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’ INTRODUCTION

Despite the dramatically increasing costs of pharmaceutical
R&D,1�3 productivity, as measured by the number of new drugs
approved each year, has languished during the past decade. Many
different explanations have been proposed to account for this
decline, such as increasing regulatory scrutiny,4,5 the inherent
inefficiency of very large organizations,6,7 the pursuit of highly
speculative targets identified from genomics,3 andmore objective
decision-making about advancing marginal compounds into late-
stage clinical trials.8

Another factor often cited to help explain low pharmaceutical
productivity is that, paradoxically, many compounds synthesized
by medicinal chemists are not “druglike”, at least as measured by
various criteria such as the “rule of 5”9 or REOS.10 This finding
can be rationalized in many different ways, as described below.
To better understand which factors exert the greatest influence
on the practice of medicinal chemistry, we speculated that it
might be instructive to examine changes over time in the
properties of molecules that medicinal chemists make. Toward
this end, we have analyzed molecules reported in Journal of
Medicinal Chemistry between Volumes 1 and 52 (1959�2009). A
total of 415 284 molecules are included in this assessment.

Since 1959, Journal of Medicinal Chemistry (JMC) has been a
primary source for reports from academic and industrial medic-
inal chemistry groups. It is the most cited journal in the field of
medicinal chemistry with more than 42 000 citations recorded in
2009.11 While a number of groups have published analyses of
marketed drugs or compounds from recent pharmaceutical
patents, we are unaware of reports that provide a similar analysis
of the vast medicinal chemistry literature. Analyses of drugs do
not necessarily represent the much larger fraction of medicinal
chemistry compounds that domake it to market. Estimates of the
ratio ofmedicinal chemistry compounds synthesized to approved
drugs vary widely. Medicinal chemistry groups in large pharma-
ceutical companies synthesize in excess of 100 000 compounds
annually; yet these companies typically receive approval for only
a few new drugs each year. Other organizations may claim higher
productivity, but we can comfortably assume that well in excess
of 10 000 medicinal chemistry compounds are synthesized for
each approved drug. While it is obvious that not every compound
synthesized in a drug discovery program becomes part of a
publication, we can assume that publications in JMC provide a
significantly broader overview of the field than the small number
of drugs that are either approved or enter clinical trials every year.
As a means of approximating the fraction of medicinal chemistry
output represented by JMC, we calculated the similarity of JMC
compounds to the output from medicinal chemistry programs at
Vertex Pharmaceuticals between 1990 and 2010. Approximately
5% of Vertex compounds had at least a 0.7 Tanimoto similarity

(Daylight fingerprints) to at least one JMC compound. This
fraction may be greater for larger organizations. In spite of the
fact that JMC coverage is not comprehensive, we feel that it
provides an adequate representation of the overall trends in
medicinal chemistry.

Over the past 10 years, a number of groups have carried out
analyses of the properties of marketed drugs and compounds
under clinical investigation. A thorough summary of this work
can be found in a 2004 review by Lajiness.12 A 2004 paper by
Vieth showed that there were minimal changes in the median
molecular weight and CLogP of drugs launched between 1982
and 2002.13 However, different conclusions can be reached when
drugs are grouped chronologically and different time periods are
considered. In 2004, Leeson and Davis14 published an analysis
that examined the difference between oral drugs launched prior
to 1983 (864 drugs) and those launched between 1984 and 2004
(329 drugs). They found that the mean molecular weight,
numbers of oxygen and nitrogen atoms, the number of rings,
and the number of rotatable bonds had increased. However,
there appeared to be no statistically significant difference in
CLogP, % polar surface area, and number of hydrogen bond
donors between the pre- and post-1984 drugs.

A pair of papers from Leeson and co-workers compared
calculated properties of compounds taken from recent patents
published by major pharmaceutical companies with those of a set
of marketed oral drugs. In a 2007 paper,15 the authors found that
molecular weight and number of hydrogen bonding groups in
drugs had increased significantly over time, while increases in
CLogP for drugs had been more modest. The authors also found
that compounds in recent pharmaceutical patents were larger
(medianMWof 451 vs 432) andmore lipophilic (median CLogP
of 4.1 vs 3.1) than drugs approved since 1990. In a 2010
publication,16 the authors examined the relationship between
calculated properties and ion class over time. They found that,
with the exception of acidic drugs approved after 1990, median
values for CLogP, polar surface area, and number of hydrogen
bond donors for drugs had been relatively constant since the
1960s. While the number of hydrogen bond acceptors in drugs
increased, there were no time-dependent trends for shape or
chirality. The authors again found that compounds in current
pharmaceutical patents tend to be larger, more lipophilic, and
less three-dimensional than oral drugs. An examination of
compounds appearing in pharmaceutical patents during 2000�
2009 showed no trends over time for molecular weight, CLogP,
and shape, and the authors propose that inflation of these
properties may be leveling.
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’MATERIALS AND METHODS

