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a b s t r a c t

Aqueous solubility is an important biopharmaceutical property in drug discovery and development.
Although it has been studied for decades, the impact on solubility by the substructures (or fragments) of
compounds are still not fully understood and characterized. This study aims to obtain fragment–solubility
relationships using matched molecular pairs, and to provide further insight and suggestions for chemists on
structural modifications to improve solubility profiles of drug-like molecules. A set of 2794 compounds
with measured intrinsic aqueous solubility (logS) was fragmented into rings, linkers, and R groups using
a controlled hierarchical fragmentation method. Then matched molecular pairs that differ by only one
chemical transformation (i.e., addition or substitution of fragments) were identified and analyzed. The
difference in solubility for each matched molecular pair was calculated, and the impact of the correspond-
ing chemical transformation on solubility was investigated. The final product of this study was a fragment–
solubility knowledgebase containing relative contributions to solubility of various medicinal chemistry
design elements (R-groups, linkers, and rings). Structural modifications that might improve solubility pro-
files, that is, addition/deletion/substitution of fragments, could be derived from this knowledgebase. This
knowledgebase could be used as an expert tool in lead optimization to improve solubility profiles of com-
pounds, and the analysis method could be applied to study other biological and ADMET properties of
organic compounds.

� 2011 Elsevier Ltd. All rights reserved.
1. Introduction

Biopharmaceutical properties of molecules, such as aqueous sol-
ubility, are playing a critical role in every stage of drug discovery and
development. In general, poorly soluble compounds might have
erratic assay results, poor bioavailability, and development chal-
lenges leading to higher probability of attrition. Meanwhile, incor-
rect estimation of solubility can lead to erroneous interpretation of
in vitro assay results and weaken structure–activity relationship
(SAR) analysis.1

Aqueous solubility (S, mol/L) is defined as the maximum
amount of solute in moles that dissolves in 1 L of water.2 The log-
arithm of solubility, logS, is widely used in solubility studies to
indicate how soluble compounds are. There are two methods to
determine solubility: (1) traditional thermodynamic solubility
measurement, which allows a solid to equilibrate with a liquid
medium, followed by sample quantification; (2) kinetic solubility
measurement, in which compounds are pre-dissolved in dimethyl
sulfoxide (DMSO) and the solubility is measured as the concentra-
tion at which the sample precipitates from aqueous medium. The
ll rights reserved.
difference between these two solubility measurements is that ki-
netic solubility is not influenced by crystal lattice effects since
compounds are pre-dissolved in DMSO.3

Diverse SAR analysis approaches have been used to study com-
pounds’ solubility. For example, large numbers of quantitative struc-
ture–activity relationship (QSAR) studies on solubility of organic
compounds have been reported.4–10 Different descriptors for organ-
ic compounds have been calculated, such as physicochemical prop-
erties (e.g., partition coefficient and melting point), molecular
features (e.g., molecular surface area and molecular volume), and
fragments. Various machine learning methods, such as neural net-
work, partial least square etc, have been used to build quantitative
relationships between solubility and molecular descriptors.
Although these QSAR models were reported to have acceptable pre-
dictive accuracies on solubility, they were highly dependent on the
accuracy of descriptor calculation and usually involved model
extrapolation.11 Moreover, most of them could hardly provide useful
structural modification suggestions for chemists on how to improve
solubility because the descriptors were difficult to interpret.
Meanwhile, although QSAR models based on fragment descriptors

are easier to interpret, it is common for different models to have
inconsistent opinions on the influence of a particular fragment on
solubility, due to differences in datasets and descriptors used.

