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Is Molecular Alignment an Indispensable Requirement in

the MIA-QSAR Method?

Stephen J. Barigye* and Matheus P. Freitas

For a decade, the multivariate image analysis applied to quan-
titative structure-activity relationship (MIA-QSAR) approach
has been successfully used in the modeling of several chemi-
cal and biological properties of chemical compounds. How-
ever, the key pitfall of this method has been its exclusive
applicability to congeneric datasets due to the prerequisite of
aligning the chemical images with respect to the basic molec-
ular scaffold. The present report aims to explore the use of
the 2D-discrete Fourier transform (2D-DFT) as a means of
opening way to the modeling, for the first time, of structurally
diverse noncongruent chemical images. The usability of the
2D-DFT in QSAR modeling of noncongruent chemical com-
pounds is assessed using a structurally diverse dataset of 100

Introduction

The advancement of existing computational tools and/or
methods to enhance their utility in molecular modeling consti-
tutes one of the fundamental tasks of theoretical and compu-
tational chemists. For example, several well-known topological
indices have been extended to incorporate information on the
spatial arrangement (conformation) of chemical structures,
many atom-based indices have been generalized to consider
n-tuple relations of atoms, and some 3D-QSAR methods have
been extrapolated to include information on the ligand-recep-
tor interactions "%, Additionally, quantum mechanics derived
descriptors have been revolutionized with the introduction of
the density functional theory allowing for a more wholesome
description of the electronic structure.”’

A decade ago, an innovative method motivated by the
notion that images of chemical structures contain useful
chemical information was introduced.® This method, which
considers image pixels as molecular descriptors, is denomi-
nated as MIA-QSAR (acronym for Multivariate Image Analysis-
Quantitative Structure Activity Relationship) and is based on
the reasoning that there exists a close relationship between
the chemical, physicochemical, and biological behavior of com-
pounds in a congeneric chemical dataset and the nature of
the substituents linked to the basic molecular scaffold. The
MIA-QSAR method may well be considered as a success as it
has found applications in the modeling of a numerous bioac-
tivities ranging from antimalarials, glycogen synthase kinase 3
(GSK-3) inhibitors, anticancer, HIV reverse transcriptase inhibi-
tors, anti-inflammatory activity, phosphodiesterase type 5
(PDE-5) inhibitors, antifungals, farnesyltransferase inhibitors to
antischistosomal activity, among others.®=2*! This method has
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compounds, with reported inhibitory activity against MCF-7
human breast cancer cell line. An analysis of the statistical
parameters of the built regression models validates their
robustness and high predictive power. Additionally, a compari-
son of the results obtained with the 2D-DFT MIA-QSAR
approach with those of the DRAGON molecular descriptors is
performed, revealing superior performance for the former. This
result represents a milestone in the MIA-QSAR context, as it
opens way for the possibility of screening for new molecular
entities with the desired chemical or therapeutic utility. © 2015
Wiley Periodicals, Inc.

DOI: 10.1002/jcc.23992

also been applied in the modeling of physicochemical proper-
ties, herbicide phytotoxic and soil sorption profiles, and chemi-
cal shifts of compounds.?*-2%

Recent advances in the MIA-QSAR strategy to improve its
usability have included the incorporation of color schemes
defined to integrate important chemical information for
instance the atomic electronegativity according to Pauling’s
scale and the modification of the atomic sizes in the images in
accordance to the atoms’ Van der Waals radii with the aim of
codifying information on the steric features of the atoms. Sev-
eral studies have revealed that these schemes in fact do
enhance the modeling capacity of the MIA-QSAR models, in
addition to permitting greater interpretation of the informa-
tion codified.?272%27-27

However, this success story is not exempt of pitfalls. The
MIA-QSAR approach, just like all alignment-based methods,
has been up to the moment applicable exclusively to datasets
of congeneric chemical images, and thus precluding the possi-
bility of performing virtual screening tasks for novel lead com-
pounds with this method. Additionally, while the MIA-QSAR
method follows a much simpler manual alignment rule relative
to other alignment-based techniques like COMFA, COMSIA,
SOMFA, the fact that the alignment is manually performed rel-
ative to a common pixel coordinate of the basic scaffold adds
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subjectivity to this method, in the sense that proper alignment
basically depends on visual accuracy.