Data used in this study was obtained by combining data sets
from two databases, theMedChem database (GVKBiosciences,
Hyderabad, India) and the publicly available ChEMBL17�19

database from EMBL. Chemical structures and year of publica-
tion for 408 330 compounds from 18 629 articles published in
Journal of Medicinal Chemistry between 1959 and 2007 were
extracted from the MedChem database as an SD file. Chemical
structures for 335 640 compounds from 14 447 JMC papers
published between 1980 and 2009 were extracted as an SD file
from version 2 of the ChEMBL database. SMILES strings were
generated for canonical tautomers of each molecule using the
QuacPac toolkit (OpenEye Scientific Software, Santa Fe, NM)
and used to create a set of 422 678 records corresponding to
unique combinations of SMILES, volume, and starting page.
7645 chemical structures with a molecular weight greater than
1000 were excluded, leaving a total of 415 284 structures from
19 299 papers that were used for the present analysis. A
calculation of the overlap between the JMC set of 415K struc-
tures and 2009 edition of theMDLDrug Data Report (MDDR)
(Symyx, San Leandro, CA) indicated that compounds used in
this analysis contained 512 launched drugs and 258 compounds
that had been in clinical trials. The number of structures in the
database on a per year basis is presented in Figure 1. Note that
the records were only available for the first half of 2009 in the
version of the ChEMBL database used for this analysis. Sum-
mary statistics for the number of structures per article are
shown in Table 1.

For comparison, a set of 1219 marketed drugs with molecular
weight less than 1000 was extracted from the 2009 edition of the
MDDR database. All entries with the “PHASE” field set to
“Launched” were selected. Year of approval for the drugs was
taken from the earliest entry in the “PHASE_YEAR” field. The
same properties calculated for the JMC set were calculated for
each of the drugs. These properties are depicted as dotted lines in
Figures 2 and 3, with the 95% confidence interval about the mean
plotted as a gray region.

Calculations of molecular weight, number of hydrogen bond-
ing groups, and rotatable bonds were carried out using inter-
nally developed Python scripts that employ the OEChem toolkit

(OpenEye Scientific Software, Santa Fe, NM). The SMARTS
patterns in Table 2 were used to identify these groups.

Calculation of polar surface area was performed using an
internally developed C++ program that uses the method origin-
ally published by Ertl.20 This program also uses the OEChem
toolkit for all molecule-handling functions. The log P calculations
(CLogP) were performed using an internally developed and
validated implementation of the XLogP algorithm.21,22 Molecu-
lar complexity was assessed using the MDL 166 bit fingerprints23

as implemented in the OEGraphSim toolkit from OpenEye
Scientific Software.

All statistical analyses and graphics were generated with R,
version 2.11.1. The plots in Figures 2 and 3 show the mean and
median values for compounds appearing in papers published
during a specific 5-year interval as solid lines. Mean values are
depicted as colored boxes with a blue box representing a statisti-
cally significant difference (p for difference inmeans ise0.05) with
the preceding interval and a red box representing a lack of statistical
significance (p for difference in means is >0.05). Calculations of
statistical significance were performed using the R function “pair-
wise.t.test”. This function performs multiple pairwise comparisons
and uses Holm’s method24 to correct for multiple testing.

’MOLECULAR WEIGHT

Molecular weight has been correlated with a number of key
parameters in drug discovery. It has been reported that over the
past few decades, themolecular weights of marketed drugs as well
as drug candidates have been increasing.25 Lipinski26 has shown
that there was a marked increase in molecular weight for clinical
candidates put forward by both Merck and Pfizer between 1962
and 1997. Leeson and Davis14 showed that molecular weights of
marketed oral drugs approved between 1983 and 2002 had a
molecular weight 14% greater than those approved before 1983.
In a 2008 study, Gleeson27 used principal components analysis to
identify an optimal set of descriptors to use in the generation of
predictive models for 12 ADME assays run routinely at GSK.
Molecular weight was the most significant of the descriptors
tested and explained 92% of the variation in the first principal
component. These reports, coupled with a high number of
failures in early clinical trials, have brought about a renewed
focus on physical properties with a particular emphasis on lower
molecular weight compounds. The revival of this interest seems
to have been driven, in part, by Lipinski’s publication of the “rule
of 5”,9 which helped to define property ranges that have become a
common part of many drug discovery efforts. There has also been
a renewed interest in leadlikeness which has driven the recent
growth of fragment-based design and strategies such as ligand
efficiency28�30 and the “rule of 3”.31

