SDP to solve eq. (9)

K = argmintr(KB) )
KeK

under constraints K defined by Shaw and Jebara,'® tr denotes the
matrix trace (sum of the diagonal elements).
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After convergence, kernel PCA?® is performed with K to get
the d eigenvectors used for embedding. MVE works with any
positive semidefinite kernel k. We used MVE with two different
kernel functions. The first one is a diffusion kernel.>” For each
pair of vertices v; and vj, it returns the probability that a random
walk starting in v; will be in v; after an infinite number of steps,
with only a low probability of leaving the current vertex in each
step. The kernel matrix can be calculated according to eq. (10).%3

K = e~ (10)

where L is the Laplacian matrix introduced in (3) and f§ is the
diffusion parameter. If f# equals 0, no diffusion is allowed and K
equals the unit matrix. K is computed by matrix exponentiation,
which is different from componentwise exponentiation. We used
12 values for f§ to determine its influence on PhAST: 0.01, 0.1,
0.2, 0.3, 04, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0, and 10. The second ker-
nel function calculates inner products from the Euclidean coordi-
nates of the vertices. It is defined as given in eq. (11).

1
k(x,y) =5+ (el + 1y =l = 1) (n

To obtain Euclidean coordinates for each vertex, as for PCA,
we used the 2D depiction algorithm of MOE. This particular ker-
nel is parameter free.

When using dimensionality reduction methods, slight modifi-
cations of a molecule can switch the direction of the axis of the
one-dimensional coordinate system. We addressed this issue by
repeating every sequence comparison during the virtual screen-
ing with one of the sequences inverted, if dimensionality reduc-
tion was involved. We used the higher of the two resulting val-
ues as similarity measure.

Evaluation of the Alignment

In addition to canonization methods, we analyzed the effect of
different alignment evaluation methods. The alignment of nucleic
or amino acid sequences is a traditional field in bioinformatics
and well analyzed. It was shown that there are methods to deter-
mine peptide sequence homology from pairwise alignments that
yield better results than the sequence identity used in PhAST.®
These methods are alignment scores and significance estimations
of alignments. We evaluated two variants of sequence identity
and three variants of alignment scores. There is no significant
overhead compared with sequence identity calculation.

Sequence Identity

The original PhAST used the percent identity (PID;) between
two sequences X and Y [eq. (12)],

PID; = (12)

with A(X,Y) the alignment of X and Y, M(A(X,Y)) the number of
matches in the alignment, and L(A(X,Y)) the length of the align-
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ment (including all gaps). Comparing two sequences of mole-
cules active on the same target but of different size might result
in a low PID,, because the global alignment has to extend the
shorter sequence to the length of the longer one with gaps. To
counteract this effect, we correct for the size of the sequences:
We first calculate the maximum reachable PID, of two sequen-
ces by inserting the maximum number of matches (length of the
shorter sequence) and the minimum length of the alignment
(Iength of the longer sequence) into eq. (12). We then normalize
PID, according to eq. (13):

actual PID,
PID)=———— 13
2 max PID; (13)

Alignment Score

Besides sequence identity, we investigated alignment scores as
evaluation measures. The raw alignment score S; is the sum of
matches, mismatches, and gap penalties. Alignments of long
sequences tend toward higher scores, so S| depends on sequence
similarity and length. We normalize S, by dividing through the
length of the alignment, yielding S,. The resulting score meas-
ures the average contribution of each event in the alignment
(match, mismatch, or gap). S; can also be normalized by divid-
ing through the length of the shortest original sequence, yielding
S3, a measure of the maximum averaged contribution of each
symbol in a sequence. All alignment score methods are meas-
ures of the similarity between aligned sequences, but are no lon-
ger bounded by 0 and 1.

Alignment evaluation methods involving alignment length or
the number of occurrences of an event suffer from the drawback
that there can be more than one optimal alignment of two
sequences, which one is found depends on implementation
details. The alignment of the sequence pair (X,Y) can, therefore,
differ from that of (Y,X) in length, number of matches, number
of mismatches, number of gaps, and gap length. To ensure the
symmetry of our method, i.e., identical scores for A(X,Y) and
A(Y.X), we modified the affected evaluation methods. In case of
PID;, we compute A(X,Y) and A(Y.X), and use the average PID,
as final evaluation measure. This correction is used in the calcu-
lation of actual PID; for PID, as well. In case of S,, we align
both sequence pairs and use the averaged alignment length for
normalization.

In total, we compared 11 graph canonization methods com-
bined with five alignment evaluation methods and 190 gap pen-
alty combinations by conducting 689 virtual screenings for each
combination and averaging the resulting BEDROC scores (¢ =
20). To assess whether our modifications lead to significant
improvements of PhAST, we used the permutation test proposed
by Zhao et al.'” and a Kolmogorov—Smirnov test.'®

Canonization Analysis

To further quantify the differences between canonization meth-
ods, we determined how well the neighborhood relations in the
original pharmacophoric point graph are retained and repre-
sented in the resulting PhAST sequences. We did this by count-
ing how often the vertices, which are neighbors in the graph, are
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Figure 1. Fragments for the comparison of modified molecules.
* Denotes the attachment point. Shown are molecular fragments
(left) and corresponding pharmacophoric point graphs (right).

neighbors in the PhAST-sequence. This was done for every mol-
ecule in the COBRA library of reference compounds.'® For all
graph neighbors that are not neighbored in the one-dimensional
representation, we counted how many vertices were inserted
between them, resulting in a histogram of these distances. As
each pair of neighboring vertices was viewed twice, once from
each vertex as origin, the resulting counts were divided by 2.