In a previous report, we proposed the 2D-discrete Fourier
transform (2D-DFT) as a means of creating a common base for
congruent chemical structural images.*® The 2D-DFT converts
images of chemical structures into magnitude spectra in the
frequency domain and thus creating a common base for con-
structing a Multivariate Image (MVI). Experimental studies
revealed that with the 2D-DFT, the manual alignment proce-
dure could be precluded and thus constituting an important
benefit in the MIA-QSAR context. However, 2D-DFT is in fact
useful in the analysis of images of objects not only of different
orientation, but of varying sizes and shapes. Extrapolating this
understanding to the MIA-QSAR perspective, the present
report aims to explore the use of the 2D-DFT approach as a
means of opening way to the modeling, for the first time, of
structurally diverse noncongruent chemical images. The ration-
ale behind this hypothesis is that as the 2D-DFT decomposes
an image into its constituent linear functions, congruence
becomes a function of these constituents in magnitude spec-
tra and thus superposition of the chemical images with
respect to a particular basic scaffold is not necessary. This
should in turn allow for the QSAR modeling of structurally
diverse datasets.

Materials and Methods
Definition of the 2D-discrete Fourier transform

Fourier transform (FT), whose origin is traced way back in
1822 with the seminal work of the French mathematician
Jean Baptiste Joseph Fourier,®" is probably one of the most
relevant transforms used in modern signal and image process-
ing. The core postulate of FT is that functions (or phenomena)
may be represented in the frequency domain as linear combi-
nations of trigonometric sine and cosine functions of varying
periodicity. These functions are weighted by coefficients of
different magnitudes denominated as Fourier coefficients. In
the context of images, these are simply an arrangement of
discrete linear spatial functions of different orientation and
periodicity (in space). Viewed from this perspective, the FT
permits obtaining a frequency domain representation of
images, denominated as the Fourier spectrum. The 2D-DFT for
an image function flm, n) is defined by the following
expression:

f(m,n)exp[—i2n(um/M+vn/N)] (1)

where u and v denote the spatial frequencies, M and N the
number of points sampled in the R* space. For a given spec-
trum, it follows that the magnitudes of the Fourier coefficients
are related to the intensity of the frequencies in the spatial
domain. The magnitude matrix computed for an image func-
tion f(m, n) is as an M X N image, whose coordinates are the
frequencies (u, v) and the corresponding intensities the pixel
values.
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Chemical dataset for 2D-DFT-based MIA-QSAR modeling

To assess the usability of the 2D-DFT in QSAR modeling of
noncongruent chemical compounds, a structurally diverse
dataset comprised of 100 compounds reported to be active
against the MCF-7 human breast cancer cell line was con-
structed, through a painstaking search of literature.*>=*% The
MCF-7 cell line is a popular estrogen receptor positive control
cell line, widely used for in vitro studies in breast cancer
research. Due to the disparity in the units for the ICsy values
and in some cases improper conversions, these were first regu-
larized and then converted to plCsq values. Figure 1 shows the
chemical structures of the dataset used in this study (see Sup-
porting Information SIT for identity of the substituents). As
may be noted, these structures are not entirely superimpos-
able, and thus modeling using the classical MIA-QSAR
approach would not be possible.

The chemical structures were drawn using the ChemBio-
Draw program and transferred to a work space in the Win-
dows Paint program whose dimension was kept the same for
all structures. The chemical structure images were saved as
TIFF image files and posteriorly converted into magnitude
spectra using the fast Fourier transformation algorithm avail-
able in the MATLAB program.*"’ The magnitude spectra
obtained for the chemical dataset were then used to construct
an | X mX n dimensional MVI, where [ is the number of mag-
nitude spectra (instances) and m X n the sample points of a
magnitude spectra. The MVI was later unfolded to a two-way /
X (m X n) data matrix. Figure 2 is an illustration of the 2D-
DFT MIA-QSAR work flow.