Table 1. Summary Statistics for the Number of Compounds
per Article in the Combined Database of Compounds Ap-
pearing in JMC between 1959 and 2009

no. compds per article

minimum 1

first quartile 7

median 14

mean 21.5

third quartile 28

maximum 1357

Figure 1. Number of structures per year from Journal of Medicinal
Chemistry in the combined database used for this study. Records were
only available for the first half of 2009.
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The relationship between molecular weight and selectivity is
still in question. A recent study from Pfizer32 showed that higher
molecular weight molecules tend to be more selective, while a
similar study from Novartis33 reached the opposite conclusion
that larger molecules tend to be more promiscuous. A third
study,34 published this year, indicates that for kinase inhibitors
synthesized at BMS, molecular weight is not a determining factor
for selectivity. Differences in targets and pharmacology may
make it difficult to generalize something as complex as selectivity.

Figure 2 shows the molecular weight trends for compounds
appearing in JMC papers between 1959 and 2009, divided into
5-year intervals. Trends for JMC compounds parallel those seen
for drugs. For JMC compounds, there is a statistically significant
increase in both the mean and median over time. During the
1960s, the median molecular weight of compounds in JMC was
close to 300 (303 for both 1959�1964 and 1965�1969). In the
1970s, the median molecular weight increased by 2�3% over
each 5-year period, rising to 317 for 1970�1974 and 326 for
1975�1979. The increase in molecular weight continued at a
similar rate throughout the 1980s. The most significant increase
in molecular weight occurred in the period between 1990 and
1994 with the median molecular weight increasing 10% over the
previous 5-year period. In the time between 1995 and 2009,
increases in molecular weight were more modest, with increases

of 0�2% over intervening 5-year periods with a median value of
388 for the most recent period, 2005�2009. In aggregate, the
molecular weight of the average JMC compound has increased by
25% during the entire 50-year period.

’CLOGP

Lipophilicity is another key factor in drug design.35 The most
common surrogate for lipophilicity is the octanol�water parti-
tion coefficient or log P. Computational predictions of log P have
been studied for more than 40 years36 and have become a routine
part of medicinal chemistry practice. Calculated log P (CLogP)
values have been correlated with a wide array of key drug
discovery parameters including solubility,37�39 permeability,40,41

hERG binding,35,42,43 and CNS penetration.44,45 It has also been
noted that lipophilic compounds tend to be more promiscuous
and have a higher incidence of nonspecific toxicity.46 Changes in
calculated log P for drugs over time have received some attention
in the recent literature.14,25 Lipinski reported that the CLogP for
compounds synthesized in drug discovery programs at Pfizer in
1994 was 14% higher than for those synthesized in 1986.26

Figure 2 shows CLogP trends for drugs and compounds
published in JMC over the same time intervals as the previous
analysis. It is interesting to note that since 1985, the mean CLogP
of compounds published in JMChas consistently been higher than

Figure 2. Mean values for molecular weight, CLogP, polar surface area, and number of rotatable bonds for molecules published in Journal of Medicinal
Chemistry in 1959�2009 are shown as solid lines with squares. Blue squares indicate a statistically significant difference between themean for a particular
5-year interval and the preceding interval. Red squares indicate that the difference was not statistically significant. Dashed lines indicate the median value
for each property during the designated interval. The gray regions represent the 95% confidence interval for drugs launched during the same time period,
with the dotted line representing the mean value for drugs during each 5-year period.
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that for current marketed drugs. Prior to 1985 there is no overall
trend, with CLogP values fluctuating up or down by 2�4% over
5-year intervals. Starting in 1990, there was a dramatic increase in
CLogP. Between 1990 and 1994 there was a 17% increase in the
median CLogP value. This was followed by an additional 10%
increase between 1995 and 1999. There was a smaller change
between 2000 and 2004 (decrease of 2%), but CLogP values do
appear to be on the increase again in the second half of the decade.
However, because of the smaller sample, it is difficult to make a
definitive assessment of the period between 2005 and 2009.

’POLAR SURFACE AREA

Over the past 10 years, polar surface area (PSA) has received
increased attention in the medicinal chemistry literature as well
as in the pharmaceutical industry. It has been noted that
molecules possessing a large PSA may encounter difficulty in
transiting biological membranes.47 This inability to cross mem-
branes may result in poor absorption or a lack of blood�brain

barrier (BBB) penetration. Some of the first work correlating
PSA and oral absorption was published by Palm48 who found that
drugs that were highly absorbed (>90%) had a polar surface area
less than 60 Å2 while drugs that were poorly absorbed (<10%)
had a polar surface area greater than 140 Å2. Clark and others
extended this work by employing larger data sets and alternative
methods for computing polar surface area. Subsequent work by
Egan41 defined an ellipsoidal region in a property space defined
by log P and PSA where compounds had a higher probability of
being orally absorbed. This region or “egg”, defined through an
analysis of drugs in the Physician’s Desk Reference, can then
serve as a target for compound design. The relationship between
PSA and BBB penetration was first published by van de Water-
beemd in 199249 and further refined by Clark and others in
subsequent papers. Hitchcock and Pennington50 suggest a cutoff
of 90 Å2 for compounds targeting the CNS and point out that the
average PSA for the top 25 CNS drugs is 47 Å2.