For use with PhAST, canonization algorithms should be ro-
bust against small changes in molecular structure, i.e., similar
molecules should have similar PhAST-sequence. This in turn
means that neighbors in the PhAST-sequences of a molecule
should remain neighbors even if the molecule is slightly modi-
fied. To test this, the compounds in the COBRA library were
modified by attaching small fragments. After conversion to
PhAST-sequence, we counted (i) neighboring vertices in the
original PhAST-sequence that are neighbors in the modified
PhAST-sequence, (ia) with their relative orientation as in the
original PhAST-sequence, (ib) with their relative orientation
changed; (ii) neighboring vertices in the original PhAST-
sequence that are not neighbors in the modified PhAST-
sequence, (iia) with their relative orientation as in the original
PhAST-sequence, (iib) with their relative orientation changed. If
two vertices of the same type that are neighbors in the original
PhAST-sequence are still neighbors in the modified PhAST-
sequence, but changed their relative orientation, this event is
counted as (ia) because the change of positions has no effect on
the PhAST-sequence due to identical types. Cases (ib) and (iib)
present a problem for global sequence alignment as a string
comparison method. As the relative position of symbols cannot
be changed, the only two operations that can be reconstructed in
the alignment process are mutations (a symbol changed to
another one) and insertion/deletions (compensated by gaps). A
transversion, i.e., the swapping of two different symbols, cannot
be properly modeled by only one event.

Figure 1 presents the six used fragments. Three fragments
consist only of carbon atoms that are typed as L in the atom typ-
ing step. The other three are topologically identical to the first
three fragments, with one carbon changed to nitrogen typed as
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U. This way, the algorithms are confronted with topological
modifications and changes in vertex priorities. Fragment attach-
ment points should not change the atom typing. We used carbon
atoms that were typed as L, R, or O in the original molecule
and were connected to at least two hydrogen atoms. One of the
hydrogen atoms was replaced by the first atom of the fragment.
Molecules (1612/8311) from COBRA were omitted, because
they had less than 10 possible attachment points. Each single
fragment attachment was repeated five times at random posi-
tions. In addition, each possible combination between fragments
(resulting in 21 unique pairs) was used five times as well, again
at random positions. In total, each molecule was compared to
135 variants of itself.

All modifications were undertaken in a single preprocessing
of the COBRA compound collection to ensure that all algo-
rithms are compared with the same modified molecules. The
resulting molecular graphs were depicted using MOE, because
one variant of MVE depends on Euclidean distances. In the case
of dimensionality reduction methods, again both possible canoni-
zation results were used in the analysis, and we used the one
with a higher preservation of neighborhood relationships. This is
justified, because for these methods, both orientations of the
PhAST-sequence are used during a virtual screen.

All programing was done using the Java Programing Lan-
guage (version 6). Eigen decompositions were done with the
java linear algebra package (JLAPACK) library.>® SDP problems
were solved with the c semi-definite programming library
(CSDP) solver.*® Productive runs and calculations were per-
formed on a Linux cluster with 40 advanced micro devices
(AMD) Opteron 8214 processors and 320 gigabyte (GB) random
access memory (RAM).

Results and Discussion

Choice of Alignment Algorithm

To determine whether the exchange of the alignment algorithm
of Needleman and Wunsch by the faster FSM algorithm affected
the performance of PhAST, we determined the correlation of
BEDROC scores obtained from virtual screening with each
active as reference (n = 689). The Pearson-correlation coeffi-
cient was 0.9996 with a p-value of below 10~ ''. To quantify
the differences within the complete ranked lists, Kendall’s T was
computed (see Fig. 2). The minimum correlation observed was
0.945, the maximum correlation observed was 0.998, and the
average correlation observed was 0.984. The p-value for each 7
was below 0.5 x erfc (% . The FSM algorithm used
only 40% of the runtime of the Needleman Wunsch algorithm.
On the basis of the gain in computation speed and the high
correlations, we decided to employ the FSM algorithm for all
experiments in this study.

Necessity for Canonization

To verify the importance of the canonization step, we compared
BEDROC values (o« = 20) of baseline PhAST and PhAST with
random labeling (average of 100 random labeling procedures
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Figure 2. Box-whisker plots of rank correlation coefficients
between the ranked lists obtained using the Needleman—Wunsch and
the FSM algorithm for sequence alignment per target (n = 34, 136,
64, 228, 44, and 183). Shown are 5th/95th (points), 10th/90th
(whiskers), 25th/75th (box borders) percentiles, median (solid line),
and mean (dashed line).

per comparison; matches = +1, mismatches = —1, gap penal-
ties = 1).

Figure 3 presents the distribution of BEDROC scores per tar-
get. There is almost no overlap, with the exception of cyclooxy-
genase 2 (COX2). The latter can be explained by the distribution
of pharmacophoric points: As given in Table 4, COX2 ligands
have 56% pharmacophoric points of type R. Random concatena-
tions of pharmacophoric points of the same type do not change
the resulting PhAST sequence (more symbols of the same type

0.8 -
[ Random
B Weininger
0.6 -
)
8 0.4 - °
x
[m)
L
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[6]
0.0 -
ACE coxz DHFR FXA PPARy THR
Target

Figure 3. BEDROC (x = 20) scores of Weininger versus random
canonization. A simple alignment scoring system with +1 (—1) for
matches (mismatches) and gap open and extension penalty of 1. For
random canonization, the mean similarity of 100 random sequences
was used. Shown are 5th/95th (points), 10th/90th (whiskers), 25th/
75th (box borders) percentiles, median (solid line), and mean
(dashed line).
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Table 4. Symbol Frequencies in the COBRA Library.