Bearing in mind that the magnitude spectra are symmetri-
cal, half of the variables [i.e., (m X n)/2] are used. Additionally,
all the zero variance variables were excluded as these are con-
sidered as portions of communality in all the chemical struc-
tures of the dataset. The construction of the MVI as well as
the unfolding procedure were performed using the MATLAB
program.”!

Dataset splitting and model building

The chemical dataset was split into training and test sets using
the cluster analysis method. First, hierarchical cluster analysis
(HCA) was performed using the squared Euclidean distance
and Ward’s algorithm as the dissimilarity measure and linkage
rule, respectively. Using the amalgamation schedule, the dis-
tance corresponding to the steepest ascent was identified and
used to determine the optimum number of clusters. Posteri-
orly, k-means cluster analysis (k-MCA) was performed, using
the number of clusters determined with the HCA method. For
each cluster, the compounds were ordered according to their
plC50 values, and the compounds selected to span the clus-
ter's activity range, with 75 and 25% constituting the training
and test sets, respectively (see Supporting Information SI2 and
SI3 for HCA dendogram and the clusters’ membership). This
approach guarantees representativity in the training and test
sets in terms of the structural characteristics of the chemical
compounds and their quantitative bioactivity.
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Figure 1. Molecular structure scaffolds of compounds that constitute the dataset used to build models for the MCF-7 cells inhibitory activity.

Multiple linear regression (MLR)-based models were built for
the MCF-7 cells inhibitory activity, using the MOBYDIGS soft-

ware which allows for the exploration of optimal models using  nitude spectra data matrix and the accepted number of varia-
the genetic algorithm (GA).*? Given the fact that the MOBY-  bles retained. This dimensionality reduction procedure was
DIGS software allows for modeling with a maximum of 2000  performed using the IMMAN software.*

Ry
5 Unfoldin;
Q 2D-DFT ng
Ry

Figure 2. lllustration of the 2D-DFT MIA-QSAR workflow (note that for simplicity a congeneric series is considered).

variables, a rank-based feature selection filter denominated as
the Differential Shannon’s Entropy™! was applied to the mag-
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Figure 3. William’s plot for the 7 variable 2D-DFT-based MIA-QSAR model.

configurations were used for the GA-based exploration of MLR
models: the leave one out cross validation parameter (Q?loo)
was considered as the optimization function, the population
size and the reproduction/mutation trade-off (T) were set at
100 and 0.5, respectively. The MLR-GA approach generates
numerous models, and thus the selection of the best model
was performed considering the squared correlation coefficient
(R?), the standard deviation (s), the Fisher’s ratio (F) and the
Q%loo parameters. Posteriorly, the selected models were vigo-
rously validated using the validation techniques bootstrapping
(Q* boot) and external validation [i.e., the correlation coeffi-
cient for the test set (Q%ext), the modified correlation coeffi-
cient with respect to the origin (Q2ext) and the slope (k) were
considered] to evaluate their robustness and earnest predictive
power, respectively, with the latter performed over a set of
compounds not used in the model building.** A 10-fold Y-
randomization procedure was performed to check for fortui-
tous correlation. It follows that stable prediction models
exhibit low intercept values [i.e, a(R>) and a(Q?], while the
high values indicate high propensity to this phenomenon.
Additionally, leverage and outlier diagnosis was performed
using the William plot.™**!

Results and Discussions
QSAR modeling of the MCF-7 cells inhibitory activity

The best 3-7 variable MLR-based models for the MCF-7 cells
inhibitory activity, determined according to the quality of the
respective statistical parameters were retained. The key
advantage of MLR as a statistical technique is its simplicity.
Figure 3 shows the William’s plot for the 7 variable model.

Wiley Online Library

As can be observed compounds 30 and 84 in the training
set exhibited outlying behavior and their removal improved
the models’ performance. Likewise, compound 76 in the test
set exhibited atypical behavior and was thus excluded. Table 1
shows the model equations as well as the corresponding sta-
tistical parameters (for variables constituting the models 2-6,
see Supporting Information, SI4).