Figure 2 shows a consistent increase in both the mean and
median polar surface area over time for drugs and compounds

Figure 3. Mean values for number of hydrogen bond donors and acceptors, molecular complexity, and fraction of sp3 atoms for molecules published in
Journal of Medicinal Chemistry in 1959�2009. Blue squares indicate a statistically significant difference between the mean for a particular 5-year interval
and the preceding interval. Red squares indicate that the difference was not statistically significant. Dashed lines indicate the median value for each
property during the designated interval. The gray regions represent the 95% confidence interval for drugs launched during the same time period, with the
dotted line representing the mean value for drugs during each 5-year period.

Table 2. SMARTS Patterns

SMARTS pattern

hydrogen bond donor [#7H,#7H2,#7H3,OH]

hydrogen bond acceptor [#8H0,#8H1,#7H0&!$([#7X3,#7X4])

rotatable bond [!$([NH]!@C(=O))&!D1&!$(*#*)]&!@[!$([NH]!@C(=O))&!D1&!$(*#*)]
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published in JMC. PSA steadily rose over each of the 5-year
intervals in the period between 1959 and 1995, with increases in
the median value between 2% and 10% in each interval. With a
couple of exceptions, PSA values for JMC compounds have been
within the ranges observed for marketed drugs.

’ROTATABLE BONDS

Molecular flexibility is another property that is frequently
optimized over the course of drug discovery programs. Medicinal
chemists often rigidify a molecule to reduce conformational
entropy and increase binding affinity or impart selectivity. The
number of rotatable (typically nonring single) bonds is often
used as a surrogate for molecular flexibility. A 2002 paper by
Veber51 correlated rat oral bioavailability with number of rota-
table bonds, polar surface area, and number of hydrogen bonding
groups. Subsequent work by Lu52 demonstrated that these
relationships were more complex and results tended to vary
based on calculation methods and the therapeutic class of the
molecules being analyzed. A 2009 paper by Hou53 cast further
doubt on these results by analyzing a set of 706 compounds and
finding no relationship between human oral bioavailability and
rotatable bonds or any other calculated parameter.

Figure 2 shows an increase in the average number of rotatable
bonds for compounds published in JMC between 1959 and 2009.
These changes parallel the trends observed for marketed drugs.
The mean value increased from 1959 to 1990 but appears to have
stabilized over the past 20 years. Themedian number of rotatable
bonds in JMC compounds was constant at 4 from 1965 through
1984. In the interval between 1985 and 1989, the number
increased from 4 to 5, with a further increase to 6 in the second
half of the 1990s.

’HYDROGEN BONDING GROUPS

Hydrogen bonds are a key element of almost every drug
discovery program. A properly placed hydrogen bond can impart
both potency and selectivity to a compound. However, like many
of the parameters discussed here, hydrogen bonds can be a
double-edged sword. An excessive number of hydrogen bonding
groups can inhibit a compound’s ability to transit a biological
membrane and significantly reduce bioavailability. In the 1997
“rule of 5” paper,9 Lipinski noted that the majority of marketed
drugs possessed fewer than 5 hydrogen bond donors and fewer
than 10 hydrogen bond acceptors. These observations, which
have been supported in a number of subsequent studies,27,54�56

have become guidelines for many drug discovery programs.
Figure 3 shows trends for hydrogen bond donors and acceptors

inmolecules published in JMCbetween 1959 and 2009. Themean
number of hydrogen bonding groups increased through the 1960s,
1970s, and 1980s but appears to have stabilized over the past 20
years. Trends for hydrogen bond donors paralleled those observed
for marketed drugs, while the mean number of acceptors dropped
below that observed for drugs during the 1980s and 1990s. The
median number of hydrogen bond donors has been constant at 1
throughout the entire 50-year period. The number of hydrogen
bond acceptors remained constant at 3 throughout the 1960s,
1970s, and early 1980s with an increase to 4 in the 1980s.

