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Abstract Aromatase, a rate-limiting enzyme catalyzing
the conversion of androgen to estrogen, is overexpressed in
human breast cancer tissue. Aromatase inhibitors (AIs) have
been used for the treatment of estrogen-dependent breast can-
cer in post-menopausal women by blocking the biosynthesis
of estrogen. The undesirable side effects in current AIs have
called for continued pursuit for novel candidates with aro-
matase inhibitory properties. This study explores the chemi-
cal space of all known AIs as a function of their physicochem-
ical properties by means of univariate (i.e., statistical and
histogram analysis) and multivariate (i.e., decision tree and
principal component analysis) approaches in order to under-
stand the origins of aromatase inhibitory activity. Such a non-
redundant set of AIs spans a total of 973 compounds encom-
passing both steroidal and non-steroidal inhibitors. Substruc-
ture analysis of the molecular fragments provided pertinent
information on the structural features important for ligands
providing high and low aromatase inhibition. Analyses were
performed on data sets stratified according to their structural
scaffolds (i.e., steroids and non-steroids) and bioactivities
(i.e., actives and inactives). These analyses have uncover a
set of rules characteristic to active and inactive AIs as well
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as revealing the constituents giving rise to potent aromatase
inhibition.

Keywords Aromatase · Aromatase inhibitor · Breast
cancer · Chemical space · Principal component analysis ·
Data mining

Introduction

Cancer is the leading cause of death worldwide, accounting
for an estimated 7.6 million deaths in 2008 [1]. Breast cancer
is the most common type of cancer in women for both devel-
oped and developing countries. The effectiveness of anti-
hormonal treatment of early breast cancer can be attributed
to the fact that approximately two-thirds of breast tumors are
hormone-dependent and require growth factors like estro-
gen to grow [2]. Tamoxifen, a selective estrogen receptor
modulator, is an adjuvant endocrine therapy that had for the
past 30 years been the gold standard of care in the treatment
of women with estrogen receptor-positive breast cancer [3].
Although being an effective agent for breast cancer treatment,
it possesses some inherent adverse estrogenic properties in
the uterus and vascular system that ultimately culminates
in an increased risk of endometrial cancer and thromboem-
bolism [4].

Human aromatase is the expression product of the
CYP19A1 gene located on chromosome 15q21.1 and a sole
member of family 19 of the cytochrome P450 superfamily,
which is one of the largest superfamily. The protein is com-
posed of 503 amino acids with a heme co-factor at the central
cavity coordinated by Cys437. The crystal structure of aro-
matase has first been determined by Ghosh et al. [5] at a
resolution of 2.9 Å and recently refined by the same group
to 2.75 Å [6]. The major source of estrogen production in
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post-menopausal women originates from the biosynthetic
conversion of androgens to estrogens by the aromatase
enzyme. The enzyme catalyzes the biosynthesis of estro-
gens from androgens in a three-step process whereby the
C19 methyl group of the androgenic substrate is oxidized to
formic acid in concomitant with aromatization of the A ring
to the characteristic phenolic A ring of estrogen [7]. There-
fore, the inhibition of aromatase would greatly reduce the
level of estrogen and compounds achieving such effects are
known as aromatase inhibitors (AIs).

AIs have emerged to become the standard of care for
the treatment of post-menopausal women with estrogen
receptor-positive breast cancer [8]. AIs can be categorized
into two major types according to their structural proper-
ties: (1) steroids (type I inhibitor) and non-steroids (type II
inhibitor) [9]. The former class is known as mechanism-
based inhibitors as they are converted into a chemically
reactive species that bind covalently and irreversibly to aro-
matase; they are thus termed enzyme inactivators or suicide
inhibitors. The latter class interacts reversibly with the heme
co-factor by employing its azole moiety. Over the years, three
generations of AIs have emerged [7]. The sole member of
the first-generation of inhibitor is the non-steroidal aminog-
lutethimide. Owing to its poor specificity, aminoglutethimide
inhibits other cytochrome P450 enzymes involved in corti-
sol aldosterone biosynthesis, which led to its toxicity and
ultimately led to its withdrawal from clinical use. Second-
generation inhibitors are composed of the non-steroidal imi-
dazole derivative fadrozole and the steroidal analog formes-
tane. Although fadrozole was more selective and potent than
aminoglutethimide but its inhibitory properties toward aldos-
terone, corticosterone, and progesterone biosynthesis was
undesirable. Formestane is a steroidal and the first selec-
tive AI to be used clinically. In spite of its high potency,
the requirement that it be administered intramuscularly had
limited its usage. Third-generation inhibitors are composed
of triazole derivatives anastrozole and letrozole as well as
the steroidal exemestane. In comparison to the first and sec-
ond generations, the third-generation of inhibitors provided
greater clinical benefits while also displaying robust aro-
matase inhibition of 98 % or more, which is in contrast to
the 80–90 % inhibition of the former two generations [10].

In spite of good therapeutic potentials afforded by exist-
ing AIs, there is still ample opportunities for improving the
bioactivities of these inhibitors. Therefore, this calls for the
search for novel highly potent chemotypes possessing robust
aromatase inhibition and drug-like properties. The analysis
by Lipinski et al. [11] on oral drugs in their formulation of
the well-known “rule of five” has immense impact for drug
discovery efforts. In light of this, we report for the first time
an exploration of the chemical space of AIs as well as the
formulation of a set of simple and intuitive rules defining the
preferred physicochemical properties for aromatase inhibi-

tion. The derived rules may be applicable for future screening
of putative AIs. In order to achieve our proposed goals, we
performed an exhaustive compilation of a large data set of
AIs to serve as a knowledge base for further mining of useful
information. Compounds were derived from the primary lit-
erature and this encompasses both steroidal and non-steroidal
scaffolds. This comprehensive data set offers great opportu-
nity for investigating the underlying profiles governing aro-
matase inhibition and in this study this was achieved with
univariate and multivariate approaches.

Materials and methods

Data set compilation and curation

An exhaustive search for all compounds with reported aro-
matase inhibitory activities have been compiled from the pri-
mary literature. Such bioactivities were available in several
formats: IC50 (and pIC50), EC50, and Ki . As IC50 values were
the most abundant, therefore they were subsequently used for
further investigations. Redundant compounds were identified
as those with duplicate compound names, SMILES and IC50

values and were subjected to removal from the data set. This
resulted in the final set of 973 non-redundant compounds,
which is composed of 280 steroidal and 693 non-steroidal
AIs. Compounds were further classified by their biological
activity into active AIs for compounds having pIC50 values
above 6 (corresponding to IC50 value less than or equal to
1 µM) and as inactive AIs for those having values below 5
(corresponding to IC50 value greater than or equal to 10 µM)
while those with intermediate biological activity with pIC50

values in the range of 5 and 6 were not considered. This
resulted in the removal of 319 compounds (comprising of
100 steroids and 219 non-steroids) to yield a new total of
654 compounds (comprising of 180 steroids and 474 non-
steroids). The full data set of 973 compounds and subset of
654 compounds after intermediates removed are available in
Supplementary Tables S1 and S2, respectively.