http://dx.doi.org/10.1016/j.bmc.2011.08.036
mailto:hgao@amgen.com
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Besides QSAR analysis, there is another SAR strategy that has
been applied to study solubility in recent years. This approach
indentifies matched molecular pairs (MMPs) that differ by only a
small structural mutation, i.e., chemical transformation, and calcu-
lates the corresponding changes in solubility. This approach has al-
ready been used in several publications on absorption, distribution,
metabolism, excretion and toxicity (ADMET) properties.11 However,
most of the publications focused on one or several series of conge-
neric compounds. The effects on solubility due to the structural
changes might not be transferable to other compound series because
of limited chemical diversity. Moreover, the chemical transforma-
tions were found manually, which is an overwhelming and error
prone process. Since 2006, systematically designed analysis ap-
proaches have been reported in solubility and other biological activ-
ity studies.11–17 Robert Sheridan et al.16 developed two SAR analysis
tools, transformations analyze (T-ANALYZE), and transformation
morphing (T-MORPH). By using these tools, they could automati-
cally organize and display sets of closely related compounds for
three datasets, Dopamine agonists, DHFR inhibitors for rat liver en-
zyme, and ACE inhibitors. However, most of the small transforma-
tion examples were only limited to several atoms, rather than
functional groups. Leach et al.11 identified matched molecular pairs
by two sets of structural changes: the addition of substituents to an
aromatic ring and the methylation of heteroatoms, as well as their
effects on aqueous solubility, rat plasma protein binding, and oral
exposure in rats. However, due to the methodology used, the struc-
tural changes they could analyze were limited to halogens, methyl
and other small terminal substituents of aromatic compounds. Le-
wis et al.14 used Pfizer in-house data mining tool (known as ‘Buy
me Grease’) to evaluate how specific alterations on chemical struc-
ture can affect in vitro ADME properties over 150,000 human liver
microsome (HLM) clearance data points. Again, the structure
changes were only small substituents on phenyl rings. All of these
reports provided examples with small structural changes, which
technically could be found manually. The reports lacked studies on
relatively large and diverse structural changes, such as a change of
rings or linkers, which could have profound effects on solubility as
well.

In this work, we studied the effects of functional groups/frag-
ments, such as rings, linkers, and R-groups, on solubility. After
fragmenting compounds using a controlled hierarchical fragmen-
tation algorithm, we developed an automatic way to find MMPs
that differ by only a particular chemical transformation (i.e., addi-
tion or substitution of fragments). The differences in solubility for
all MMPs were calculated. This results in a set of structural rules
that describe the relative solubility contributions of different
medicinal chemistry design elements (R-groups, linkers, and
rings). This is the first study, to our knowledge, of chemical trans-
formation in terms of functional groups, which might be easier for
chemists to understand and apply in lead optimization. The result-
ing knowledgebase is being used as an expert in silico solubility
tool at Pfizer during lead optimization.
2. Methods

2.1. Solubility dataset

A set of 2794 compounds with measured intrinsic solubility data
was used in this study. Most of the solubility data were measured at
Pfizer using equilibration time of 24 h or longer. 720 solubility data
points were obtained from the literature.7 Figure 1 shows the distri-
bution of logS in this dataset. The maximum and minimum solubil-
ity are 1.60 and �7.98 log units. Usually, experimental solubility
data provided an average standard deviation of 0.6 units.11 The data
is skewed since there is an upper limit to the solubility.
2.2. Hierarchical molecular fragmentation approach

The hierarchical molecular fragmentation algorithm was devel-
oped based on the fragmentation module imbedded in Molecular
Operating Environment (MOE, 2009.03)18 using the Scientific Vec-
tor Language (SVL).19 The fragmentation of compounds with any
rings (a.k.a. cyclic compounds) proceeds as depicted in Figure 2:
(1) Level 1: removing terminal side chains, or R-groups to obtain
the molecular framework. Exocyclic double bonds and double
bonds directly attached to the linkers are kept20; (2) Level 2:
removing linkers to obtain the scaffolds of molecules. Rings that
are connected through a single bond are kept. Atoms that are di-
rectly connected to rings through double bond are kept; (3) Level
3: separating those rings that are directly connected to obtain
the ring fragments of molecules. Fused rings are kept. After these
three steps, compounds were fragmented into rings, linkers and
R-groups, which were represented and stored by SMARTS. Mean-
while, the connection points of each fragment to others were well
labeled. The information of whether a fragment was connected to
rings or not was also stored in the SMARTS strings.