ACE COX2 FXA PPARy DHFR THR

@ Symbols 27.12 24.61 34.34 28.57 27.34 35.95

c 7.43 3.17 5.28 7.03 5.71 7.90
A 8.89 2.27 4.87 5.73 491 6.99
E 0 0.24 0.28 0.08 0.29 1.08
L 23.64 17.99 9.45 17.10 13.83 21.01
N 6.40 0.69 0.46 3.10 2.57 00.43
(6] 23.64 22.80 25.57 19.97 17.49 29.47
P 3.25 0.09 2.85 0.56 0.97 3.02
Q 1.74 0.18 2.92 0.88 0.74 2.60
R 31.45 55.48 48.43 51.31 49.94 29.21
U 0.98 0.27 5.17 1.27 9.26 6.19

“@ Symbols” and “¢” indicate the average number of pharmacophoric
points per molecule and the standard deviation.

only result in fewer possible sequences). The global sequence
alignment matches regions of identical symbols between sequen-
ces, resulting in a high score. Subsequences of different lengths
are compensated by gaps, lowering the score. PhAST-sequences
of COX2 ligands have shortest average length and standard
deviation, i.e., they are least affected by this effect because they
are of comparable length. In agreement with this reasoning, the
target with second largest overlap, peroxisome-proliferator-acti-
vated receptor type, (PPARy), is also second in type R symbols
(51%) and of comparatively small size.

Table 5 presents the results of the Zhao permutation test.
PhAST with Weininger canonization performed significantly bet-
ter than random labeling in 91% of all screenings at a signifi-
cance level of 0.05. In 5% of the screens, random labeling per-
formed better. The latter cases are dominated by screenings on
COX2. A Kolmogorov—Smirnov test showed that the difference
between these two methods is significant with a p-value of
1.0835 X 10~ 7%, We conclude that the canonization step is nec-
essary for PhAST.

Comparison of Canonization Methods

We compared 11 canonization algorithms, five alignment evalua-
tion methods, and 190 gap penalty combinations for their effect
on PhAST in a set of virtual screening experiments employing

Table 5. Permutation Test Results for Weininger Canonization Versus
Random Canonization.

No. of queries Weininger Random
ACE 34 100 (100) 0 (0)
COX2 136 70 (68) 22 (21)
DHFR 64 95 (95) 2(2)
FXA 228 98 (98) 1(1)
PPARy 44 84 (84) 7(5)
THR 183 97 (97) 0 (0)
Total 689 91 (91) 5(5)

Shown are the percentages of cases where one contestant performs sig-
nificantly better than the other at a significance level of 0.05 (0.01).
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Figure 4. BEDROC (x = 20) scores for combinations of alignment evaluation methods and gap pen-
alties. (a) Jochum and Gasteiger algorithm, (b) modified Jochum and Gasteiger algorithm, (c) Wei-
ninger algorithm, (d) modified Weininger algorithm, (e) Prabhakar algorithm, (f) modified Prabhakar
algorithm, (g) MVE with diffusion kernel and diffusion parameter 0.4, (h) MVE with Euclidean dis-
tance kernel, (i) Laplacian Eigenmaps, (j) Isomap, and (k) PCA.
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Figure 4. (Continued)

six targets (Table 3) from the COBRA library of bioactive com-
pounds. For each combination of canonization, alignment, and
gap penalties, each active molecule of each target was used as
query in a virtual screening. Screening success was assessed by

Journal of Computational Chemistry

average (n = 689) BEDROC (a2 = 20) scores. For MVE with
diffusion kernel, we compared 12 values of the diffusion param-
eter f. Only the best performing version with f = 0.4 that
reaches the highest averaged BEDROC score is included in the
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Table 6. BEDROC Scores (o = 20).

Hdhnke et al. * Vol. 31, No. 15 * Journal of Computational Chemistry

Scoring scheme

PID, PID, Sy S, S5
Jochum Gasteiger 0.26 (3, 2) 0.17 (20, 1) 0.35(5, 1) 0.36 (4, 1) 0.35 4, 2)
Jochum Gasteiger modified 0.24 (3, 2) 0.15 (20, 1) 0354, 1) 0352, 1) 0.35 (3, 2)
Isomap 0.28 (20, 1) 0.19 (20, 1) 0.39 (8, 1) 0.39 (7, 1) 0.38 (8, 1)
Laplacian Eigenmaps 0.28 (20, 1) 0.18 (20, 1) 0.38 (8, 1) 0.38 (7, 1) 0.38 (9, 1)
MVE diffusion kernel 0.4 0.29 (3, 2) 0.20 (20, 1) 0.39 (7, 1) 0.40 (5, 1) 0.39 (6, 2)
MVE Euclidean kernel 0.27 (3, 2) 0.16 (20, 1) 0.37 (7, 1) 0.37 (5, 1) 0.37 (5, 2)
PCA 0.24 (3, 2) 0.14 (20, 1) 0.27 4, 2) 0353, 1) 0.26 (4, 3)
Prabhakar 0.27 (13, 2) 0.16 (20, 1) 0.37 (6, 1) 0.37 (5, 1) 0.37 (7, 1)
Prabhakar modified 0.26 (3, 2) 0.17 (20, 1) 0.26 (6, 1) 0.36 (4, 1) 0.36 (6, 1)
Weininger 03133, 1) 0.20 (20, 1) 0.36 (7, 2) 0.37 (6, 1) 0.37 (7, 2)
Weininger modified 0.29 (3, 2) 0.17 (29, 1) 0.36 (5, 2) 0.37 (4, 1) 0.37 (5, 2)

The best gap open/gap extension penalties are shown in parentheses.
Higher scores indicate better virtual screening performance.

following analysis. The results for the remaining settings of f§
are presented in Figure S1 (cf. Supporting Information). Figure
4 presents the outcome of the comparison.