Molecular descriptors

Molecular descriptors are numerical description of the
physicochemical properties of compounds as a function of
their molecular structures. Chemical structures of investi-
gated compounds were drawn using VIDA [12] and con-
verted to the suitable file format using Babel [13]. A set of
13 easy-to-interpret molecular descriptors (i.e., six quantum
chemical descriptors and seven molecular descriptors) was
selected to account for the physicochemical properties of
AIs. Descriptors were generated by means of computational
chemistry and these descriptors have been widely used for
elucidating the physicochemical property and reactivity of
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compounds [14–21] as well as used in modeling their bio-
logical activities [22–29] and chemical properties [30–34].

The first set of six quantum chemical descriptors were
calculated by semi-empirical AM1 method using Gaussian
09 [35]: (1) mean absolute charge (Qm), (2) energy, (3)
dipole moment (µ), (4) highest occupied molecular orbital
(HOMO), (5) lowest unoccupied molecular orbital (LUMO),
(6) energy gap of the HOMO and LUMO state (HOMO–
LUMO gap). An additional set of seven molecular descriptors
were calculated using DRAGON 5.5 Professional [36]: (7)
molecular weight (MW), (8) rotatable bond number (RBN),
(9) number of rings (nCIC), (10) number of hydrogen bond
donors (nHDon), (11) number of hydrogen bond accep-
tors (nHAcc), (12) Ghose–Crippen octanol–water partition
coefficient (ALogP), and (13) topological polar surface area
(TPSA).

Univariate and multivariate analysis

Univariate and multivariate analysis were carried out to
investigate patterns, features, and trends that were inher-
ently present in the calculated molecular descriptors. The
former was performed by constructing histogram plots of
descriptors using Python scripts implemented with the mat-
plotlib module while the latter was performed by performing
principal component analysis (PCA) using The Unscrambler
software package [37] and decision tree analysis using the
J48 algorithm of the Weka software package, version 3.4.12
[38]. Confidence factor of 25 % [39] was employed in the
decision tree analysis.

Statistical assessment

Normality of each data subset (i.e., molecular descriptors for
steroids and non-steroids as well as actives and inactives) was
assessed using Kolmogorov–Smirnov test. Since descriptors
exhibited non-normal distribution therefore Mann–Whitney
U test was employed to measure the statistical significance
of the investigated pairs (i.e., steroids vs. non-steroids and
actives vs. inactives).

The predictive power of classification models was statis-
tically evaluated using sensitivity, specificity, and accuracy
as described by the following equations:

Sensitivity = TP

(TP + FN)
(1)

Specificity = TN

(TN + FP)
(2)

Accuracy = TP + TN

(TP + TN + FP + FN)
, (3)

where TP is the number of true positives, TN is the number
of true negatives, FP is the number of false positives or over-
predictions, and FN is the number of false negatives or missed
predictions.

Molecular fragment analysis

In addition to analyzing the AI properties as expressed by
molecular descriptors, substructure analysis of the under-
lying molecular fragments was performed using Frag-
menter and FragmentStatistics, which are the molecular
fragment creation and analysis components, respectively,
of ChemAxon’s JChem technology [40]. Briefly, chemical
structures in SDF format were generated for all AIs using
ChemAxon’s MarvinSketch. Drug activity was appended to
these SDF files with an in-house developed text processing
program coded in C++. Fragmenter was used to process the
activity-tagged SDF files containing the structural informa-
tion of all AIs. Substructures were generated according to
the FragmenterAll protocol. Resulting fragments were then
subjected to further processing by a component of JChem
known as the FragmentStatistics toolkit, which allows the
division of molecular fragments according to the activity
value of their parent molecules thereby enabling identifica-
tion of fragments that are possibly associated with therapeutic
activity. An activity cut-off value of 6 and 5 was used to distin-
guish active and inactive fragments, respectively. Fragments
were ranked according to their molecular score as defined by
ChemAxon FragmentStatistics as summarized in the equa-
tion below:

Score = Atom count

×(noccurence in active set − noccurence in inactive set). (4)

Results and discussion

Univariate analysis of steroidal and non-steroidal aromatase
inhibitors

From the total of 973 AIs collected in the data set herein
it was observed that 280 were steroids and 693 were non-
steroids. Simple histogram (Figs. 1 and 2) and statistical
analysis (Tables 1 and 2) for each descriptor were per-
formed to provide an overview on the relative distribution
of the data values. As AIs are composed of two major
classes (i.e., steroids and non-steroids) belonging to different
structural scaffolds, it was therefore deemed appropriate
that separate analysis should be performed as to optimally
shed light on their unique physicochemical properties as
well as gain insights on their mechanisms of therapeu-
tic activity. Simple statistical analysis of bioactivity val-
ues revealed that the mean pIC50 value of AIs was 5.4
(about 3.98 µM) and 6.19 (about 0.64 µM) for steroids and
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Table 1 Summary of statistical
analysis of steroids and
non-steroids

Steroids Non-steroids P value

MW 331.950 ± 39.960 298.319 ± 62.365 <0.001
RBN 1.718 ± 1.832 3.609 ± 2.098 <0.001
nCIC 4.207 ± 0.406 3.203 ± 0.776 <0.001
nHDon 0.389 ± 0.646 0.685 ± 1.123 0.003
nHAcc 2.493 ± 0.924 3.535 ± 1.767 <0.001
ALogP 4.045 ± 1.241 3.267 ± 1.122 <0.001
TPSA 40.916 ± 14.468 53.698 ± 30.830 <0.001
Qm 0.207 ± 0.012 0.211 ± 0.036 0.412
Energy −1,097.594 ± 374.352 −1,127.723 ± 621.275 <0.001
Dipole moment 3.601 ± 1.150 4.215 ± 1.782 <0.001
HOMO −0.228 ± 0.011 −0.224 ± 0.019 <0.001
LUMO −0.042 ± 0.028 −0.051 ± 0.026 <0.001
HOMO–LUMO gap 0.186 ± 0.026 0.173 ± 0.026 <0.001
pIC50 5.399 ± 1.035 6.187 ± 1.307 <0.001

non-steroids, respectively. It can be seen that non-steroids on
average had slightly higher therapeutic activity than steroids
(P < 0.001).