2.3. Matched molecular pairs (MMPs)

In this study, MMP is defined as a pair of molecules that differ only
by a single chemical transformation (among rings, linkers, and
R-groups). There are two types of chemical transformation studies
in this work: (1) type I chemical transformation: addition/deletion
of a fragment (R-group). If after replacing a fragment in a molecule
by hydrogen, the molecule is identical with another molecule, these
two molecules are considered a type I MMP. This addition/deletion
of fragment is considered as a chemical transformation as well since
it is the substitution between hydrogen and a fragment; (2) type II
chemical transformation: mutation of a fragment to another
fragment. In this study, the fragments were confined in the substruc-
tures generated by hierarchical fragmentation approach. In other
words, the fragments in this study are defined as rings, linkers or
R-groups derived from the solubility dataset. In order to collect as
many/diverse transformations as possible, there is no structural
limitation for the mutation. In other words, as long as these two
fragments are not structurally identical, we consider them as a
type II chemical transformation. For example, if after one fragment
a in molecule A is changed to another fragment b, A is identical
with another molecule B, then A and B are considered as a type II
MMP.

MMPs were searched through the entire dataset automatically
using in-house scripts encoded using SVL language in MOE. Since
the fragments used for searching were defined by SMARTS, the
structures were tightly restricted. There are two schemes used in
identifying MMPs and the results from these two schemes comple-
ment to each other: (1) if a fragment (R-group) is given, we could
identify type I MMPs using in-house script, one_group_less. This
script first deletes this fragment from compound B, to form com-
pound C, and then searches the entire dataset to find compounds
identical with C. If compound A is found, then B and A are defined
as one pair. The change of corresponding solubility from A to B due
to the addition of this R-group will be calculated as the following:

D log S ¼ log SB � log SA ð1Þ

A positive D logS indicates that the addition of this fragment in-
creases solubility, while a negative value means the deletion of this
fragment could result in more soluble compound.

It is expected that for each fragment, there will be more than
one MMPs found in the dataset. Therefore after all the pairs for this
fragment were found, the median D logS were calculated, along
with corresponding standard deviation and standard error of the
mean.



Figure 3. Examples of crystal-packing motifs. Dashed lines are hydrogen bonds.

Figure 1. The distribution of logS of the solubility dataset for this study.

Figure 2. Hierarchical molecular fragmentation algorithm.
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If no fragment is specified, we will identify type I and II MMPs
by in-house script one_group_diff. For any two compounds A and
B, this script first fragments the compounds into R-groups, rings
and linkers. Then it compares all the fragments of A and B, and con-
siders them as a MMP if there is only one fragment difference be-
tween them. This chemical transformation could be either
addition/deletion or substitution of a fragment. During the com-
parisons, the connection points and connection order of fragments
were taken into consideration, in order to filter out ‘false positive’
pairs.

The change of corresponding solubility due to the chemical
transformation was calculated using Eq. 1. Again a positive D logS
indicates that the transformation (from A to B) could increase sol-
ubility. After all MMPs were found, we collected the pairs with
same chemical transformation and calculated median D logS, as
well as corresponding standard deviation and standard error of
the mean.

2.4. Crystal-packing motifs

Crystal-packing motifs are the functional groups in compounds
that can form intermolecular hydrogen bonds, which could in-
crease the melting point of compounds and decrease equilibrium
solubility. Those motif interactions, that is, hydrogen bonds, can
be formed homomerically or heteromerically. Some common crys-
tal-packing motif examples are shown in Figure 3.23 The hydrogen
bonds are shown in dashed lines. In this study, we searched MMPs
whose chemical transformations are common crystal-packing mo-
tifs, such as amide and carboxyl groups. The results were analyzed
along with other fragments.

3. Results and discussion

We collected all matched pairs found in the solubility dataset of
2794 drug-like molecules using in-house scripts. Two molecules in
a matched pair differ by only a particular chemical transformation,
that is, addition/deletion or substitution of fragments. The frag-
ments could be rings, linkers connecting two rings, or R-groups
connected to rings. These fragments were generated by hierarchi-
cal fragmentation approach. Then the corresponding change in sol-
ubility (D logS) was calculated for each MMP. For each chemical
transformation, it was expected that more than one MMP could
be found in the dataset. Therefore, after all MMPs were found,
we collected the pairs with same chemical transformation and cal-
culated median D logS and other statistical parameters.

MMPs found in this study were separated into two types accord-
ing to the differences of the corresponding chemical transformations



Table 1
Examples of type I and II matched molecular pairs
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(Table 1): (1) the chemical transformation of type I MMPs is the addi-
tion/deletion of a fragment. Most of the fragments are R-groups con-
nected to rings; (2) the chemical transformation of type II MMPs is
the substitution/mutation of a fragment. The fragments could be
rings, linkers or R-groups. In this work we have identified 1920 type
I MMPs and 4196 type II MMPs. Their impacts on aqueous solubility
will be discussed later in this section.