For each canonization algorithm, alignment evaluation meth-
ods and gap penalty combinations have similar effects. For the
algorithms of Weininger, Prabhakar, and Jochum-Gasteiger, the
respective modified versions display a retrospective performance
that is comparable to the original versions of the algorithms.
Our modifications, therefore, neither worsened nor improved
their performance. For MVE, the effect of different kernel func-
tions is minor. The best parameterization of the diffusion kernel
was slightly superior to the Euclidean distance kernel. Isomap
and Laplacian Eigenmaps performed comparably but with
slightly lower BEDROC scores. Among the dimensionality
reduction methods, PCA performed worst. Considering the com-
parison of baseline PhAST with random labeling, we conclude
that having a canonization method at all is more important than
the particular method used.

PID, is the original alignment evaluation method, PID,
penalizes differences in sequence lengths to a lesser extent than
PID,, and performs worse than PID; manifesting in lower aver-
aged BEDROC scores (see Fig. 4). We introduced PID, to com-
pensate for the difference in sequence lengths of actives of the
same target. Although PID, yielded greater similarity values
than PID,, it also did so for sequences from different targets.
This effect generates false positives, thereby, diminishing
screening performance.

The evaluation methods S;, S,, and S5 are all based on the
alignment score with different normalization techniques. They
perform similar and all of them appear to be superior to align-
ment evaluation methods based on sequence identity. We
explain this observation by the improved weighting of matches
and mismatches. Sequence identity is influenced only by the
number of (mis)matches. The alignment score, however, is influ-
enced by the exact type of match or mismatch depending on the
symbols involved. For similar numbers of matches and mis-
matches, this enables a more differentiated evaluation of the
alignment.

Journal of Computational Chemistry

All combinations of canonization and alignment evaluation
strongly depend on the gap penalties used. Retrospective
results for one particular combination of canonization algo-
rithm and alignment evaluation method show strong variation
with different penalty combinations. For each gap open pen-
alty, retrospective performance decreases with increasing gap
extension penalty. This can be explained by the alignment pro-
cess itself. The optimal alignment is the combination of posi-
tive scores for matches and negative scores for mismatches
and gaps that is highest in sum. If gap penalties exceed mis-
match scores, gaps will decrease the alignment score more
than mismatches, thus increasing the number of mismatches.
This results in alignments dominated by mismatches due to
this effect and not because of the exchange of functional
groups in the molecular graph. The resulting alignments do
not reflect molecular similarity anymore and decrease virtual
screening accuracy.

The averaged BEDROC score of the best performing gap
penalty combination is given in Table 6 for each canonization
algorithm and alignment evaluation method. The performance of
baseline PhAST (Weininger canonization, gap open penalty =
3, gap extension penalty 1, alignment evaluation PID;) is
0.29 (bottom left in the table). The best performance was 0.40
[MVE canonization using the diffusion kernel (f = 0.4), gap
open penalty = 5, gap extension penalty = 1, alignment evalua-
tion S,]. To see whether this improvement is significant, we per-
formed the permutation test proposed by Zhao. Table 7 presents
the results per target. The lowest fraction of significantly
improved screenings is for angiotensine-converting enzyme
(ACE) with ~24%. On average, the performance was signifi-
cantly increased in 71% of all screening experiments. Baseline
PhAST performs better only in 21%. In combination with the
increased average BEDROC scores, we conclude that the
improvement of our method is significant. This is supported by
a Kolmogorov—Smirnov test producing a p-value of 1.37 X
1072

Average BEDROC performance for the globally optimal gap
penalty combination and gap penalties optimized for each target
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Table 7. Permutation Test Results for MVE (f = 0.4) Canonization with
S,> Versus Weininger Canonization With PID;.

MVE 0.4 Weininger
No. of queries S, (5, 1) PID; (3, 1)
ACE 34 24 (24) 59 (56)
COX2 136 56 (56) 40 (40)
DHFR 64 95 (95) 33)
FXA 228 67 (64) 22 (21)
PPARYy 44 64 (61) 16 (14)
THR 183 90 (90) 6 (5)
Total 689 71 (70) 21 (20)

Shown are the percentages of cases where one contestant performs sig-
nificantly better than the other at a significance level of 0.05 (0.01).

are very close (Table 8), with a maximum difference of 0.024
for COX2. We conclude that the global optimum (gap open pen-
alty = 5, gap extension penalty = 1) provides reasonable default
values for practical applications.