Several aspects of the chemical properties of AIs will be
discussed either by referencing to individual descriptors or
several descriptors in conjunction. As shall be seen, the AIs
exhibited good agreement with the properties of known drugs
as outlined by Lipinski’s rule of 5 for drug-like molecules
[11]. This rule stated that known therapeutic drugs generally
exhibit the following molecular features: (1) MW<500 Da,
(2) LogP<5, (3) nHDon<5, and (4) nHAcc<10. In order to
facilitate the elucidation of structure–activity relationships,
compounds were further classified as actives and inactives
using pIC50 cut-offs of ≥6 (i.e., IC50 ≤ 1 µM) and ≤5 (i.e.,
IC50 ≥ 10 µM), respectively. Statistical analyses were then
performed on these subsets of compounds stratified by their
bioactivities (Table 2). Intermediate compounds with pIC50

in the range of 5 and 6 were not considered.
MW is a general measure of the molecular size for

the investigated compounds. The histogram plot of MW
of non-steroidal AIs (Fig. 1) was more normally distrib-
uted than that of steroidal AIs (Fig. 2) owing to the larger
size of the data set for the former class. Furthermore,
it was observed that MW values for steroidal and non-
steroidal AIs were well within the range of Lipinski’s rule.
Moreover, steroidal AIs were generally larger in size than
the non-steroidal AIs bearing values of 331.950 ± 39.960
and 298.319 ± 62.365 Da, respectively (P < 0.001). Non-
steroidal AIs had larger size variability than steroidal AIs
with ranges of 425.040 and 174.180, respectively. A major-
ity of steroidal (172 or 61.42 %) and non-steroidal (494 or
71.28 %) AIs had MW values within one standard deviation
of the mean. Moreover, more than half of the steroidal (169
or 60 %) and non-steroidal (370 or 53.39 %) AIs had values
less than the mean. Statistical analysis revealed that active

steroids were slightly larger in size (but not statistically sig-
nificant) than their inactive counterparts as deduced from val-
ues of 334.952 ± 42.013 and 332.888 ± 42.672, respectively
(P = 0.587), while active non-steroids were significantly
larger in size than their inactive counterparts as observed
from values of 309.823 ± 58.062 and 292.012 ± 81.903,
respectively (P < 0.001).

Qm, or the mean absolute charge, is a global measure of
the molecular charge. As shown in Figs. 1 and 2, the dis-
tribution of Qm values was not strikingly different between
non-steroids and steroids as was the case for MW. Steroidal
AIs were found to exhibit a more jagged distribution indi-
cating that more steroids Qm were distributed in narrow
ranges. Both inhibitor classes had similar mean for the charge
descriptor with values of 0.207±0.012 and 0.211±0.036 for
steroids and non-steroids, respectively (P = 0.412). Partic-
ularly, 189 (67.5 %) steroidal and 491 (70.8 %) non-steroidal
AIs had Qm within one standard deviation from the mean
while 136 (48.6 %) steroidal and 394 (56.9 %) non-steroidal
AIs had Qm below the mean. Statistical analysis suggested
that there was no difference in Qm of steroidal actives and
inactives as deduced from values of 0.207 ± 0.011 and
0.206 ± 0.012, respectively (P = 0.948), while non-steroids
showed lower values in actives than inactives with values of
0.209 ± 0.032 and 0.221 ± 0.041, respectively (P = 0.005).

ALogP is a computational estimation of the logarithm
of 1-octanol/water partition coefficient (LogP) and it is a
well-known measure of molecular hydrophobicity. The mean
and standard deviation of ALogP was 4.045 ± 1.241 and
3.267 ± 1.122 for steroidal and non-steroidal AIs, respec-
tively (P < 0.001). The distribution range of ALogP was
higher for non-steroids at 7.8 as compared to that of steroids
at 6.8. It was observed that 184 (67.5 %) steroidal and 497
(71.7 %) non-steroidal AIs had ALogP within one stan-
dard deviation from the mean. The distribution of ALogP
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Fig. 1 Histogram of molecular descriptors of non-steroidal aromatase inhibitors

for steroids was shown to be jagged in relation to that of
non-steroids indicating that steroids tended to have ALogP
distributed in narrow ranges. The results indicated that
146 (52.1 %) steroids and 362 (52.2 %) non-steroids had
ALogP below the mean. Statistical analysis revealed that
steroidal actives had less (but not statistically significant)
ALogP than steroidal inactives with corresponding values of
3.905 ± 0.992 and 4.220 ± 1.534, respectively (P = 0.337).
Furthermore, non-steroidal actives had higher ALogP than
their inactive counterparts with corresponding values of
3.323 ± 1.016 and 2.896 ± 1.209, respectively (P < 0.001).

nHDon and nHAcc are essentially the number of hydrogen
bond donors and acceptors, respectively, present in a mole-
cule. Non-steroidal AIs on average had higher counts for both
nHDon (mean value of 0.685) and nHAcc (mean value of
3.535) when compared to mean values of 0.389 and 2.493,
respectively, for steroids (P = 0.003 and <0.001, respec-
tively). Hydrogen bond acceptors were more prevalent than
donors for both inhibitor classes. The histogram plots clearly
showed that both types of inhibitors had nHDon values close

to zero. In fact, 195 (69.6 %) steroids and 431 (62.2 %) non-
steroids do not possess any hydrogen bond donors at all
whereas all steroids had at least one hydrogen bond acceptor
and all but one non-steroidal AI had nHAcc of zero. It was
observed that nHAcc were not statistically different for both
steroids and non-steroids with values of 2.568 ± 0.836 and
2.485 ± 0.919, respectively, for steroids (P = 0.511) and
values of 3.645 ± 1.678 and 4.056 ± 2.262, respectively,
for non-steroids (P = 0.277). It was found that the values of
nHDon were lower in active compounds as compared to their
inactive counterpart for both steroids and non-steroids with
values of 0.222 ± 0.500 and 0.687 ± 0.791, respectively,
for steroids (P < 0.001) and values of 0.501 ± 0.889 and
1.008 ± 1.406, respectively, for non-steroids (P < 0.001).