3.1. Type I matched molecular pairs

If after replacing a fragment in a molecule by hydrogen, the
molecule is identical with another molecule, then we consider
these two molecules as a type I MMP. We fragmented the chemical
structures in the solubility dataset and identified 42 R-groups.
Then by searching through the dataset using both schemes men-
tioned above, 1920 type I MMPs were found for these R-groups.
The solubility of both compounds in each pair was extracted from
database, and the difference of solubility (D logS) was calculated
using Eq. 1. For each chemical transformation, all matched pairs
were then collected and the median D logS was computed. Positive
D logS indicates that the presence of this fragment could increase
solubility. The percentage of MMPs in which the presence of this
fragment increased solubility was calculated as well. Previous
work suggested that at least 20 pairs for one chemical transforma-
tion is needed to provided statistical significant conclusions in SAR
analysis.22 In total 12 R-groups were derived with more than 20
MMPs found in the dataset. Due to the diversity of the dataset,
many chemical transformations were found with fewer than 20
MMPs pairs. However, the effects of these chemical transforma-
tions on solubility might be of great interest as well. Therefore, a
total of 26 R-groups were collected and listed in Table 2. For many
of these R-groups, the D logS of MMPs were in a wide range. There-
fore median D logS was calculated for every R-group to provide a
general impression of its impact on solubility. Other statistical
parameters, such as the standard deviation and standard error of
the mean, were also calculated and listed.
It needs to be pointed out that, ideally, differences in base struc-
tures need to be considered when calculate the general effect on
solubility (median D logS) for a particular chemical transformation.
Especially for small R-groups, for example, halogens, the effect of
base structures might be the major reason for the broad range
of D logS. However, if base strictures are considered, the number
of MMPs per base structure per fragment would dramatically de-
crease, and thus makes it even harder to generate statistical signif-
icant conclusions. Therefore in this study, the differences and
impacts of base structures are not included in the discussion, while
their importance is fully understood. Actually, this is a common
solution when studying chemical transformations in diverse
datasets.12

Some expected effects on solubility of these chemical transfor-
mations were observed in Table 2, such as halogens. Our study
showed that the addition of fluorine, chlorine, and bromide could
decrease solubility (Table 2, Lines 1–4). This observation has been
reported in many SAR analyses on solubility11,17 and widely applied
by chemists. Additionally in our study, the median D logS for halo-
gen substitution could reveal how large their impacts on solubility
are. For example, compounds with chlorine, on average, could de-
crease solubility by 1.45 log units, when compared with compounds
without chlorine at the same position of the structures, and 96% of
116 pairs have this trend. Meanwhile, the MMPs for fluorine have
a higher median D logS, and the matched pairs for iodine have a low-
er D logS. In other words, the heavier halogen has lower D logS. The
decreasing trend in D logS for halogens correlates well with their
electronegativity and hydrophobicity. This close correlation be-
tween D logS and electronegativity was also seen in halogen-con-
taining fragments (Table 2, Line 5): Trifluoromethyl is often
described to have intermediate electronegativity between fluorine
and chlorine,24 the same trend was observed when comparing its
D logS with fluorine and chlorine. Although there are only 12 pairs
found for trifluoromethyl, its effect on solubility in our study is con-
sistent with other SAR reports.16 According to these findings, adding
halogens most likely could decrease aqueous solubility.



Table 2
Effects of 26 common R-groups on solubility in type I matched molecular pairsa.