We varied two major components of PhAST, the canoniza-
tion algorithm and the alignment evaluation method. Changing
both improved baseline PhAST significantly. But which of these
two variables is more important? The lowest score achieved
with PID; (baseline PhAST) is 0.24 (modified Jochum—Gasteiger
canonization), the highest score is 0.31 (Weininger canoniza-
tion). With S, (best performance), even the lowest score of 0.35
(PCA canonization) lies above the highest score of PID;. The
highest score with S, for alignment evaluation is 0.40 (MVE
canonization with diffusion kernel, f = 0.4). In 32 of 33 cases,
the alignment evaluation methods based on the alignment score
yield higher values with the same canonization algorithm than
PID;. For PID,, this is true for all 33 cases. In Table 6, the
mean coefficient of variation (U/,u)6 of the columns is 0.09,
whereas that of the rows is 0.27. Varying the alignment evalua-
tion method, therefore, influences the performance three times
stronger than varying the canonization method. We conclude
that the choice of the alignment evaluation method is more im-
portant than the choice of the canonization algorithm.

Table 8. BEDROC Scores (2= 20) Per Target for Global and
Target-Optimal Gap Penalties.

Average BEDROC
with global optimum
gap penalties (5, 1)

Average BEDROC
with optimum gap
penalties per target

ACE 0.4034 0.4081 @,
cox2 0.4011 0.4251 11, 2)
DHFR 0.5654 0.5704 ©, 1)
FXA 0.3563 0.3676 @1
PPARy 0.2612 0.2612 IC))
THR 0.4130 0.4165 @1

Global optimum gap penalties are gap open penalty 5 and gap extension
penalty 1. The best performing gap penalties per target are shown in
parentheses. Higher scores indicate better virtual screenings performance.
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Figure 5. Canonical labels for (a) chlorpromazine with (b) PCA, (c)
Jochum and Gasteiger algorithm, (d) modified Jochum and Gasteiger
algorithm, (e) Weininger algorithm, (f) modified Weininger algo-
rithm, (g) Prabhakar algorithm, (h) modified Prabhakar algorithm,
(i) MVE with diffusion kernel and diffusion parameter 0.4, (j) MVE
with Euclidean distance kernel, (k) Laplacian Eigenmaps, and (1)
Isomap.

Neighborhood Preservation

As an example, Figure 5 presents the canonical labels generated
for chlorpromazine with each of the 11 compared canonization
algorithms. Both versions of the Prabhakar algorithm have a
tendency to label consecutive paths in the graph. For both ver-
sions of the Gasteiger algorithm, the ground concept of number-
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Table 9. Preserved Neighborhood Relations.

No. of preserved %
Algorithm neighborhoods Preservation

Jochum Gasteiger 20,587 8
Jochum Gasteiger modified 22,801 9
Laplacian Eigenmaps 129,082 49
Isomap 105,152 40
MVE diffusion kernel 0.4 79,289 30
MVE Euclidean kernel 82,363 31
PCA 89,465 34
Prabhakar 163,691 62
Prabhakar modified 174,861 66
Weininger 24,734 9
Weininger modified 25,866 10

ing the vertices in spheres around the most buried atom is recog-
nizable. The other methods tend to spread the labels in a non-
intuitive manner. To further assess the differences between can-
onization algorithms, we analyzed to which extent each method
is capable of preserving neighborhood relations during the
reduction of the two-dimensional graph of potential pharmaco-
phoric points to its one-dimensional form, the PhAST-sequence.
For each method, 264,220 neighborhood relations were checked.
The results are summarized in Table 9.

The large number of preserved neighborhoods with both var-
iants of the Prabhakar algorithm (original: 62%, modified: 66%)
is no surprise as both perform a depth-first search with a com-
plex set of rules to decide which vertex is visited next. The crea-
tion of paths of consecutive canonical labels is inherent to this
approach. The modified version preserves even more neighbor-
hoods as the original algorithm, because it lacks the removal of
terminal atoms as initial steps. As a consequence, paths through
the molecule can include more atoms, and the fragments with
consecutive canonical labels may be elongated.

Both variants of the Jochum—Gasteiger algorithm preserve
least neighborhoods (original: 8%, modified: 9%). This is no
surprise as well, because originating from the most buried verti-
ces in the graph, they work in spheres around this centre. In this
approach, it cannot be anticipated that the resulting canonical
labels reflect neighborhoods to a high extent. If a vertex v; in a
sphere with n; vertices receives canonical label x, all adjacent
vertices from the next sphere of size n; will get assigned canoni-
cal labels that are bound between x + 1 and x + (n,—1) + n,
But the algorithm does not guarantee that these canonical labels
will be directly subsequent to x or to each other. As with the
Prabhakar algorithm, the modified version preserves more neigh-
borhoods because of the fact that the terminal atoms were not
treated separately.

As the number of connected vertices is the main criterion
used for prioritization in the Weininger algorithm, it tends to
work its way from the outside to the inside of a molecule. The
initial equivalence classes are created based on further properties
regarding all atoms at once, not limited to a certain subset as the
vertices connected to the last labeled vertex as in the Prabhakar
algorithm or atoms with the same buriedness as the Jochum—-Gas-
teiger method. So, it does not group atoms by their affiliation to
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a certain region of the molecule but by the similarity of their
overall properties. Further on, the algorithm divides vertices from
the same equivalence class into unique subsets comprising only
one vertex, so this initial partition cannot be reversed. This
behavior is reflected in the low preservation of neighborhoods
with 9% for the original and 10% for the modified version.