Dipole moment is a measure of the asymmetric distribu-
tion of charge in a molecule where low value suggests min-
imal charge distribution and vice versa. The dipole moment
of actives from both steroids and non-steroids was found
to be higher than their inactive counterparts and a notable
difference was seen in non-steroids. The corresponding
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Fig. 2 Histogram of molecular descriptors of steroidal aromatase inhibitors

values of dipole moment for actives and inactives of steroids
were 3.853 ± 1.083 and 3.533 ± 1.245 (P = 0.032), respec-
tively, while values of 4.589 ± 1.894 and 4.016 ± 1.642
(P = 0.002), respectively, for non-steroids.

Energy is essentially the sum of the atomic energy and
it was observed that non-steroids had higher values than
their steroidal counterpart with values of −1,127.723±
621.275 and −1,097.594 ± 374.352(P<0.001), respec-
tively. The histogram plot of the energy was found to be
negatively skewed for both steroids and non-steroids with
peaks at approximately −1,000, which corresponded to
their mean values. It was found that active non-steroids
had higher energy values than steroids and their inactive
counterpart. Particularly, the corresponding values of energy
for actives and inactives were −1,070.557 ± 179.896 and
−1,090.429±358.407(P = 0.742), respectively, for steroids
and −1,244.244 ± 744.858 and −978.791 ± 316.172(P <

0.001), respectively, for non-steroids.
TPSA is an empirical measure of the polar surface area of

a molecule and it describes the contribution of polar atoms
to the molecular charge. It is frequently used in the study of

drug transport properties such as intestinal absorption [41]
and blood–brain barrier permeability [42]. High TPSA, in
addition to showing that the molecule has a complex surface
charge environment, also indicates that the molecule inher-
ently had poor membrane permeability and would need to
rely on active transportation such as membrane-bound recep-
tors. It was observed that steroids displayed quite jagged
distribution for the TPSA descriptor where a large num-
ber of steroidal AIs had TPSA of about 35. In fact, 108
(64.3 %) steroids had TPSA between 32.0 and 38.0 while
exhibiting a range of 68.4 with mean and standard devi-
ation of 40.916 ± 14.468. Notably, 185 (66.1 %) steroids
had TPSA within one deviation from the mean. By con-
trast, the TPSA values of non-steroids were more spread
out and had less jagged distribution. Analysis revealed the
range for TPSA in non-steroids to be 185.0, which is more
than two times wider than that of the steroids. The majority
appeared to have TPSA between 20 and 70 with a mean of
53.698 ± 30.830. Results indicated that 501 (72.2 %) were
within one standard deviation. It should be noted that 164
(58.6 %) steroids and 389 (56.1 %) non-steroids had TPSA
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below the mean. Statistical analysis revealed that actives pro-
vided higher TPSA than their inactive counterparts for both
steroids and non-steroids with non-steroids affording a more
significant different. The corresponding TPSA values for
actives and inactives of steroidal AIs were 42.903 ± 14.998
and 41.344 ± 13.777 (P = 0.638), respectively, while
56.789 ± 29.403 and 60.205 ± 36.489 (P = 0.943),
respectively, were observed for non-steroids. It appears
that steroidal AIs had higher hydrophobicity and lower
TPSA than their non-steroidal counterpart, both in terms of
mean value and number of inhibitors with TPSA below the
mean, suggesting that these compounds possessed greater
membrane-crossing
capability.

HOMO–LUMO gap is the energetic difference between
the HOMO and LUMO states. It is a measure of kinetic stabil-
ity and chemical reactivity as HOMO and LUMO descriptors
play fundamental roles in electron donation and acceptance
[43]. A large gap implies high kinetic stability and low chem-
ical reactivity because it is energetically unfavorable to add
electrons to a high-lying LUMO or to extract electrons from
a low-lying HOMO and so to form the activated complex
of any potential reaction. Conversely, a molecule with small
or no HOMO–LUMO gap is chemically reactive [44]. As
can be seen in Figs. 1 and 2, the majority of steroidal AIs
had HOMO–LUMO gap of approximately 0.18. HOMO–
LUMO gap for steroids had mean and standard deviation of
0.186 ± 0.026 with 201 (71.8 %) being within one standard
deviation from the mean. Therefore, it can be deduced from
the HOMO–LUMO values that the majority of steroids had
fairly similar chemical reactivity. As for non-steroidal AIs,
the mean and standard deviation was 0.173 ± 0.026 and 453
(65.4 %) non-steroids were within one standard deviation.
The lower percentage of non-steroidal AIs with HOMO–
LUMO gap within one standard deviation indicated greater
difference in terms of chemical reactivity. This is further sup-
ported by Fig. 1m in which there is greater spread of HOMO–
LUMO gap values for non-steroids. However, the range of
HOMO–LUMO gap for steroids was 0.204 as compared to
0.145 for non-steroids indicating that even though the major-
ity of steroidal AIs did possess similar reactivity but there
were a few atypical ones that were very different in terms
of reactivity. Figure 2m shows a few steroids had unusually
high HOMO–LUMO gap and thus were highly inert. Particu-
larly, 180 (64.3 %) steroids and 355 (51.2 %) non-steroids had
HOMO–LUMO gap below the mean indicating a tendency
to be chemically inert. Statistical analysis indicated that the
HOMO–LUMO gap for both steroids and non-steroids were
smaller in the active set as compared to the inactive ones
further supporting the fact that the chemical reactivity was
higher in active AIs. Steroids had HOMO–LUMO gap val-
ues of 0.181 ± 0.024 and 0.185 ± 0.026 for actives and inac-
tives (P = 0.734), respectively, while non-steroids provided

values of 0.171 ± 0.024 and 0.174 ± 0.029 (P = 0.541),
respectively.

PCA analysis of steroidal and non-steroidal aromatase
inhibitors

In addition to simple univariate analysis of calculated mole-
cular descriptors, PCA was also employed to provide a more
detailed account of the information presented in the mole-
cular descriptor data. PCA is a powerful multivariate data
analysis technique that is extremely useful for revealing hid-
den data structures, trends, and correlations that are other-
wise difficult to discern. PCA results in mutually orthogonal
axis are called principal components (PCs) and they lie along
directions of decreasing variance of the data matrix. The first
PC, PC1, lies along the direction of maximal data variance,
which in the vast majority of cases represents the property
that distinguishes different samples of the data matrix the
most. For a more detailed introduction to the principles of
PCA, excellent book and review articles [45,46] are recom-
mended. Two of the most useful features of PCA are that it
offers the ability to reveal correlations between all variables
simultaneously (via the loadings plot) as well as visualizing
similarities and differences among samples (via the scores
plot). In this study, PCA was performed on a set of 13 mole-
cular descriptors as described in our previous navigation of
the chemical space of molecularly imprinted template mole-
cules [19]. Prior to PCA analysis, all data were standardized
to comparable scale by transforming variables to zero mean
and unit variance.

