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Abstract Target-oriented drug discovery is the main

research paradigm of contemporary drug discovery. In

target-oriented approaches, we attempt to maximize

in vitro drug potency by finding the optimal fit to the target.

This can result in a higher molecular complexity, in par-

ticular, the higher molecular weight (MW) of the drugs.

However, a comparison of the successful developments of

pharmaceuticals with the general trends that can be

observed in medicinal chemistry resulted in the conclusion

that the so-called molecular obesity is an important reason

for the attrition rate of drugs. When analyzing the list of top

100 drug bestsellers versus all of the FDA approvals, we

discovered that on average lower-complexity (MW,

ADMET score) drugs are winners of the top 100 list in

terms of numbers but that, especially, up to some optimal

MW value, a higher molecular complexity can pay off with

higher incomes. This indicates that slim drugs are doing

better but that fat drugs are bigger fishes to catch.
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Introduction

Drug design and development is an extremely complex

technological and economic problem. We can illustrate this

by the recent controversy over the efficiency in pharma-

ceutical R&D. There is sufficient argumentation and evi-

dence to provide support for the thesis that R&D

productivity has been steadily declining for decades [1].

This decline is so important that, for example, new means

were suggested in the ‘‘design of Phase II trials to increase

the productivity’’ gap [2]. Conversely, other arguments

proved that there is no productivity crisis [3] or at least that

‘‘productivity rides again’’ [4]. Economically, the declining

efficiency was demonstrated by the number of new drugs

that have been approved per billion US dollars spent on

R&D, which has halved roughly every nine years since

1950 [1]. This issue evidently needs a more systematic

analysis.

In economics income is a measure of performance and,

therefore, the market controlled by money provides us with

the performance appraisals that determines the selection of

the best products. Each new drug appears on the market

immediately after the approval of the drug administration

to begin a struggle for popularity and income and the list of

drug bestsellers indicates the winners. We have recently

used the length of time after approval as the measure of

drug age in order to test drug populations (FDA approvals)

to analyze overall trends in pharmaceutical R&D, in par-

ticular, drug bestsellers [5]. Here, we ask the question to

what extent we can explain pharma R&D efficiency

exploring drug bestsellers in particular the sales statistics as

a function of drug-likeness. The commercial success of any

drug is a complex problem that is limited by the compound

quality, marketing efforts but also the unmet medical need

impacts. In fact, the direct analysis of all these issues is
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practically impossible. Instead, the analysis which we fol-

lowed in this study mimics the viewpoint of natural

selection in which drugs bestsellers are the winners among

all FDA approvals. All the above mentioned impacts are

superposed within reaching the top 100 list.

Target-oriented drug discovery is the main research

paradigm of contemporary drug discovery. This has

resulted in large investments in screening equipment and

the reorganization of research departments. It is the target,

mode-of action, target validation and screening cascade

that identifies the design dogma [6]. In target-oriented

approaches, we attempt to maximize in vitro drug potency

by finding the optimal fit to the target. Usually, this results

in a higher molecular complexity, in particular, the higher

molecular weight (MW) of the drugs [7]. However, a

comparison of the successful developments of pharma-

ceuticals with the general trends that can be observed in

medicinal chemistry resulted in the conclusion that this

trend or the so-called molecular obesity is an important

reason for the attrition rate of drug candidates [7–9]. For

example, the average MW and clog P of the drugs that are

being marketed are lower than those for all of the drug

candidates taking a value of 300–450 Da (MW) and

1.5–4.0 (clog P) for the marketed drugs, respectively [7].

Accordingly, the concept of the so-called slim pharma

endorses lower molecular complexity drug projects [9].

In comparison with the target-oriented approach, drug-

likeness, which has been unexpectedly successful in drug

development, appears to be based on a highly reductionist

view. The concept of drug likeness relates the success of

drug candidates to the simple molecular properties that are

typical for the commercial drug population [8–10]. The

Lipinski Rule of Five (Ro5), which is probably the best-

known filter, is based on the four molecular descriptors that

determine good oral absorption and/or ADMET properties,

i.e. the logarithm of the octanol:water partition coefficient

(log P)\5; MW\ 500 Da; the number of H-bond donors

(HBDs)\ 5 and the number of H-bond acceptors

(HBAs)\ 10.

It is worth noting that the Ro5 parameters in drug

population are highly inter-correlated, and Gleeson defined

the so-called ADMET score as the one value ADMET

measure to be used when analyzing the oral drug popula-

tion [11].