As can be observed from Table 1, the obtained models are
generally robust and possess high predictive power evidenced
by the high Q%oo, Q%boot, and Q%ext values, in addition to
the minimal difference between these parameters and relative
to the R%adj. Moreover, the small intercept values [a(R%), a(Q?)]
suggest that the obtained models are not prone to chance
correlation. On the whole, the 7 variable model [eq. (2)]
presents the best results although the 6 and 5 variable models
legs. (3) and (4)] possess superior Q%ext values, respectively.
Table 2 shows the experimental and predicted values for the
models 2-6.

The low residual values, even with a lower degree of freedom,
suggest satisfactory behavior for the obtained models. These
results demonstrate that the application of the 2D-DFT to the
MIA-QSAR approach permits adequate stratification of informa-
tion on chemical topology in the sense that structural patterns
of congruence (or similarity) are duly identified, permitting the
“filtering” the patterns of dissimilarity which are in theory consid-
ered to be responsible for the variation in the inhibitory activity
of these structurally diverse chemical compounds.

Comparison of 2D-DFT MIA-QSAR approach with DRAGON
descriptors

With the aim of gaining greater insight on the performance of
the 2D-DFT MIA-QSAR approach relative to other alignment
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Table 2. Experimental and predicted inhibitory activity values for the MLR models 2-6.
ID Status Exp. Pred[eq. (2)] Pred[eq. (3)] Pred[eq. (4)] Pred[eq. (5)] Pred[eq. (6)]
1 Training 4.00 4.51 4.11 4.29 443 4.51
2 Test 4.00 347 3.98 3.94 3.98 4.51
3 Test 4.52 5.58 5.61 5.65 5.73 5.68
4 Training 5.40 5.09 4.75 4.87 4.52 5.07
5 Training 5.40 5.13 4.99 5.01 4.55 5.57
6 Training 4.22 4.64 3.79 4.16 4.30 4.07
7 Training 4.16 4.13 4.55 4.78 4.85 4.86
8 Test 6.00 5.32 5.14 5.21 4.96 5.64
9 Training 4.30 4.6 4.89 5.00 4.55 5.59
10 Training 6.10 53 5.23 5.36 5.14 5.00
11 Training 5.70 5.71 5.93 5.77 5.76 5.02
12 Training 5.16 4.98 4.65 493 4.69 4.82
13 Training 5.30 547 4.95 5.10 5.01 4.78
14 Training 4.30 5.05 4.85 5.07 5.10 491
15 Training 4.30 4.06 4.16 4.63 4.27 4.53
16 Test 4.30 4.6 4.00 418 4.37 4.30
17 Training 4.82 532 5.52 5.59 5.55 5.09
18 Training 5.16 5.00 5.16 5.26 511 5.39
19 Test 5.10 5.00 4.19 4.41 4.28 5.50
20 Training 4.30 4.45 4.66 5.04 4.85 5.23
21 Training 4.30 4.50 3.93 4.19 4.22 3.68
22 Training 4.30 5.38 5.23 5.35 5.76 4.79
23 Test 7.40 7.68 7.77 7.55 7.60 7.37
24 Training 7.89 7.22 7.14 6.97 6.85 6.84
25 Test 6.89 6.81 6.75 6.62 6.54 6.58
26 Training 5.06 5.93 6.26 6.08 6.08 6.06
27 Test 5.00 5.05 543 5.16 543 5.51
28 Test 6.68 7.71 7.92 7.56 7.47 7.23
29 Training 6.8 6.40 6.16 6.22 6.23 6.08
£ Training 5.00 - - - - -
31 Training 7.00 6.91 6.34 6.31 6.40 6.27
32 Training 5.85 5.65 6.62 6.51 6.23 6.51
33 Training 6.72 6.80 6.71 6.65 6.89 6.93