The purpose of PCA is to construct an easy to interpret
model of the original data by separating useful information
in the data from the noise. The fundamental assumption of
PCA is that large variances and trends possessed by many
samples are systemic variances and constitutes information
while small variances present in few samples are the data
noise. Therefore, lower order PCs capturing a majority of the
data variances represent structures and information whereas
higher order PCs tend to represent the data noise. It is there-
fore up to the analyst to decide on the number of PCs to
adequately represent the information present in the data. The
inclusion of higher order PCs usually implies model over-
fitting in which the model, while representative of the data
used to build it, offers poor generalization. Hence, five PCs
were deemed sufficient to provide meaningful information
on the chemical space of AIs and for subsequent model
interpretation.

In order to provide a general account of the chemical
space spanned by constituting compounds in the investi-
gated sets of non-steroidal and steroidal AIs, PCA analy-
sis was performed. As AIs can be classified primarily as
steroids and non-steroids therefore separate PCA analysis
for these two types of inhibitors is deemed to be suitable in
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Table 2 Summary of statistical analysis of molecular descriptors stratified by their bioactivity and structural scaffold

Active Inactive P valuea

Steroid (n = 81) Non-steroid (n = 349) Steroid (n = 99) Non-steroid (n = 125) 1 2 3 4

MW 334.952 ± 42.013 309.823 ± 58.062 332.888 ± 42.672 292.012 ± 81.903 <0.001 <0.001 0.587 <0.001
RBN 1.802 ± 2.009 3.564 ± 1.708 1.838 ± 1.718 3.600 ± 2.304 <0.001 <0.001 0.454 0.328
nCIC 4.198 ± 0.401 3.407 ± 0.716 4.253 ± 0.437 3.024 ± 0.893 <0.001 <0.001 0.383 <0.001
nHDon 0.222 ± 0.500 0.501 ± 0.889 0.687 ± 0.791 1.008 ± 1.406 <0.001 0.366 <0.001 <0.001
nHAcc 2.568 ± 0.836 3.645 ± 1.678 2.485 ± 0.919 4.056 ± 2.262 <0.001 <0.001 0.511 0.277
ALogP 3.905 ± 0.992 3.323 ± 1.016 4.220 ± 1.534 2.896 ± 1.209 <0.001 <0.001 0.337 <0.001
TPSA 42.903 ± 14.998 56.789 ± 29.403 41.344 ± 13.777 60.205 ± 36.489 <0.001 <0.001 0.638 0.943
Qm 0.207 ± 0.011 0.209 ± 0.032 0.206 ± 0.012 0.221 ± 0.041 0.401 0.010 0.948 0.005
Energy −1,070.557 ± 179.896 −1,244.244 ± 744.858 −1,090.429 ± 358.407 −978.791 ± 316.172 0.925 <0.001 0.742 <0.001
Dipole moment 3.853 ± 1.083 4.589 ± 1.894 3.533 ± 1.245 4.016 ± 1.642 0.001 0.058 0.032 0.002
HOMO −0.230 ± 0.008 −0.226 ± 0.019 −0.244 ± 0.013 −0.226 ± 0.018 0.001 0.373 0.004 0.621
LUMO −0.048 ± 0.022 −0.055 ± 0.025 −0.039 ± 0.030 −0.052 ± 0.027 0.003 0.004 0.173 0.210
HOMO–LUMO 0.181 ± 0.024 0.171 ± 0.024 0.185 ± 0.026 0.174 ± 0.029 0.001 0.005 0.734 0.541
pIC50 6.561 ± 0.049 7.243 ± 0.047 4.257 ± 0.059 4.504 ± 0.051 <0.001 <0.001 <0.001 <0.001

a Statistical significance test was performed using Mann–Whitney U test. 1, Active steroid versus Active non-steroid; 2, inactive steroid versus
inactive non-steroid; 3, active steroid versus inactive steroid; 4, active non-steroid versus inactive non-steroid

shedding light on their properties. For that purpose, the PCA
scores and loadings plot for steroids and non-steroids were
examined separately and comparisons between them were
drawn. Scores and loadings plot for the first three PCs are
shown in panels a and b of Supplementary Figs. S1 and S2
for non-steroidal and steroidal AIs, respectively. These PCs
accounted for roughly half of the data variance with values of
53.8 and 55.1 % for non-steroids (Supplementary Fig. S1c)
and steroids (Supplementary Fig. S2c), respectively. The rel-
ative distribution of active and inactive compounds for non-
steroids (Supplementary Fig. S1a), as shown in blue and red
color, respectively, were found to be more dispersed in the
active set as compared to the inactive set whereas the cor-
responding distribution in steroids (Supplementary Fig. S2a)
displayed no significant difference. Loadings plot for non-
steroids and steroids are provided in Supplementary Figs. S1b
and S2b, respectively, and were shown to exhibit different
rearrangement of descriptors in their respective chemical
spaces.

PCA results of non-steroidal and steroidal AIs were ana-
lyzed for informative PCs and screened for outliers. Plots
of their cumulative explained variance are provided in Sup-
plementary Figs. S1c and S2c for non-steroids and steroids,
respectively. Steroids were found to require more PCs than
their non-steroidal counterpart in providing cumulative data
variance of 70 %. Particularly, six PCs accounted for 70.8 %
of the data variance in steroids whereas five PCs account-
ing for 71.6 % of the data variance were deemed sufficient to
model the properties of non-steroidal AIs. The PC coefficient
values of the loadings plot are provided in Supplementary
Figs. S3 and S4 for non-steroids and steroids, respectively.