ADMET Score ¼ 2:5� c logPj j
2:0

þ 330� molecular mass�j j
120

* if molecular mass\330 (a mean value of MW for oral

drugs), use molecular mass = 0 for calculations

A number of recent investigations have attempted to

estimate the physico-chemical properties and ligand

efficiencies in the successful designs of drug candidates or

their fragments [12] or to evaluate the influence of drug-

like concepts on decision-making in medicinal chemistry

[13]. However, the direct influence of drug complexity on

market behavior of drugs has never been analyzed.

Probing market success versus drug complexity
in the top 100 drug bestsellers

Essentially, a disagreement of the target oriented drug

design versus drug-likeness is that ‘‘the benefit of high

in vitro potency’’ (target based strategy usually resulted in

the increase of drug complexity and MW) ‘‘may be negated

by poorer ADMET properties’’ [11]. Similar, dichotomy

limited by drug complexity can be observed for the

enthalpy versus entropy controlled effects in drug opti-

mization. Although these problem is only now being

revealed at a structural level, the opportunity for enthalpy-

driven optimization decreases with increasing molecular

size [8].

Intuitively, medicines winning market competition

could form a standard of the ideal drug, while a list of

bestselling drugs could be a probe of the whole drug

population at the highest quality level. A question arises if

drug’s success on the market can be related to their com-

plexity. The purpose of this study is to analyze to what

extent the list of bestselling drugs, modeling the ideal

medicines, can reflect and/or clear current trends in

pharma. We used the US market as with top 100 bestselling

drugs (see: http://www.drugs.com/stats) a model, which

allows to compare the data with FDA approvals’ statistics.

In Fig. 1 we compared the mean ADMET score, clog

P (Fig. 1a) and MW (Fig. 1b) in the populations of the top

100 list versus all of the FDA approvals versus timing. The

mean ADMET score amounted to 3.7 for the FDA versus

2.5 for the top 100 list. MW is another measure of

molecular complexity. Both parameters clearly distinguish

the tested populations, i.e. the MW and ADMET score are

higher for the whole FDA approval population than for

those on the top 100 list on average. This revealed a lower

degree of complexity and a more drug-like ADMET profile

for those on the top 100 list. In particular, for the top 100,

the mean MW ranged from 356 to 412 Da, which begin-

ning at 379 Da (2003) decreased slightly to the lowest level

of 356 Da (2006) and then steadily increased to 412 Da

(2013). The high mean value of MW for FDA approvals

amounting at its maximum to 372 Da (2005). On the other

hand, the evolution of the clog P values in the population

of FDA approvals and the top 100 list was compared in

Fig. 1a. It can be observed that a mean clog P is very

stable, while its value does not clearly differentiate these

populations.
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In Fig. 2a, b we analyzed the influence of drugs’ com-

plexity (MW) on their market success measured by the

presence on the top 100 bestsellers list. Accordingly, we

plotted here the cumulative number of drugs of the lower

and higher complexity in the top 100 list versus the binned

drug age. A value of MW = 500 Da (Lipinski rule) or

330 Da (Gleeson criterion) was used to form two cate-

gories of molecular complexity, respectively.

The analysis of Fig. 2 indicates that the Lipinski MW

rule, i.e., MW\ 500 indicates a clear threshold for success

measured by the appearance on the top 100 list. The

cumulative number of drugs of MW below the threshold

value is much higher for the drugs independent of the drug

(MW\ 500, Fig. 2a). The decrease of the MW threshold to

the Gleeson criterion (MW\ 330) reverses this trend for the

drugs of the age between 4 and 16 years. Interestingly, for

the older drugs (over 16 years old) lower complexity

molecules still win the competition (Fig. 2b). These results

indicate that, more or less, theMW between 330 and 500 Da

is an optimum which assures winning behavior on the

market. Since binning data, i.e., plottingmean values instead

of the individual ones can skew correlations [14] we ana-

lyzed if actually the MW values can influence the pIC50

values of drugs plotting the individual vales of the observ-

ables. The comparison of the IC50 values even for a single

compound is risky if experiments are performed in different

laboratories. Values could significantly differ.Moreover, we

are comparing here different compounds and different

assays designed for various targets. Recent study reports that

ChEMBL database (see: http://www.ebi.ac.uk/chembl) is a

Fig. 1 A comparison of mean MW in blue with mean clog P in green (a) and mean ADMET score in red (b) for FDA approvals (line) and the

top 100 bestselling drugs (dots). NME new molecular entities were included only
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Fig. 2 Cumulative number of

drugs in the top 100 list (a,
b) and the corresponding mean

sales values (c, d) for the two

drug classes of the different

complexity defined by the

Lipinski MW = 500 Da (a,
c) or the Gleeson

MW = 330 Da criterion (b,
d) versus drug age i.e. time after

FDA approval. NME new

molecular entities were included

only
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Fig. 3 Maximum and mean