’MOLECULAR COMPLEXITY

Over the past 50 years, medicinal chemists have attacked
increasingly challenging targets.57�59 In addition, closely related

targets such as kinases or ion channels present selectivity
challenges. One school of thought holds that more challenging
targets may require additional functionality. In evaluating
changes in medicinal chemistry compounds over time, we
wanted a metric to compare the relative complexity of molecules.
We chose to employ an approach used in a publication by
Schuffenhauer,60 who quantified molecular complexity based
on the number of bits turned on in a molecular fingerprint.

Figure 3 provides a comparison of complexity for molecules
reported in JMC between 1959 and 2009. As with many of the
other parameters reported here, complexity increased steadily for
both drugs and JMC compounds between 1959 and 1990. The
median complexity for JMC compounds increased in the 1980s
with an 8% increase for the period 1980�1985 and an additional
5% increase in the subsequent 5-year period. JMC complexity
continued to increase by 10% between 1990 and 1995 but has
leveled off in the intervening years. However, perhaps because of
an increasing need for selectivity and safety, complexity of
marketed drugs increased between 2004 and 2009.

’ “FLATNESS”

The aromatic character of druglike molecules has received a
significant amount of recent attention. One measure of a
molecule’s aromatic character, and indirectly of its three-dimen-
sional shape, is the fractional sp3 character (Fsp3). This metric,
originally defined by Yan and Gasteiger,61 is defined as the ratio
of the number of sp3 carbon atoms to the total number of carbon
atoms. A 2009 publication by Lovering and co-workers62 showed
that Fsp3 can be related to physical properties such as aqueous
solubility and melting point. The authors demonstrate that
molecules with a higher Fsp3 tend to have lower melting points
and higher aqueous solubility. These properties would poten-
tially lead to molecules that would be easier to formulate. The
authors also showed that marketed drugs tend to have a higher
Fsp3 (0.47) than discovery compounds (0.36). Recent work by
Ritchie and McDonald63 has shown a relationship between the
number of aromatic rings and several properties such as solubi-
lity, CYP inhibition, plasma�protein binding, and hERG bind-
ing, all of which influence the challenges inherent in developing a
compound.

Figure 3 shows the trends for Fsp3 for molecules published in
JMC between 1959 and 2009. As can be seen in the figure, the
median fraction of sp3 carbons increased from 0.35 in the mid-
1960s to 0.38 in the early 1990s. However, Fsp3 steadily
decreased between 1995 and 2009, reaching a median value of
0.32 for the most recent period measured. It is interesting to note
that since the mid-1970s, molecules published in JMC have
consistently had less sp3 character than marketed drugs. As
mentioned by Lovering,62 the increasing “flatness” of molecules
may have come about because of new chemistries that facilitate
sp2�sp2 couplings.

Table 3. Number of Rings, Linkers, and Side Chains Re-
quired To Describe 415 000 Compounds Published in JMC
between 1959 and 2009

70% coverage 80% coverage 90% coverage total

rings 37 112 470 12172

linkers 53 127 518 8881

side chains 16 40 265 25330
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’MOLECULAR FRAMEWORKS

It is also interesting to note (Table 3) that 70% of the
compounds in JMC are composed of a relatively small number
of “building blocks”: 37 ring types, 53 linkers, and 16 side chains.
The data in Table 3 were generated by fragmenting molecules
according to the scheme originally described by Bemis;64 rings,
linkers, and side chains were sorted by frequency. We then
counted the number of rings, linkers, or side chains required to
account for 70%, 80%, and 90% of the total. This finding is
consistent with earlier studies of known drugs.64,65 On the other
hand, there is strong evidence (Figure 4) that the rate of
introduction of new molecular frameworks (combinations of
rings + linkers) has actually risen in recent years, with 1589 in
2007 and 1935 in 2008. In other words, the same building blocks
are being assembled in novel ways. It is interesting to note that
the number of new frameworks seems to parallel an increased
number of acyclic�aromatic bonds in JMC molecules (vide
infra). 25% of the new frameworks published in 2008 contain at
least one acyclic�aromatic bond. It appears that the increase in
the number of new frameworks may be driven, at least in part, by
the adoption of palladium catalyzed couplings such as the
Suzuki,66 Heck,67 and Negishi68 reactions.

’RESULTS AND DISCUSSION

Our analysis of more than 400 000 molecules reported in
Journal of Medicinal Chemistry during the past 50 years clearly
shows that the properties of the typical molecule have changed
dramatically. Molecules are getting larger, more complex, and
more lipophilic, and they are flatter and more aromatic, as mea-
sured by the fraction of sp3 carbons. In addition these molecules
are more flexible, they have an increased polar surface area, and
they contain more hydrogen bond donors and acceptors. Not
surprisingly, many of these trends parallel those observed for
marketed drugs. Table 4 and Figure 6 provide comparisons of
properties calculated for molecules published in the first 5 years of
JMC with compounds published in the most recent 5-year period.
As can be seen in Table 4, mean values for all calculated properties
increased by 16�37% except for the fraction sp3 which decreased
by 28%. Figure 6 shows distributions of the same sets as box plots.