PC1 accounted for 24.4 and 13.2 % of the data variance
for non-steroidal and steroidal AIs, respectively. It should be
noted that PC1 was the most informative PC for non-steroids

as it provided the highest explained variance of all the PCs
obtained. In PCA, it matters not where the data dots are on the
scores or loadings plots but only on their relative position in
relation to other data dots in which information on their sim-
ilarity with other samples or correlation between variables
can be deduced. It was observed that descriptors with the
highest influence on PC1 for non-steroids were nHAcc and
TPSA that dominated one end of the PC while energy and
LUMO occupied the other end. On the other hand, descrip-
tor having the highest influence on PC1 for steroids was Qm

followed closely by TPSA and nHAcc (as also observed for
non-steroids) with ALogP predominating the other side of
the PC. A noteworthy difference between both classes of
inhibitors can be observed from the ALogP descriptor. For
non-steroidal AIs, it was shown that ALogP had low load-
ing on PC1 indicating that it provided small data variances
and that ALogP did not cause non-steroids to differ much
from one another. However, for steroidal AIs ALogP had the
highest loading on the negative end of PC1 thereby suggest-
ing the importance of hydrophobicity in describing the data
variance of steroids. Furthermore, another difference that can
be seen in both inhibitor classes are nCIC, RBN, and MW,
which provided similar level of loadings for steroids whereas
in non-steroids the following trends were discerned in which
MW afforded the highest loadings followed by RBN and
then nCIC. Moreover, the set of quantum chemical descrip-
tors comprising of HOMO, LUMO, and HOMO–LUMO gap
had higher loadings for non-steroids than that of steroids indi-
cating that these descriptors were less important in explain-
ing the data variance in steroids. It can be observed that the
trend in which nHAcc provided higher loadings than that of
nHDon can be found in both inhibitor classes.

PC2 accounted for 16.3 and 32.9 % of data variance in
non-steroids and steroids, respectively. Such high value of
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loadings for steroids suggests that this PC was the most infor-
mative as it was also the PC with the highest value for all
PCs obtained for steroids. Descriptor providing the highest
loadings for non-steroids in PC2 was ALogP whereas the
same descriptor provided the lowest loadings in PC1. Aside
from the ALogP descriptor, nCIC and MW afforded the next
highest loadings on the positive end of PC2 in non-steroids
while Qm provided high loadings on the negative end of the
PC, which is followed by nHDon and energy descriptors.
Interestingly, it was found that the set of quantum chemi-
cal descriptors (i.e., HOMO, LUMO, and HOMO–LUMO
gap) afforded the highest loadings in PC2 for steroids while
the same descriptor gave the lowest loadings in the preced-
ing PC1. On the negative end of the PC of steroids, dipole
moment and MW provided the highest loadings, which is
followed by nHAcc and TPSA.

PC3 accounted for 13.1 and 9.0 % of data variance in non-
steroids and steroids, respectively. The loadings of PC3 for
non-steroids stems from LUMO and HOMO–LUMO gap on
the positive end of the PC whereas the dominating descriptor
on the negative end was dipole moment. In steroids, nHDon
provided the highest loadings on the positive side of the
PC while energy dominated the other end. The scores plot
of both classes of inhibitors exhibited atypical samples on
PC3, which is an indication that important trends for the data
variance has become less obvious. It should be noted that
atypical samples in this context refer to samples differing
from the majority by properties measured by PC3 only. PC3
represented a rather small proportion of the data variance.
Therefore, such atypical samples do not have leverage on the
overall PCA model that is strong enough to warrant removal.
The higher order PCs increasingly capture weaker trends as
determined by the decreasing number of samples rather than
common properties present amongst the majority. Neverthe-
less, the overall spread of samples, aside from the outlying
ones, are still quite large, hence PC3 can still be considered
to be an informative PC for both class of inhibitors, although
no noteworthy features were observed from the scores plot
of either inhibitor classes.

PC4 accounted for 12.2 and 9.3 % of the data variance
in non-steroids and steroids, respectively. PC4 captured
the variance of a small proportion of inhibitors in which
there were inversed correlation of HOMO–LUMO gap and
HOMO. Interestingly, these descriptors provided the highest
loadings in both steroids and non-steroids.

PC5 accounted for 5.6 and 2.1 % of the data variance in
non-steroids and steroids. Dipole moment was found to be
the dominating descriptor on the positive end of the PC for
non-steroids, which is followed by energy and RBN. On the
other side of the PC, nCIC and nHDon provided the highest
loadings on the negative end of the PC although to a lesser
extent than the positive end. In steroids, structural descrip-
tors, comprising of RBN on the positive of the PC and nCIC

on the negative end of the PC, afforded the highest loadings
in PC5. Finally, PC6 provided 4.4 % of the explained vari-
ance in steroids and descriptors giving the highest loadings
were energy and nCIC.

Decision tree analysis

Decision tree is a popular machine learning technique for
elucidating the underlying rules governing the inherent rela-
tionship of independent variables with a dependent variable
of interest [39,47,48], which in this study is the structure–
activity relationship of a set of AIs where molecular descrip-
tors represent the former and the bioactivity represents the
latter. Decision tree is a supervised approach that generates a
set of if-then rules to classify compounds from the data set as
actives and inactives through the use of interconnected nodes
(i.e., independent variables for internal nodes and dependent
variable for the terminal node) and branches (i.e., the cut-off
value in which compounds are classified by). The tree finds
the most informative attribute or important node (i.e., the top-
most root node) followed by subsequent essential variables
until terminal branches are reached for classifying the data.

Several decision tree models were constructed using the
following data sets: (i) steroidal AIs and (ii) non-steroidal
AIs. The predictive performance of the resulting decision
tree models were assessed and compared through the use of
statistical parameters (i.e., accuracy, sensitivity, and speci-
ficity). As shown in Table 3, the results indicated that the use
of a set of 13 descriptors provided accuracies of 71.67 and
77.85 % for the ten-fold cross-validation set of steroidal and
non-steroidal AIs, respectively. Interestingly, it was found
that LUMO and HOMO–LUMO gap were the root nodes
of steroidal and non-steroidal AIs, respectively, and are thus
deemed as important descriptors.

Feature selection was performed by constructing an inter-
correlation matrix of molecular descriptors (shown in Fig. 3)
and descriptors having intercorrelation greater than 0.7 was
subjected to removal. Particularly, this led to the removal
of four descriptors comprising of LUMO, TPSA, Qm, and
RBN. Results indicated that the decision tree model for non-
steroids provided better level of accuracy affording values of
approximately 77 % for the former and 71.67 % for the lat-
ter. It should be noted that feature selection did not increase
the accuracy for both data sets as the same level of accuracy
was observed at 71.67 % for steroids before and after fea-
ture selection whereas a slight drop in accuracy was seen for
non-steroids from 77.85 to 76.79 %. Furthermore, after fea-
ture selection it was found that nHDon and HOMO–LUMO
gap were root nodes of decision tree models for steroidal and
non-steroidal AIs, respectively, and are therefore deemed the
most informative attributes.