34 Training 5.60 6.12 6.11 6.26 6.52 6.58
35 Training 5.00 4.67 5.27 5.49 5.77 6.22
36 Training 6.34 6.70 6.29 6.59 7.14 6.42
37 Training 8.11 6.85 7.19 6.50 6.77 6.67
38 Training 741 6.92 6.41 6.32 6.72 6.22
39 Training 5.85 6.62 7.21 7.01 6.78 6.63
40 Training 5.00 6.34 6.23 6.00 6.08 5.82
41 Training 7.21 6.34 6.04 5.69 5.69 574
42 Test 7.59 7.34 7.70 7.31 7.08 7.14
43 Training 6.89 7.62 7.51 7.15 7.22 7.48
44 Training 6.80 6.44 7.08 6.72 7.00 6.88
45 Training 7.00 6.29 7.21 6.65 6.63 7.07
46 Training 5.00 4.73 4.65 4.51 4.53 5.03
47 Training 7.59 6.96 7.30 6.71 6.90 6.62
48 Training 7.72 6.90 7.07 6.70 6.03 6.63
49 Training 7.54 7.15 6.74 6.64 6.37 6.49
50 Training 7.34 591 6.25 6.20 6.23 5.88
51 Test 5.92 5.72 5.83 5.90 5.47 6.09
52 Training 5.15 5.46 5.01 5.06 4.90 5.72
53 Training 5.00 5.22 5.14 5.07 5.31 5.89
54 Training 5.00 5.23 5.06 5.11 4.69 5.54
55 Test 7.59 8.56 8.56 8.70 8.26 9.28
56 Training 7.14 6.84 7.38 7.12 7.45 6.21
57 Training 6.47 6.94 6.65 6.30 5.86 6.19
58 Training 5.51 5.23 5.75 5.59 5.99 5.49
59 Training 5.26 543 5.72 5.79 6.08 5.58
60 Test 5.21 5.57 5.22 5.18 5.24 5.25
61 Test 5.57 6.02 5.59 5.62 5.63 541
62 Training 5.28 5.19 513 5.03 5.10 5.43
63 Training 5.55 5.84 4.98 4.96 5.08 4.98
64 Training 6.51 6.82 7.03 6.39 6.24 5.81
65 Training 5.23 4.71 5.27 5.14 5.52 5.11
66 Training 4.65 4.58 5.04 5.07 543 5.32
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Table 2. (Continued)
ID Status Exp. Pred[eq. (2)] Pred[eq. (3)] Pred[eq. (4)] Pred[eq. (5)] Pred[eq. (6)]
67 Test 4.25 4.03 4.35 4.46 4.87 4.80
68 Test 4.87 4.57 4.76 4.83 5.28 4.73
69 Training 467 4.11 4.58 4.66 5.10 4.72
70 Test 5.56 4.61 5.99 5.55 6.00 5.61
71 Test 5.20 5.14 5.95 5.63 5.93 5.63
72 Training 5.06 5.17 4.90 4.92 5.34 5.78
73 Training 4.24 4.21 4.66 4.62 5.10 442
74 Test 5.47 4.80 5.75 5.52 5.88 5.13
75 Training 6.32 6.03 5.39 5.06 545 5.16
76 Test 8.92 - - - - -
77 Training 4.97 5.80 5.61 6.09 6.18 5.81
78 Training 6.52 6.87 7.00 6.83 6.78 6.48
79 Training 6.60 7.04 6.97 7.01 7.27 6.68
80 Test 6.00 6.48 6.06 591 5.79 6.17
81 Training 6.52 5.93 6.68 6.71 6.41 6.85
82 Test 9.70 7.31 8.25 7.44 7.19 7.82
83 Test 7.46 7.93 7.99 8.01 6.96 9.02
84kl Training 9.00 - - - - -
85 Training 7.70 7.38 6.86 7.26 7.35 7.97
86 Training 8.16 8.55 8.41 8.65 9.06 8.12
87 Test 8.64 8.64 8.86 9.01 8.73 9.00
88 Training 8.50 7.90 8.23 8.12 7.87 7.87
89 Training 9.16 8.66 8.23 8.72 8.57 8.72
90 Training 8.60 8.31 8.54 8.74 8.57 8.39
91 Training 8.30 8.57 8.58 8.63 8.16 8.43
92 Training 9.52 9.22 8.61 9.20 9.49 8.72
93 Training 7.30 7.32 7.39 7.55 7.00 8.47
94 Training 6.49 7.62 7.90 7.96 7.39 8.55
95 Training 8.52 9.15 8.57 9.10 9.43 8.50
96 Training 8.00 8.57 8.09 8.13 7.73 8.69
97 Training 9.40 10.25 9.77 9.94 9.52 9.50
98 Training 10.30 9.75 9.80 9.68 9.32 9.29
99 Test 8.16 7.08 8.13 7.51 6.83 6.69
100 Training 7.70 7.56 8.00 8.01 8.06 7.70
[a] Outlier compounds.