The distributions for drugs launched during the same intervals are
shown for reference. Notches in the boxplots provide a rough idea
of the 95% confidence interval about the median. If the notches
about two medians do not overlap, there is strong evidence that
medians do not overlap.69Median values for all properties with the
exception of fraction sp3 increased over the past 50 years. Fraction
sp3 decreased significantly over the same period. Further examina-
tion of Figure 6 indicates that the distributions of CLogP and the
fraction sp3 for molecules published in the most recent 5-year
period lie outside those observed for drugs launched during the
same interval.

Most chemists would interpret these data to suggest that some
of the properties of molecules are getting “worse” or what is
sometimes called “less druglike”. While the interpretationmay be
debatable, it is unquestionably true that the CLogP and fraction
sp3 of drugs and typical JMC molecules, over time, have
increasingly diverged; that is, a higher percentage of the JMC
molecules have properties that fall outside the ranges most
commonly found in successful drugs. Of course, this does not
necessarily mean that these are “bad”molecules; many successful
drugs fall outside the normal ranges.

These trends have been evident for decades but may be
abating. In Figures 2 and 3, most of the curves appear to have
leveled over the past 15 years. In Table 5, we compare the mean
values from 1959 to 1999 to those of 2000�2009. In every
category except Fsp3, the more recent compounds have higher
mean values. Consistent with other properties moving away from
“druglikeness”, Fsp3 decreased. However, when we further
compare the most recent 5 years (2005�2009) to the preceding
5 years (2000�2004), we see many trends moving back in
“druglike” directions. However, one has to be careful not to
overinterpret short-term trends.

The fact that properties of marketed drugs have changed over
time calls into question our notions of druglikeness. When
Lipinski published the “rule of 5” paper9 in 1997, the average
molecular weight of launched drugs was 369. During the most
recent 5-year period, the average molecular weight was 388, an
increase of 6%. Should wemake adjustments to bring the rule of 5
in line with current practice, or should we adopt a term other than
druglike that more adequately describes the desirable properties
of molecules?

To better understand how we might rethink the concept of
“druglike,”we can think of nine possible explanations for changes
in the properties of molecules made by medicinal chemists over
the past 50 years.

Figure 4. Number of new molecular frameworks published per year
between 1959 and 2009. Records were only available for the first half
of 2009.

Table 4. Mean Properties for Compounds Appearing in
Papers during the First 5 Years of JMC Publication and in the
Most Recent 5-Year Perioda

1959�1964 2005�2009 % difference

molecular wt 302.68 403.29 24.9

CLogP 2.60 3.10 16.0

TPSA 57.50 87.05 33.9

rotatable bonds 4.86 6.33 23.2

HB donors 1.25 1.77 29.3

HB acceptors 2.67 4.24 37.0

complexity 38.51 47.59 19.1

fraction sp3 0.43 0.34 �28.5
aValues in bold indicate a statistically significant difference in the mean
(p < 0.05).
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Advances in Molecular Biology. With increasing knowledge
of receptor subtypes, and therefore greater concerns about selec-
tivity, came an increase in target-based counterscreening.70�72

Achieving selectivity in practice frequently requires larger or more
complex molecules.
Advances in Synthetic and Analytical Techniques. It is far

easier today than in the 1970s to make, purify, and structurally
characterize complex molecules. Therefore, quite naturally, there is
a tendency to take advantage of these improvements to make more
complex molecules. The increased availability of reagents also
makes it much easier to synthesize larger, more complexmolecules.
As an example, consider arylboronic acids, a common component
in the widely used Suzuki coupling. Over the past 15 years, Vertex
Pharmaceuticals has maintained an extensive database of available
reagents. In 2000, this database contained approximately 300
commercially available arylboronic acids. A search in the current
version of the same database yields more than 3000 such reagents.
Advances in High-Throughput Chemistries. As mentioned

above, the introduction of new methods for sp2�sp2 couplings,
and the adaptation of these methods to high-throughput synth-
esis, has had a broad impact on medicinal chemistry. Figure 5
shows the fraction of molecules containing at least one acyclic
single bond connecting two aromatic rings in molecules pub-
lished in JMC between 1959 and 2009. The marked increase in

the fraction of molecules with acyclic bonds connecting aromatic
rings over the past 15 years is consistent with the increase in
“flatness” (decrease in fraction sp3).
Better Formulation Technologies Can Precipitate a Sense