All methods for dimensionality reduction only moderately
preserve the neighborhoods. For MVE (diffusion kernel: 30%,
Euclidean distance kernel: 31%), Isomap (40%), and Laplacian
Eigenmaps (49%), this was expected, as they were developed to
preserve local distances between neighboring points in datasets
as good as possible. They do not work in a greedy approach like
the depth-first search used by the Prabhakar algorithm. By
preserving the distances between neighboring pairs, distances
between nonadjacent vertices may be changed. So, it was antici-
pated that the degree of preservation is lower than for the Prab-
hakar algorithm. For PCA (34%), however, this result is surpris-
ing. During PCA projection neighborhoods of vertices are not
regarded explicitly, and different parts of a molecule may col-
lapse in the same region of the PhAST-sequence, merging verti-
ces from different parts of a molecule in the process.

MVE with the diffusion kernel that performed best in the ret-
rospective comparison does not perform best in neighborhood
preservation. The Prabhakar algorithm, which in the modified
version preserves the most neighborhoods, does not perform best
in the retrospective comparison. Pearson’s correlation coefficient
between the retrospective results using the best performing
alignment evaluation method S,, and the percentage of preserved
neighborhoods during the reduction of the two-dimensional
graph to a PhAST-sequence is 0.46. So, despite the fact that dif-
ferent approaches for graph canonization yield notably different
results in this analysis; the percentage of preserved neighbor-
hoods seems unsuited to explain why MVE performed best in
the retrospective comparison.

For each vertex pair in the two-dimensional graph of pharma-
cophoric points, we checked whether their corresponding sym-
bols are adjacent to each other in the PhAST-sequence. If not,

1.2e+5 1
—s— Jochum Gasteiger

—— Jochum Gasteiger modified
1.0e+5 - ~—=— Lapalcian Eigenmaps
—+— |somap

—— MVE diffusion kernel 0.4
—=— MVE euclidean kernel

8.0e+4 PCA
Prabhakar
€ —=— Prabhakar modified
3 6.0e+4 o \ —+— Weininger
8 —— Weininger modified

4.0e+4

2.0e+4

0.0

No. Inserted Vertices

Figure 6. Number of inserted vertices between vertex pairs that are
neighbors in the molecule graph, but not the PhAST-sequence.
X-axis logarithmic to emphasize the interval in which the behavior
of the canonization algorithms diverges most.
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Table 10. Percentages of Neighborhood Relations Preserved and Changed Between PhAST-Sequences When

Modifying a Molecule by Attaching Fragments.

% Preserved % Preserved % Changed % Changed

% original transversed original transversed

Preserved orientation orientation % Changed orientation orientation
Jochum Gasteiger 43.41 42.76 0.65 56.59 44.64 11.95
Jochum Gasteiger modified 40.65 39.47 1.17 59.35 46.43 12.93
Laplacian Eigenmaps 69.86 53.61 16.24 30.14 23.99 23.99
Isomap 64.63 43.25 21.38 35.37 24.55 10.82
MVE diffusion kernel 0.4 65.52 42.70 22.82 34.48 22.84 11.64
MVE Euclidean kernel 53.62 36.54 17.07 46.38 29.47 16.91
PCA 38.42 29.46 8.96 61.58 44.61 16.97
Prabhakar 75.60 72.76 2.84 24.40 19.25 5.15
Prabhakar modified 81.54 77.81 3.74 18.46 14.24 4.22
Weininger 62.03 62.01 0.01 37.97 36.75 1.22
Weininger modified 56.18 55.21 0.97 43.82 40.31 3.51

For both cases, the percentage of neighborhood relations in original orientation and in transversed orientation is

shown in addition.

we counted by how many symbols they are separated. The result
is presented in Figure 6, exact values are available from Table
S1 in the Supporting Information. Overall, all methods for
dimensionality reduction behave similarly. They separate neigh-
boring vertices in the graph more often by only one vertex in
the PhAST-sequence compared to the other canonization algo-
rithms. For separations consisting of more than five vertices,
they have the lowest count of occurrence among all methods. As
both variants of the Prabhakar algorithm have the highest neigh-
borhood preservation, their overall count of insertions between
neighboring vertices is the lowest. They perform a depth-first
search, and only reaching a dead end in this search can cause an
event counted in this experiment. In case of these two algo-
rithms, the number of vertices inserted between neighboring ver-
tices gives the path length from a dead end in the depth-first
search and the next unlabeled vertex.

The Jochum—Gasteiger algorithm works in spheres around
the most buried vertex. Vertices from the same sphere receive
consecutive labels. This explains why both variants of the algo-
rithm have a high number of insertions with less than 10
inserted vertices. Most molecules analyzed here do not possess
enough vertices to create spheres of more than 10 members, so
the count of insertions of this size is very low.

Both variants of the Weininger algorithm lead to a medium
number of insertions of sizes 1-7, but from thereon, they have
the highest count for insertions. MVE performs best in retro-
spective studies for our method. But as well as the percent of
preserved neighborhoods, the number of vertices inserted
between originally neighboring vertices in the graph during the
generation of the PhAST-sequence seems not to be suitable to
explain this good performance.

We have demonstrated that different approaches for graph
canonization show different behavior regarding the number of
vertices they insert between vertices in the PhAST-sequences
that were connected in the two-dimensional graph of pharmaco-
phoric points. MVE with diffusion kernel turned out to be the
best performing method in the retrospective comparison.
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Robustness Against Structural Modification

We tested the robustness of the compared canonization methods
by comparing the PhAST-sequence generated from a molecule
with that generated from a molecule similar to the original but
with a slight structural modification. For each pair of neighbor-
ing vertices in the original sequence, we checked whether they
remain adjacent in the modified PhAST-sequence and whether
they changed their relative orientation. We used six fragments
for chemical structure modification (see Fig. 1) that were
attached individually and in pairs. Each original PhAST-
sequence was compared with 135 variants, 6699 molecules from
the COBRA molecule library were investigated that way. The
results are presented in Table 10.