free approaches, the 0D-3D molecular descriptors imple-
mented in the DRAGON software™® were computed for the
constructed chemical dataset and posteriorly used in the mod-
eling of the MCF-7 cells inhibitory activity. Prior to modeling,
prefilters for constant and highly correlated variables (for pair
correlation coefficients = 1.0) were applied yielding 1612 varia-
bles, with which 3-7 variable MLR-based QSAR models were
built. To ensure comparativity, the same compounds used in
the training and test sets with the 2D-DFT MIA-QSAR approach
were used. Likewise, the best models were selected consider-
ing the squared correlation coefficient (R?), the standard devia-
tion (s) and the Fisher’s ratio (F) and the Q*loo parameters. An
analysis of the William plot for the 7-variable model revealed
outlying behavior for compounds 30 and 79, with the former
being equally identified in the 2D-DFT MIA-QSAR models as an
outlier. The removal of these compounds improved the per-
formance of the DRAGON models and they were thus ulti-
mately excluded. Despite the high residual value for
compound 76 in the test set, it did not amount to outlying
behavior. However, for an earnest comparison, it was not
included in the test series. Table 1 shows the statistical param-
eters and equations of the best models obtained with the
DRAGON molecular descriptors. With the exception of model 9
which is characterized by a low Q%ext value (28.78), the rest of
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the DRAGON models depict good behavior evidenced by the
quality of the respective statistical parameters, and therefore,
the usefulness of the DRAGON MDs in modeling the MCF-7
cells inhibitory activity of the constructed dataset is
demonstrated.

As for the comparison with the 2D-DFT MIA-QSAR approach,
it is interesting to note that generally superior performance is
obtained with the 2D-DFT MIA-QSAR models relative to the
DRAGON descriptor-based models, with the exception of the
external validation parameter (Q%ext) for the 7 variable model
for the latter, where a higher value is obtained (see Table 1). It
should be noted that the DRAGON software is a compilation
of a diverse pool of MDs defined following a wide range of
concepts and mathematical formalisms, representing over 50
years of huge research efforts. This result validates the 2D-DFT
MIA-QSAR approach as an important tool to count on in the
modeling of properties/bioactivities of structurally diverse
chemical compounds.

Conclusions

The usability of the 2D-DFT approach in modeling structurally
diverse datasets has been demonstrated. This approach is
based on the transformation of chemical images into

WWW.CHEMISTRYVIEWS.COM =+ ChemistryViews®
‘. - ..
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magnitude spectra, which are subsequently used to construct
the MVI instead of the original images. The pixel values of the
magnitude spectra are used as the chemical structure descrip-
tors. This result represents a milestone in the MIA-QSAR con-
text, as it opens way possibility for the first time of the
screening for new molecular entities with the desired chemical
or therapeutic utility. Future tasks include the initiative to
exploit the inverse FT to identify the portions or functional
groups responsible for the considered bioactivity. Additionally,
the applicability of other transforms commonly used in digital
image processing for example, the Walsh-Hadamard, Wavelets,
and Discrete Cosine transforms in modeling structurally diverse
datasets will be evaluated.

Keywords: multivariate
sis - quantitative structure activity
Fourier transform - MCF-7 cells

image - multivariate image analy-
relationship - 2D-discrete
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