of Complacency. Because formulations scientists are so often
able to dramatically improve the pharmacokinetic properties of
molecules,73�75 there may be a tendency for medicinal chemists
to drive forward with suboptimal compounds, expecting that
physicochemical deficiencies will be overcome in development.
Target-Focused Drug Discovery. Increasing application of

molecular understanding of disease has led to target-based re-
search, which facilitates sequential optimization of properties. For
example, discovery teams often optimize receptor binding, then
cellular activity, then ADME properties, and so forth. In this
approach it is easy to get trapped in localminima. Before the rise of
target-based research, it was more common to drive programs
based on animal efficacy data. This was, in effect, a form of
simultaneous multifactorial optimization, since compounds that
work in animal models are much more likely to avoid multiple
problems, e.g., insolubility, cell impermeability, or metabolic
instability.
Misuse of Structure-Based Drug Design. Structural infor-

mation, predominantly from X-ray crystallography, frequently
reveals obvious opportunities to fill deep pockets. A misguided
but common design strategy focuses only on potency and will
automatically increase molecular weight and, even worse, gen-
erally increase lipophilicity, since these pockets are usually
hydrophobic.
However, it should not be assumed that structure-based design

is more responsible for property inflation than other approaches.
A 2000 publication by Lipinski26 showed increases in a number
of properties including molecular weight and lipophilicity for
clinical candidates arising from both “rational” and HTS driven
drug discovery programs. It would be enlightening to see an
updated version of Lipinski’s analysis and examine whether these
trends have changed in the intervening years.
Dependence on High-Throughput Screening Collections

(Rather than Natural Products) for Leads. In the mid-1990s,
the HTS paradigm required building enormous chemical li-
braries, either through purchasing molecules from vendors or
from high-throughput chemistry. Lead molecules coming from
high-throughput screening often have poor physical properties,
complicating the optimization process.76

Higher Hurdles to Compound Advancement. Over time,
the requirements for high potency, selectivity, and other para-
meters have increased, which drives upmolecular complexity and
frequently reduces “druglikeness”.

Table 5. Mean Properties for Compounds in JMC before 2000 and in the Subsequent 10-Year Period, as Well as Differences for
the Two Most Recent 5-Year Periodsa

1959�1999 2000�2009 % difference 2000�2004 2005�2009 % difference

molecular wt 354.09 403.35 13.91 403.43 403.29 �0.04

CLogP 2.61 2.98 13.84 2.83 3.1 9.26

TPSA 76.76 88.08 14.74 89.29 87.05 -2.51

rotatable bonds 5.80 6.42 10.56 6.51 6.33 -2.8

HB donors 1.58 1.80 14.26 1.83 1.77 -3.36

HB acceptors 3.65 4.25 16.31 4.27 4.24 �0.65

complexity 43.91 47.45 8.05 47.28 47.59 0.64

fraction sp3 0.39 0.35 �9.37 0.36 0.34 �6.54
aValues in bold indicate a statistically significant difference in the mean (p < 0.05).

Figure 5. Influence of sp2�sp2 coupling chemistries on the molecules
published in JMC between 1959 and 2009. Data are shown as the
fraction of molecules published in each 5-year period containing at least
one acyclic�aromatic carbon�carbon bond.
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Changes in the Nature of JMC Manuscripts and/or Pub-
lication Policies. For completeness, we also include the possi-
bility that these changes may also result from changes in JMC
editorial policies. The fact that the increase in the number of
molecules published in JMC has significantly outpaced the
number of new drugs may indicate that earlier-stage projects,
with less well-optimized compounds, are more likely to be
reported in JMC in recent years.

’CONCLUSIONS

If the Journal ofMedicinal Chemistry is a fair surrogate for “what
pharmaceutical chemists make”, then we have confirmed the
following facts: The mean and median values of a wide range of
physical properties of molecules have risen, either steadily or in
periodic jumps, throughout the past 50 years. Figures 2 and 3
summarize the properties of molecules published in JMC be-
tween 1959 and 2009. Both lipophilicity (as measured by
XLogP) and three-dimensionality (as measured by Fsp3) are
moving away from ranges typically found in successful drugs.
There seems to be an acceleration in the upward trends of several
properties, noticeablymolecular weight and log P, reported in the
journal around 1985. This provides a valuable clue: obviously

property changes were not solely due to high-throughput chemistry
and screening, since those technologies did not become common-
place until the mid-1990s. Likewise, the increase in molecular
complexity is not a recent phenomenon and therefore cannot be
solely attributed to factors such as combinatorial chemistry and
high-throughput screening.