Both variants of the Jochum—Gasteiger algorithm preserve
around 40% of the neighborhoods from the original PhAST-
sequence in the modified variants. Nearly all of these preserved
relationships are kept in the original orientation, only a small
amount of transversions is generated (original: 0.65%, modified:
1.17%). Nonpreserved neighborhoods are kept mostly in the
original orientation as well (original: ~45%, modified: ~46%),
enabling the global sequence alignment to compensate these
changes by inserting gaps. Only around 12% of all neighborhood
relations are not kept and transversed at the same time.

All methods for nonlinear dimensionality reduction keep
more neighborhood relations but introduce transversions at the
same time to a higher extent, foremost MVE in combination
with the diffusion kernel with over 22% transversions. In case
of disrupted neighborhoods, the fraction of created transversions
is as high as for the Jochum—Gasteiger algorithm or even higher.

The aim of these algorithms for nonlinear dimensionality
reduction is to keep pairwise distances between neighboring
points while embedding a set of data points in a lower-dimen-
sional space. So, they only consider relationships between pairs
of points. Distances between two points are kept even if these
points switch coordinates. So, these methods introduce a high
amount of transversions, because this is a valid operation in their
functioning. PCA preserves the least neighborhoods from the
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Table 11. Time (Seconds) to Canonize the COBRA Library (Version 6.1, n = 8,311) on a Single CPU.

Total Mean Max Min a
Jochum Gasteiger 95.61 0.01150 2.93918 0.00007 0.07857
Jochum Gasteiger modified 116.65 0.01404 2.85762 0.00009 0.08386
Laplacian Eigenmaps 21.48 0.00258 0.08001 0.00019 0.00327
Isomap 20.32 0.00245 0.07376 0.00017 0.00320
MVE diffusion kernel 0.4 9639.19 1.15981 96.29566 0.08336 2.72437
MVE Euclidean kernel 10045.93 1.20875 101.30420 0.09399 2.86952
PCA 2.02 0.00024 0.03797 0.00013 0.00073
Prabhakar 35904.97 4.32017 3159.95603 0.00005 66.66446
Prabhakar modified 135843.44 16.34502 23524.26899 0.00005 402.00449
Weininger 4.46 0.00054 0.01046 0.00006 0.00048
Weininger modified 4.51 0.00054 0.07926 0.00006 0.00098

original to the modified PhAST-sequence, but most of them in
original orientation, not as transversions. It introduces transver-
sions in the disrupted neighborhoods to an extent comparable to
the nonlinear methods for dimensionality reduction.

Both variants of the Weininger algorithm introduce the
lowest fraction of transversions (original version: 1%, modified
version: 4%). Neighborhood preservation is well above the
Jochum—Gasteiger method.

Preservation of neighborhoods between related PhAST-
sequences is highest for both variants of the Prabhakar algorithm
(original version 76%, modified version 82%). This indicates
that paths in the original and altered molecules are very similar.
This is in perfect agreement with the low-transversion rate in
preserved (3% and 5%) and nonpreserved neighborhoods (4%
and 4%).

The correlation between retrospective results using the best
performing alignment evaluation method S, and (i) the percent-
age of preserved neighborhoods is 0.57, (ii) the percentage of
kept but transversed neighborhoods is 0.65, and (iii) the percent-
age of neighborhoods that are disrupted and transversed is 0.09.
This indicates that transversions do not affect performance as
drastically as we expected. The sequence alignment uses only
mutations and insertions/deletions; a transversion can, thus, be
treated by two mismatches or a combination of gap and mis-
match. This explanation is backed up by (iii). None of the corre-
lations is sufficiently strong to qualify the corresponding prop-
erty as necessary for “good” retrospective results. However,
when both variants of the Prabhakar algorithm are omitted as
outliers, the correlation (i) increases to 0.93. We interpret this
observation as an indication that the Prabhakar algorithm differs
from the other canonization approaches (omitting other algo-
rithms does not increase correlation as much: without the Joc-
hum-Gasteiger algorithms: 0.39, without the Weininger algo-
rithms: 0.57, and without the methods for nonlinear dimensional-
ity reduction: 0.65). Indeed, there is such a difference: The
subset of vertices from which the next vertex is chosen is the
smallest of all approaches because of the depth-first like canoni-
zation process of the Prabhakar algorithm. The number of candi-
dates is four or even less in most cases because of the distribu-
tion of vertex degrees in molecular graphs.>' The Jochum—Gas-
teiger algorithm limits the number of candidates by the size of
the current sphere, which is potentially larger than four levels.
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For the Weininger algorithm, the limit is given by the number
of vertices with the same properties, which typically exceeds
four as well. For the dimensionality reduction methods, the next
vertex can potentially be chosen from all remaining vertices.