values of pIC50 in the top 100

list plotted vs. MW (a),
ADMET 330, ADMET 500

scores (b) and clog P (c). The
comparison of the maximum

and mean values of pIC50 for

the data binned according to the

MW range of below 330

between 330 and 500 and higher

than 500 (d). The data in

(a) could be best described by a

polynomial model with the

highest values somewhere in the

300–400 range (compare

supplementary materials)
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reliable repository of the mixed IC50 data [15]. Accordingly,

we explored this database extracting the needed IC50 for the

drugs investigated. This was available for 171 drugs, i.e.,

82 % of the population investigated. Moreover, because we

are comparing polypharmacological population with dif-

ferent targets, we averaged all available values for each drug

molecule for all assays reported. We believe this should

provide much reliable results than individual assays. The

results are given in Fig. 3. The relationship between pIC50

versus MW (Fig. 3a) is especially illustrative here. We can

see that if we divide the MW into 3 main ranges (defined by

the 330 and 500 Da, which are used as Gleeson or Lipinski

thresholds) the pIC50 decreases with the increase of MW.

This can be clearly seen if we follow the maximum value

line. The individual drugs located along the max value line

are specified in Table 1. In particular, the maximum values

of activity are the lowest within the lowest MW range, sig-

nificantly higher in the medium MW range and slightly

higher (vs. the lowest MW range) in the highest MW range

(Fig. 3d). If we perform similar analysis for the clog P val-

ues, then maximal pIC50 are generated by the medium range

clog P between ca. 2 and 4 (Fig. 3c).

It should be quite obvious that we should use maximal

values of activity to characterize the potential of a drug for

the interactions with different targets, if we realize that not

all assays are optimal and not always drug can find an

optimal bind into the target. Thus, our analysis seems to

indicate that although it is easier to bind the target by the

low molecular drug it is higher complexity and MW that

provides higher activity (lower IC50 value or higher pIC50

values). Similarly, if we analyze the pIC50 versus ADMET

scores we can see that the lower ADMET scores give

higher pIC50 values for the maximal pIC50 values’ line.

Generally, with some minor exclusions this is obeyed for

both indexes using thresholds of 330 and 500 Da. Since a

definition of the ADMET score decides that this indicator

increases with the increase of the difference from some

optimal MW and clog P values, we can see that, more or

less, this result follows this in Fig. 3a.

The above discussed effect can be better understand if

we follow here the explanation of the probability of the fit

between molecular fragments and targets [16], where a

general disagreement between the lead structure activity

versus its complexity is a substantial dichotomy realized

just recently. Since the development of chemical, physical

and biological technologies allowed the identification of

compounds with increasingly lower activities, the popula-

tion of potential lead structures significantly increased.

However, the activity level drastically decreases for low

molecular compounds. Similar rule, but of some more

complicated origins seems to be obeyed for commercial

drugs. The lower the MW the more probable it is to find the

active compound that can interact with the target because a

lower number of molecular features should fit the receptor.

However, with the increase of MW the drug molecule (in

optimal conditions, i.e., for maximal pIC50 values) can

better fit the target. Eventually, after exceeding some

optimal MW value we observe the decrease in pIC50

because the larger molecule makes the probability of drug-

target fit much lower.

It is worth mentioning here that the origins for this effect

should be seen more in the categories of the probability of

finding the optimal molecule interacting with target than a

real physico-chemical rationale. Thus, it is easier to find a

molecule fitting the target for lower MW. In this region,

independent of what effects we will take into account, even

if a value of pIC50 is not high we can still hit a successful

commercial drug. Instead, for higher MWs where the

probability for the optimal fit with the receptor is

decreasing also the probability of hitting a successful drug

is much lower. However, if optimal fit is found, then a

molecule would better fit the target, triggering also higher

activity, i.e., generating the drugs of the higher pIC50. This

is however true only for the highest activity level.