It is worth noting that these trends seemed to accelerate in the
mid-1980s, indicating that some change took place in the early
1980s. The most likely explanations for an upward change in the
early 1980s (before the age of combinatorial chemistry or high-
throughput screening) seem to be advances in molecular biology,
i.e., understanding of receptor subtypes leading to concerns
about specificity; target-focused drug design and its correspond-
ing one-property-at-a-time optimization paradigm (possibly
exacerbated by structural biology); and improvements in tech-
nologies which enabled the synthesis and characterization of
more complex molecules.

In recent years there has been a renewed interest in natural
products and similar, more complex molecules as starting points
for drug discovery programs.77,78 As pointed out by Keller,79

many natural products violate the rule of 5 but are still bioavail-
able. The reasons for these exceptions are not well understood,
but further study should allow us to define valuable new rules.

Figure 6. Comparison of property distributions for JMC compounds (in red) and launched drugs (in blue) for the first 5 years of JMC publication
(1959�1964) with the most recent 5 years (2005�2009).
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Despite a perceived emphasis on “druglikeness”, pharmaceu-
tical output continues to decline. As of October 2009, drug
approvals were down 29% over the previous year and 13% below
the 10-year average.11 If the compounds reported in JMC are, as
we contend, a fair reflection of the sort of molecules being
produced in drug discovery programs, it appears that much of
what we have learned about “druglikeness” is not consistently
being put into practice. To say this more precisely, despite the
many publications (e.g., refs 9�16 and possibly others) outlining
the challenges of developing compounds with properties that lie
outside well-defined ranges, we find that the molecules actually
being made by medicinal chemists are tending, more and more,
to be such outliers, for the many good and understandable
reasons described above.

Looking ahead, we believe it is necessary to select a different
set of unifying principles for compound design. We will increas-
ingly be driven to work on targets of unprecedented complexity
while facing ever-increasing safety and efficacy hurdles. Simplistic
rules,9,10 even if widely adopted, will not suffice. A return to the
practice, so widespread in the 1950s and 1960s, of relying solely
on animal pharmacology as a primary readout seems unlikely.
Rather, we propose five interdependent principles to improve the
design process:
(1) Deeper understanding of true druglikeness. Simple nu-

merical rules of thumb are helpful only to a degree.
Rather, we need to develop an improved understanding
of what makes some molecules druglike despite having
physical properties outside the usual ranges. These rules
can be global (applicable to all molecules) or local (fine-
tuned for each chemical class or target tissue) and will be
especially valuable for tackling “undruggable” targets.

(2) More emphasis on ligand efficiency,28�30 particularly in
the hit-to-lead process. This in turn would support a re-
evaluation of screening collections and perhaps the use of
fragment-based approaches. Greater ligand efficiency
would also tend to lead to lower log P, which has clearly
been shown15 to reduce toxicological liabilities.

(3) More informative and higher throughput in vitro ADME/
toxicity assays. Advances in assay technologies have led
drug discovery teams to increasingly employ additional in
vitro assays. Compounds in drug discovery programs are
now routinely tested in solubility,80 CYP,81 and hERG
assays.82 In vitro systems such as Caco-283 and parallel
artificial membrane permeation84 are commonly used as
surrogates for permeability. A number of cellular systems
have been developed to provide an indication of potential
adverse outcomes.85,86While many in vitro assays provide
benefit, the correlation with in vivo data can be incon-
sistent. Increases in the quality and applicability of in vitro
assays will enable medicinal chemists to gain insights
earlier and avoid potential liabilities.

(4) A return to the mindset of simultaneous multivariate
optimization. The ultimate goal of a drug discovery pro-
gram is to generate a compound that is safe and efficacious
in humans. In order to develop such a compound, teams
must optimize many criteria including affinity, selectivity,
activity, properties, and pharmacokinetics. These criteria
are often optimized in a serial fashion. Teams will optimize
a single criterion like enzyme potency and then sacrifice
these gains to optimize a second property like solubility.
The process of trading off one property for another can
repeat for dozens of cycles. A number of approaches can be

applied to support multiobjective optimization. One is to
employ visualization software that enables teams to ap-
preciate the entirety of the data. A number of groups
have recently developed visualization tools oriented toward
drug discovery programs.87�89 Another approach is to
apply multiobjective optimization algorithms and attempt
to simultaneously optimize multiple criteria.90,91 While
multiobjective optimization has been successfully applied
in a number of other fields, the primary limitation in
drug discovery is the limited accuracy of computational
models.92,93

(5) Reduced reliance on “easy” chemistry.While Pd-mediated
sp2�sp2 couplings and amide bond-forming reactions
have their place, we believe that a greater emphasis on
the art of synthesis in medicinal chemistry would drama-
tically improve the physical properties of our molecules.

Adopting these principles will be challenging, but we believe
that a significant change in approach is essential if medicinal
chemistry is to remain a vibrant and productive enterprise.
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