A closer analysis of the prediction results revealed that
although non-steroids provided better overall accuracy and
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Table 3 Summary of predictive performance of decision tree models

Model Before feature selection After feature selection

Active Inactive Accuracy (%) Sensitivity (%) Specificity (%) Active Inactive Accuracy (%) Sensitivity (%) Specificity (%)

Steroidal AIs
Training set 93.89 95.83 91.67 92.22 93.81 90.36

Active 92 7 91 8
Inactive 4 77 6 75

Ten-fold CV 71.67 74.49 68.29 71.67 76.09 67.05
Active 73 26 70 29
Inactive 25 56 22 59

Non-steroidal AIs
Training set 94.09 95.33 93.73 93.88 94.44 93.72

Active 102 23 102 23
Inactive 5 344 6 343

Ten-fold CV 77.85 60.64 82.11 76.79 57.58 81.87
Active 57 68 57 68
Inactive 37 312 42 307

higher specificity but this comes at the cost of a lower level
of sensitivity. Particularly, non-steroids afforded accuracy,
sensitivity, and specificity of approximately 77, 60, and 82 %,
respectively, as compared to 72, 75, and 67 % of steroids,
respectively.

Fragment-based analysis

The search for lead structures is a vital step in the design
of novel drugs. It is noted that amongst the vast number of
known drugs only a comparably limited number of com-
mon structures, termed privileged structures, were shared.
Previous evidence [49] supports the view that such privi-
leged structures have an inherent tendency toward biological
activity and that the backbone of these structures could be
further modified to provide novel therapeutic activities. The
discovery of such privileged fragments requires splitting the
molecules of interest into their constitutional fragments and
then identifying what fragments correlate with drug activity.
High-throughput screening for identification of lead com-
pounds is a well-established concept [49]. Computational
fragment-based drug design offers a fast, efficient, and low
cost alternative to high-throughput screening. This approach
is an algorithmic methodology that utilizes molecular frag-
ments from existing databases or generates them from estab-
lished fragmentation rules and subsequently relate the frag-
ments to their respective drug activities [50].

This study employed ChemAxon’s Molecular Fragmenter
[40] in decomposing AIs into their constitutional fragments.
Empirical analysis of the generated fragments revealed that
multiple structures were prevalent in inhibitors designated as
active (IC50 ≤ 1 µM corresponding to pIC50 ≥ 6) as well as
fragments that preferentially occur in inhibitors designated as
inactive (IC50 ≥ 10 µM corresponding to pIC50 ≤ 5). Hence,
these discriminating fragments provided tentative clues as to

the substructures that are essential for the observed aromatase
inhibitory activity.

Computed fragments

Molecular fragmentation was performed according to the
FragmenterAll protocol to yield a set of 239 and 1,958
unique fragments for steroids and non-steroids, respectively,
with corresponding fragment occurrences of 360 and 2,963,
respectively. Strikingly, while a large number of unique frag-
ments were generated from the inhibitors, fragments shared
amongst the different inhibitors were surprisingly low.

Particularly, of the total of 1,958 unique fragments that
were generated for non-steroidal AIs, quite a high number
of these fragments or 1,668 (85.2 %) had an occurrence of
one. Furthermore, 290 unique fragments with occurrences of
two or more had a frequency of 1,295. This is only 14.8 % of
the unique fragments that accounted for 43.7 % of the frag-
ment occurences, which are almost half of the 2,963 fragment
occurrences from non-steroids. Moreover, it is was found that
only 12 unique fragments (or 0.006 % from the total number
of fragments generated) possessed occurrences of more than
ten, which accounted for a total of 561 occurrences (18.9 %)
or roughly a fifth of the total occurrences.

It was found that molecular fragmentation gave rise to
239 unique fragments for the steroidal AIs where 202 of
the fragments had an occurrence of one thereby accounting
for 84.5 % of the unique fragments generated. Furthermore,
fragments occurring for two or more times accounted for the
remaining 15.5 % or 158 of the fragment occurrence. Sur-
prisingly, only two fragments had occurrences of more than
ten, which is a number that is significantly less than their
non-steroidal counterpart. Partial explanation for such obser-
vation may be due to the inherently rigid structural scaffold
of steroids that consequently limits the breadth of the chemi-
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a

b

Fig. 3 Heat map representation of the intercorrelation matrix of mole-
cular descriptors for non-steroidal (a) and steroidal (b) aromatase
inhibitors. Pearson’s correlation coefficient of descriptor pairs are indi-
cated in the respective box and color-coded according to their degree of
correlation (Color figure online)

cal space. Furthermore, the rather limited size of compounds
present in the steroidal data set is another factor contributing
to the few number of fragments generated in this class.

These figures indicated that the set of AIs investigated
in this study possessed a very limited number of common
structures that were, however, highly prevalent. The privi-
leged structures shared amongst many of the inhibitors are
likely to be significantly associated with their activity as
it was observed that many of the fragments occurred just
once, which is an indication that many of the drug develop-
ment attempts were made by modifying the few privileged
structures. Thus, they appear to be necessary for aromatase
inhibitory activity.

Fragments associated with activity and inactivity

The concept of searching for promising lead structures is a
well-established concept in drug design. It should be noted
that although the goal is to search for structures associ-
ated with high activity but those that preferentially occur
in less successful drugs should also deserve attention. Such
fragments occurring in the inactive set could provide useful
knowledge on which structures to avoid as they give rise to
low therapeutic activity. Therefore, theoretical understanding
of why such structures tend to occur in drugs with low activity
would further benefit the rational design of novel therapeu-
tics. Hence, fragments from both the active and inactive set
of AIs were surveyed in this study.

Analysis of non-steroidal AIs using the Fragment Statis-
tics toolkit revealed that from the total of 2,963 fragment
occurrences, 2,292 (77.4 %) fragments were found in the
active set of compound. Such fragment occurrences having
at least one occurrence in the active set belonging to 1,561
(79.7 %) unique fragments. Results indicated that steroidal
AIs had a total fragment occurrence of 360 and 200 (55.6 %)
of these fragments were associated with the active set and
that these occurrences belong to 122 unique fragments.

Analysis of non-steroidal AIs indicated that from the total
of 2,963 fragment occurrences, 671 (22.6 %) were found in
the inactive set of compounds. Such fragment occurrences
having at least one occurrence in the inactive set belongs to
478 (24.4 %) unique fragments for the inactive set of com-
pounds. Of the 360 fragment occurrence in steroidal AIs, 160
were associated with the inactive set and that these occur-
rences belong to 127 unique fragments. It should be noted
that unique fragments could be associated with either the
active or inactive set as well as belong to both sets at the
same time.