Fragment Structure #Matched pairs Median D logS Max D logS Min D logS SD SEM %Pairs increase solubility

1 F[R] R–F 50 �0.45 0.77 �2.16 0.68 0.10 22%
2 Cl[R] R–Cl 116 �1.45 0.40 �4.06 1.03 0.10 4%
3 Br[R] R–Br 13 �0.72 0.15 �2.13 0.64 0.18 15%
4 I[R] R–I 4 �2.07 �1.00 ��3.32 0.97 0.48 0%

5 FC(F)([R])F F
F
R

F
12 �0.77 0.35 �1.60 0.69 0.20 25%

6 C[R] R 193 �0.50 2.30 �2.74 0.81 0.06 26%

7 CC[R] R 65 �1.12 0.82 �3.03 0.72 0.09 9%

8 CC([R])C
R

9 �1.40 0.14 �2.99 0.85 0.28 11%

9 CCC[R] R 39 �1.72 0.76 �3.38 0.77 0.12 5%

10 CC(C)([R])C
R

3 �1.84 �1.83 �2.26 0.25 0.14 0%

11 CCCC[R] R 30 �2.34 �0.35 �3.08 0.72 0.13 0%

12 [H]OC[R] H
O R 49 0.61 2.12 �0.58 0.58 0.08 78%

13 [H]OCC[R] H
O

R 22 0.66 1.98 �0.87 0.81 0.17 64%

14 [H]OC(C)([R])C H
O

R
4 0.92 1.09 0.62 0.21 0.10 100%

15 CO[R] O
R 42 �0.24 0.73 �1.59 0.62 0.10 43%

16 CS[R] S
R 7 �0.81 �0.13 �1.28 0.42 0.16 0%

17 O@C([R])N([H])[H]

O

R N
H

H 9 �0.86 1.02 �2.17 1.04 0.35 33%

18 O@C([R])N([H])C

O

R N
H

5 �0.84 0.52 �0.97 0.74 0.33 40%

19 O@C(C)N([H])[R]

O

N
H

R 2 0.22 0.62 �0.18 0.57 0.40 50%

20 [H]OC([R])@O H
OR

O
20 �0.05 1.90 �1.64 1.02 0.23 45%

21 [O�][S+2]([O�])([R])C
-O S2+

O-
R 8 �0.38 0.00 �2.10 0.68 0.24 0%

22 [O�][S+2]([O�])([R])O[H]
O-
S2+

-O

RO
H 3 �0.94 �0.42 �1.12 0.36 0.21 0%

23 [O�][S+2]([O�])([R])N([H])[H]

-O
S2+

O-
R N

H

H 3 �0.40 �0.32 �1.13 0.45 0.26 0%

24 CO[P+](OC)(O[R])[S�]
O

P+
O

O
R

S-
3 �1.82 �1.76 �2.21 0.25 0.14 0%

25 [H]N([R])[H]
H
N
R

H
23 0.76 2.67 �0.9 0.97 0.17 61%

26 [H]O[R] H
O
R 71 0.97 3.32 �0.88 1.07 0.13 85%

a SD, Standard Deviation; SEM, Standard Error of Mean; R indicates connection point.
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It is well known that in general alkyl groups could decrease sol-
ubility due to their lipophilic nature. We then studied the relation-
ships between different alkyl groups and their effects on aqueous
solubility (Table 2, Lines 6–11). Based on the median D logS values
for several alkyl groups (from methyl group to butyl group), we
found that the longer alkyl groups, the lower the solubility of the
compounds. This observation is consistent with previous reports.21

Therefore we could improve molecule solubility by decreasing the



Figure 4. Comparison of D logS of MMPs for carboxyl group in different solubility
datasets. Red cubic: equilibrium solubility dataset, which is influenced by crystal-
packing effects; blue cubic: kinetic solubility dataset, which is not influenced by
crystal-packing effects.

Figure 5. Hansch p constant vs. median D logS for 42 R-groups. Color of the point
represents the count of H-bond donor/acceptors of the R-group (minimum 0 and
maximum 9). The linear regression (black dash line) equation for the 37 points (5
outliers were excluded) is on the top right corner of the plot. Grey dash lines
represent the deviation of 1unit of D logS.
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length/size of alkyl groups. Addition of hydroxyl group could com-
pensate the decreasing effects on solubility by alkyl groups
(Table 2, Lines 12–14).