Until this point, we have combined the results for single and
pairwise modifications of molecules. Treating both cases sepa-
rately does not dramatically change the picture (Tables S3 and
S4 of the Supporting Information). Both the Jochum—Gasteiger
and the Weininger algorithms introduce the fewest transversions.
Both versions of the Prabhakar algorithm preserve neighbor-
hoods best, followed closely by the methods for nonlinear
dimensionality reduction that preserve most neighborhood rela-
tions but not in the original orientation. PCA preserves neighbor-
hoods least but does not introduce as many transversions as the
nonlinear methods. Calculating Pearson’s correlation coefficient
between the retrospective evaluation scores and the percentage
of neighborhoods kept in original orientation, kept in transversed
orientation, and neighborhoods changed and transversed at the
same time reveals in both cases a slightly different relationship
as the combined evaluation. Using only the results of single
(double) modifications, the correlation coefficient between retro-
spective performance and percentage of neighborhoods pre-
served is 0.57 (0.57). In case of transversed neighborhoods, the
correlation coefficient is 0.64 (0.66). The major difference to the
combined case is the relationship between retrospective perform-
ance and percentage neighborhoods changed and transversed,
which correlates with —0.24 (—0.27).

In summary, transversions in the PhAST sequences of similar
molecules do not affect the performance to a great extent. None
of the investigated properties correlate strongly with retrospec-
tive virtual screening performance.

Canonization Time

Computational efficiency is important for rapid virtual screening.
We compared our implementation of the canonization algorithms
with respect to the time needed to process the COBRA library
on a single central processing unit (CPU) of our cluster, atom
typing excluded (Table 11). With only ~2 s for all 8311 mole-
cules, PCA was fastest. Both variants of the Weininger algo-
rithm are fast with a time requirement of about 4 s. The
Jochum-Gasteiger algorithm and all methods for nonlinear
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dimensionality reduction take more time but are still feasible.
For a prospective application, the Prabhakar algorithm might be
too slow. For a medium-sized screening library with 0.5 X 10°
compounds, canonization with this algorithm would take 25
days for the original and 95 days for the modified version (not
including atom-typing). MVE with the diffusion kernel (best ret-
rospective performance) would need ~7 days.

Conclusions and Outline

The canonization algorithm influences the performance of
PhAST in virtual screening, although to a minor extent. None of
the investigated properties of canonization algorithms seems use-
ful as an a priori indicator of retrospective virtual screening per-
formance by PhAST. The best retrospective performance was
achieved using MVE with the diffusion kernel (f = 0.4), gap
open penalty = 5, and gap extension penalty = 1. Different ker-
nel functions vary MVE performance only slightly. Future work
could investigate alternative canonization approaches based on
the molecular graph32 or MVE using other kernels like p-step
random walks®® to further improve performance. Kernels operat-
ing on the graph topology (as opposed to spatial vertex coordi-
nates) have the advantage of being independent from the used
layout/conformation algorithm. We used covalent bonds to
define atom neighborhoods. In the original applications of these
algorithms, neighborhoods were defined by connectivity algo-
rithms like k-nearest neighbors,?* h-matching,?® or &-balls. Using
these instead of covalent bonds would render PhAST-sequences
independent from the original connectivity, possibly increasing
the chance for scaffold-hopping. The recently developed struc-
ture preserving embedding method by Shaw and Jebara®* pre-
serves global connectivity and might be a promising candidate
for further investigation. This technique already showed good
results in embedding 3D structures into two dimensions.>*

MVE inserts many transversions into PhAST-sequences of
similar molecules. Global sequence alignment can treat these
only by mutations and insertions/deletions, and thus might not
be the best metric in this situation. Other string metrics such as
the Damerau—Levenshtein-distance® that are capable of using
transversions as well as mutations and insertions/deletions might
be promising alternatives, not only for PhAST but also for other
string representations like SMILES.

Our study demonstrated that the alignment evaluation method
influences performance more than the canonization algorithm.
For all canonization methods, the alignment evaluation by align-
ment score yielded better results than the sequence identity cal-
culated from the alignment. This has also been observed by
studies on the alignment of protein sequences®; there, signifi-
cance-based methods perform even better than the actual align-
ment score. Some techniques originally developed for local
alignments seem promising for global alignments also.**% A
first simple step in this direction could be the use of Z-scores.
Until recently, one had to create a population of alignment
scores by shuffling and realigning the originally compared
sequences to estimate mean and standard deviation of alignment
scores from alignments of random sequences. Booth et al.
showed that it is possible (for the ungapped case) to calculate

1,39
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mean and standard deviation efficiently, avoiding the time-con-
suming realignment step.*°

An important parameter of PhAST that was not changed in
our study is the score matrix used to score matches and mis-
matches in the alignments. It directly influences the alignments,
and thus the similarity score as well. The systematic develop-
ment of a new score matrix that no longer depends on chemical
intuition alone will be the subject of our future studies. Krier
and Hutter*' recently proposed a process for building a scoring
scheme based on aligning SMILES of molecular fragments.
Their score matrix reflects the frequencies of chemical replace-
ments in pharmaceutical substances. For PhAST, a similar
approach might be possible based on pharmacophoric points,
resulting in a score matrix close to the original concept of Dayh-
off et al.*> Modification of the pharmacophoric points is another
option, one should address at the same time.

With the alignment score as a measure for the evaluation of
global alignments (instead of percent identity) the weighting of
the influence of certain pharmacophoric points seems reasonable.
These points could represent interactions that are necessary for
binding. By upweighting the match and mismatch scores of im-
portant pharmacophoric points, one could force isofunctional
points to be matched. If no such points exist, key interactions
are missing resulting in a low score. Incorporating domain
knowledge in this way could further improve the performance of
PhAST.
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