The ten top-ranking fragments for both active and inac-
tive set of fragments are shown in Tables 4 and 5, respectively,
for non-steroidal AIs and in Tables 6 and 7, respectively, for
steroidal AIs. Thus, the ten fragments with the highest or low-
est molecular score are likewise considered common struc-
tures shared amongst inhibitors having high or low activity.

It is interesting to note that five of the top ten fragments
occurring in the active set of non-steroids (Table 4) contain
the azole ring. Of particular note is that the three top-ranking
fragments (as well as the ninth rank) all contain 1,3-imidazole
ring while the sixth rank contain the 1,2,4-triazole ring. This
is in agreement with the literature in which the azole ring
is known to effectively coordinate the heme iron in its inhi-
bition of aromatase [2]. Another interesting fragment found
in the active set is 4-[(4-cyanophenyl)methyl]benzonitrile,
which is a substructural component of the third-generation
of AIs namely letrozole. Analysis of the inactive set of frag-
ments from non-steroids (Table 5) pointed out that all ten
are composed of 5-hydroxy-2-phenyl-4H,10H-pyrano[2,3-
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Table 4 Summary of the top ten active fragments from non-steroidal AIs sorted according to their molecular score

Rank Structure Atom count Fragment occurrence Molecular score

Active Inactive

1 5 154 20 670

NH

N

2 18 24 0 432

HO

N N

OO

3 17 24 0 408

O

N

N

O

4 13 24 0 312

CH3

O O OH

5 12 24 0 288

CH3

O O

6 5 60 3 285N

HN

N

7 17 8 0 136N

N

8 11 8 0 88
Cl

O

SHO
O

9 17 5 0 85H O

N

N

O

10 12 7 0 84
H2N

S
O

O

O

Cl

f ]chromen-4-one, which is a fusion of the flavone ring with
the six-membered heterocyclic 4H-pyran.

A notable difference between fragments from the active
(Table 6) and inactive (Table 7) set of steroids is the compo-
sition of carbonyl and hydroxyl moieties at the C3 position

in the former and latter, respectively. It should be noted that
the presence of hydroxyl group at the C3 position is charac-
teristic of sterols. It is also worthy to mention that the three
top-ranking fragments for the inactive set lack a methyl group
at the C10 position whereas this moiety is present in all active
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Table 5 Summary of the top ten inactive fragments from non-steroidal AIs sorted according to their molecular score

Rank Structure Atom count Fragment occurrence Molecular score

Active Inactive

1 27 0 5 −135

NH2

O
O

O

HO

O

O

2 26 0 5 −130HO

O

OO
O

O

3 21 0 5 −105

NH2

O

O

O

HO

O

O

4 20 0 5 −100HO

O

OO
O

O

5 33 0 3 −99H3C

O
O

O

O
H3C

H2N
O

OH

O

O

6 32 0 3 −96H3C

O
O

O

OH

O

O

O

O

H3C

7 30 0 3 −90H3C

O

O

H2N

O

OH

O

O

O

8 30 0 3 −90H3C

O

O

H2N

O

OH

O

O

O

9 29 0 3 −87H3C

O
OO

O

OH

O

O

10 29 0 3 −87H3C

O

O

O

OH

O

O

O
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Table 6 Summary of the top ten active fragments from steroidal AIs sorted according to their molecular score

Rank Structure Atom count Fragment occurrence Molecular score

Active Inactive

1 22 8 0 176

H3C

OH

O

H3CO

2 20 7 0 140

H3C

O

CH3

3 21 6 0 126

H3C

O

CH3O

4 21 5 0 105

H3C

OH

O

CH3

5 22 4 0 88

H3C

OH

O

CH3O

6 21 4 0 84

H3C

OH

CH3O

7 29 2 0 58

H3C CH3

O
O

O

8 24 2 0 48H3C

O
O

OCH3
CH3

9 22 2 0 44

H3C

OH

O

CH3O

10 22 2 0 44

H3C

OH

O

CH3O
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Table 7 Summary of the top ten inactive fragments from steroidal AIs sorted according to their molecular score

Rank Structure Atom count Fragment occurrence Molecular score

Active Inactive

1 20 0 6 −120

H3C

OH

O

2 21 0 3 −63

H3C

OH

OH

O

3 21 0 3 −63

H3C

OH

OH

O

4 22 0 2 −44

H3C

O

OHCH3O

5 21 0 2 −42

H3C

O

CH3O

6 32 0 1 −32

H3C

O

F
F

F
CH3O

7 32 0 1 −32

H3C

O

F
F

F
CH3O

8 31 0 1 −31

H3C

O

CH3

9 31 0 1 −31

H3C

O

CH3

10 30 0 1 −30

H3C

O
O

O

CH3O

fragments. The absence of methyl group at the C10 position
is characteristic of estrogens whereas its presence is reminis-
cent of androgens.

Substructural analysis performed herein indicated that
these fragments are likely to be important structures that are
associated with aromatase inhibitory activity. Furthermore,
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results indicated that non-steroidal AIs, when compared to
their steroidal counterpart, had higher mean activity as well
as a greater percentage of molecular fragments occurring in
the active set. Hence, it appears that non-steroidal AIs were
generally more effective. Particularly, fragments having high
molecular score are empirically indicative of structural com-
ponents necessary for effective aromatase inhibitory activity.
Thus, these types of fragments are worthy to be considered
in further drug design. Of note is the fact that fragments
from non-steroidal AIs had much higher molecular score than
their steroidal counterpart. This may be indicative that they
have higher tolerance to modifications and thus were shared
amongst many of the non-steroidal AIs. Although detailed
study of fragment–activity contribution was not carried out
in this study, such observed differences provided some clues
as to the relationship between fragment structures and ther-
apeutic activity.

Conclusion

This study explored the chemical space of AIs that have
been exhaustively collected from the literature. To provide
insights into the origins of aromatase inhibitory activity, the
data set was stratified according to their structural scaffolds
(i.e., steroids and non-steroids) and bioactivities (i.e., actives
and inactives) where they were subjected to chemical space
navigation by means of univariate analysis, decision tree,
PCA analysis, and molecular fragment analysis. Substruc-
tural analysis of molecular fragments revealed substructures
that were preferentially shared by the active set, which were
different from those shared by the inactive set. It is possi-
ble that highly prevalent fragments from the active set were
responsible for their therapeutic effectiveness and a further
refined study is highly desirable. Systematic revelation of
major trends in the physicochemical property of investigated
compounds served as an informational basis that is useful for
further rational design of novel AIs. Thus, the methodology
described herein may be applied to other molecular systems
of interest.
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