Another interesting finding in the results is that not all polar
groups can increase solubility. A very typical example is amide (Ta-
ble 2, Lines 17–19). Primary amide and secondary amide, as well as
reverse amide all decreased solubility in 63% of the MMPs. Another
example is the carboxyl group, which decreased solubility in 55% of
the cases. Furthermore, the presence of sulphonamide and sulfonyl
groups always decreased solubility in the 17 pairs found in our
studies (Table 2, Lines 21–24). There are many possible reasons
to explain why the incorporation of these polar groups can cause
a decrease in solubility. For example, many physicochemical prop-
erties of the entire or the partial structures, for example, pKa, lipo-
philicity, zwitterions, could have critical impacts on the solubility
(when study the compounds with and without w/o polar groups).
However, such discussion is more suitable for SAR analysis on con-
generic series of compounds since it requires the examination of
each structure. Due to the size and diversity of the dataset we stud-
ied, we decided to focus on the possible reasons that are usually
neglected and might be more appealing to chemists. A plausible
explanation is that all of these groups are crystal-packing motifs.
Crystal-packing motifs could form intermolecular hydrogen bonds
and other interactions and result in thermodynamically stable
crystalline. This leads to an increased melting point and decreased
solubility. Amides, carboxyl and sulfonyl groups have been consid-
ered as potent crystal-packing motifs.23 This might explain why
more than half of the molecules containing these polar fragments
were found to have lower solubility than their matched molecules.

The solubility dataset in this study is measured equilibrium sol-
ubility, thus the solubility of compounds could be highly influ-
enced by crystal-packing effect. In order to prove that crystal-
packing motifs indeed play an important role in decreasing intrin-
sic solubility, we analyzed another dataset of more than 20,000
compounds, of which the solubility was measured kinetic solubil-
ity. Kinetic solubility is not influenced by crystal-packing effects
due to its measurement (details in Section 2). Therefore we exam-
ined and compared the MMPs for these crystal-packing motifs in
both datasets. Take the carboxyl group for example, half of the
MMPs had decreased solubility in equilibrium dataset, while in ki-
netic dataset almost all MMPs increased or kept the solubility
(Fig. 4).

For these 42 R-groups collected from the solubility dataset, we
compared its Hansch p constant and median D logS (Fig. 5). Hansch
p constant measures the hydrophobicity of fragments. The higher
Hansch constant is, the more hydrophobic the fragment is. Ideally
Hansch p constant and D logS should be negatively correlated.
Most R-groups we studied showed this trend in Figure 5. There
are 5 outlier fragments, all of which are amide groups and
sulfonyl groups ([OH][S+2]([O�])([O�]), [CH3][S+2]([O�])([O�]),
[NH2][S+2]([O�])([O�]), [NH2]C(@O), [NH](C(@O))[CH3]). They
are potential crystal-packing motifs and might help the com-
pounds to form stable crystalline, which could decrease their solu-
bility. This might be the reason why their median D logS are lower
than expected.

3.2. Type II matched molecular pairs

If after replacing one group a in molecule A with another group
b, A is identical with another molecule B, A and B are considered as
a type II MMP. The solubility of both compounds was extracted
from database, and the difference of solubility (D logS) was calcu-
lated. A positive D logS indicates that replacing group b by group a
could increase solubility. For each chemical transformation, all
matched pairs were then collected and the median D logS was
computed and analyzed.
In this solubility dataset, 4196 type II MMPs were found for
3397 chemical transformations. Technically the chemical transfor-
mation could happen between any types of fragments, such as
ring-to-linker, linker-to-R-group, etc. In this study, we focused on
ring-to-ring, linker-to-linker, and R-to-R transformations, since
such transformations are of most interests for chemists during lead
optimization. It is obvious that in the real practice of structure
modification, chemists are prone to modify R-groups. This is why
more than half of the transformations we found are for R-groups.
In total we have found 112 ring-to-ring, 22 linker-to-linker, and
141 R-to-R transformations. It is an interesting but neglected ques-
tion of how ring or linker modifications could influence com-
pounds’ physicochemical and biological properties, and our
analysis strategy is a useful tool for such studies.

For each transformation, we collected all MMPs and calculated
the median D logS. Heat maps were then generated indicating the
effects that each transformation could have on solubility (Fig. 6).



Figure 6. Heat maps for the contributions of type II chemical transformations on solubility. (A): ring-to-ring transformation; (B): linker-to-linker transformation; (C): R-to-R
transformation. Green indicates positive D logS and red indicate negative D logS. Tables on the right are examples from the heat maps. Transformations start from the
fragments in the first column, to the fragments in the first row. The yellow highlighted squares on heat maps do not necessarily represent the area from which the examples
were extracted.
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The heat maps contain three parts: (1) Scores for ring transforma-
tions, indicating the average change in solubility where a given
ring structure is replaced with another ring structure; (2) Scores
for linker transformations, indicating the average change in solu-
bility for compounds where a given linker is replaced with an-
other; (3) Scores for R-group transformations, indicating the
average solubility change when changing one R-group to another
in the context of an aliphatic or aromatic ring system. The struc-
tural information for each fragment and the statistics of D logS
for each chemical transformation could be found in Supplementary
data.

Figure 6 also shows some examples of the usage of heat maps.
Assuming chemists would like to improve the solubility of a lead
compound A, they decide to modify the pyrazole group within A,
since they know this fragment does not have a major impact on
its biological activity. Therefore by looking up the heat maps (heat
map A since this is a ring group, or the excel file in the Supplemen-
tary data), a set of chemical transformations that start with pyra-
zole group could be identified (right top table in Fig. 6, third
row). After comparing the possible impacts on solubility (D logS)
of these chemical transformations, they could decide to substitute
the pyrazole with a triazole group.

The heat maps could be considered as a knowledgebase describ-
ing the relative solubility contributions of different medicinal
chemistry design elements (R-groups, linkers, and rings) since they
record the effects of chemical transformations on aqueous solubil-
ity. It would be of great values for chemists to get suggestions on
structural modification in order to enhance solubility.
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4. Conclusions

Many big pharmaceutical companies have built up rich SAR
chemical libraries, which contain an abundance of information
on how chemical transformations could influence biopharmaceuti-
cal, ADMET, as well as biological properties of drug-like molecules.
In this study, we described a systematic approach to identify MMPs
in a diverse solubility dataset, studied fragment–solubility rela-
tionships, and demonstrated how this can be used to improve
the solubility of compounds. It needs to be mentioned that the
intention of this investigation was to build a knowledgebase for
fragment–solubility relationship. Due to the diversity, the size of
the dataset is still relatively small, and we thus did not separate
the dataset into training and test sets as QSAR analysis commonly
does. More quantitative fragment–solubility relationship analysis
is beyond the scope of this study.

A set of 2794 compounds with intrinsic aqueous solubility
data was fragmented into linkers, rings and R-groups, by a hierar-
chical fragmentation method. MMPs that differ only by a particu-
lar chemical transformation (i.e., addition or substitution of rings,
linkers or R-groups) were compiled. The difference in solubility
(D logS) for all MMPs with same chemical transformation was
computed, and the effect on solubility of each chemical transfor-
mation was then studied based on the median D logS. Suggestions
of structural modification, that is, addition/deletion/substitution
of fragments, are then provided in order to enhance the solubility
in chemical design. In this study, we have analyzed the effects
upon solubility for many chemical transformations, and built a
knowledgebase for aqueous solubility. This approach could be ap-
plied to study and improve other biological activities of
chemicals.

It needs to be pointed out again that the chemical transforma-
tions we studied are functional groups and fragments that are
commonly accepted by medical chemists as design elements dur-
ing lead optimization. Compared with previous chemical transfor-
mation studies (not only for solubility),11–17 such chemical
transformations and their impacts on physic-chemical/biological
activities would be more interesting and acceptable for chemists.
For example, chemists would treat the change from benzene to
pyridine as a ring transformation. However, according to some pre-
vious chemical transformation studies, this could be considered as
an atom transformation (from aromatic carbon to nitrogen). An-
other interesting and novel contribution of this study is that we
listed the impacts of ring and linker fragments to solubility, while
a number of previous studies focused only on the impacts of R-
groups. Generally, it would be much harder for chemists to identify
the impacts of ring and linker than R group transformations.
Therefore we believe that our analysis would be an interesting
and valuable tool for medicinal chemists.

An ‘Expert Solubility Systems’ has been developed to incorpo-
rate the findings of this study. By using this tool, a given compound
with poor solubility will be fragmented into R-groups, linkers, and
ring systems first. Then by looking up the knowledgebase, possible
structural motifs (rings, linkers, or R-groups) will be suggested to
modify the original structures to improve solubility. Naturally,
these suggested modifications need to be weighed with other con-
siderations, such as certain structural requirements to maintain
biological activity or favorable ADMET properties.
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