It would be interesting to analyze the top 100 winners

not only by the number of representatives but also by the

incomes. In Fig. 2c, d we plotted the mean sales value per

drug versus drug age for this population. This was

Table 1 Drugs located along

the highest pIC50 line in

Fig. 3a, b

No Trade name Active principle IC50 pIC50 MW ADMET 330 ADMET 500

1 Spiriva Tiotropium bromide 0.13 0.87 392.51 0.62 4.26

2 Cipro Ciprofloxacin 0.22 0.66 331.34 0.27 4.43

3 Xarelto Rivaroxaban 1.90 -0.28 435.88 1.15 4.44

4 Diovan Valsartan 2.39 -0.38 435.52 1.71 5.00

5 Flovent HFA Fluticasone propionate 3.00 -0.48 500.57 2.39 0.97

6 Gilenya Fingolimod 6.10 -0.79 307.47 3.45 4.87

7 Benicar Olmesartan medoxomil 7.97 -0.90 558.59 2.74 1.32

8 Detrol LA Tolterodine 16.98 -1.23 311.46 4.02 5.43

9 Zytiga Abiraterone acetate 17.50 -1.24 349.51 1.61 5.62

10 Arimidex Anastrozole 94.52 -1.98 293.37 2.96 4.38
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Fig. 4 Mean sales value within

the top 100 list plotted versus

the molecular weight MW (a),
pIC50 values (b), and drug age

(c), compared to the similar

relationships versus drug age

(d), MW (e) and pIC50 (f),
where drug age data were split

into 4 color coded classes (\5,

5–10, 10–15,[15), respectively
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illustrated for two classes of drugs of the higher and lower

complexity, indicated by the MWs of 330 (c) and 500 (d),

respectively. Interestingly, market success measured by

mean sales changes according to the drug age. First, the

medium age drugs (4–16 years) profited better than

younger or older populations. Second, for the MW

threshold of 330 we observe that higher MW generally

gives higher incomes. In particular, this is true for all drug

age classes excluding the oldest drugs. Remarkable, for the

Lipinski MW threshold (500) this keeps to be true for the

drugs between 8 and 20 years old, while within the

youngest and oldest drugs (below 8 and over 20 years old)

we observe the reverse relationship, i.e., lower MW (below

500) drugs provide higher mean incomes than higher MW

drugs.

Actually, if we analyze the success ratio for the binned

data, the lower complexity drugs are the winners, while on

average summing the incomes we got slightly more income

from the higher complexity (Fig. 2). However, if we plot

individual incomes of all drugs vs. MW (Fig. 4a), pIC50

(Fig. 4b) and drug age (Fig. 4c) we can see that there is

always some optimal value where incomes are taking the

highest value. Moreover, it is a single drug Lipitor

(Atorvastatin), that skews the binning statistics (Fig. 4a)

shifting this in the advantage of the highest MWs. In

Fig. 4b we analyze directly the influence of pIC50 on the

market success. We can see that similarly to the MW and

drug age the highest incomes are drugs of the intermediate

pIC50 values in the range of -3.5 to -5.

In Fig. 4d–f we presented the relationship between sales

and MW, and sales and pIC50 after adjustment for drug age

(compare supplementary results for the respective analyses

of covariance). Formally, this means we are binning drug

age into four ranges examining the relationship between

sales and MW, and sales and pIC50 after adjustment for

drug age using analysis of covariance. However, the

analyses of the plots of all data (Fig. 4d–f) indicted that in

the general sense there is no correlation or clear patterns

here.

Summing up, the influence of the molecular complexity

on market success is not fully clear. With some exclusion a

higher molecular complexity can pay off by providing

higher incomes for the compounds of the highest pIC50

values. The reverse of this trend for the youngest drugs for

the Lipinski threshold is remarkable (Fig. 2c). Since this

threshold currently determines drug design decisions we

Fig. 4 continued
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can hypothesize that presently target oriented strategies are

less efficient that the traditional drug-likeness criterion.

More or less, the drug age in this area ([8 years) corre-

sponds to the strategy switch from the phenotypic to the

target oriented scheme. The profits for the medium age

drugs are generally higher, which may be connected to

marketing strategies, while the traditional low MW drug

success for the youngest drugs may indicate the engage-

ment in the high risk strategies where new drug targets are

sought after which significantly increases the drug devel-

opment risk. Since this innovative strategy is not an easy

path, apparently we need more time to fully have a handle

of target oriented new technologies which will provide the

molecules capable of wining the top 100 competition.

Concluding remarks

The in vitro potency of drugs, when probed as a function of

the ADMET parameters, indicated that many drugs have a

considerable off-target activity, and that in vitro potency

does not correlate strongly with therapeutic dose. Thus,

‘‘the benefit of high in vitro potency’’ (target based strat-

egy) ‘‘may be negated by the ADMET properties’’ [11].

When analyzing the list of top 100 drug bestsellers versus

all of the FDA approvals, we discovered that on average

lower-complexity (MW, ADMET score) drugs are winners

of the top 100 list in terms of numbers but that, especially,

up to some optimal MW value, a higher molecular com-

plexity pays off with higher incomes. This indicates that

slim drugs are doing better but that fat drugs are bigger

fishes to catch. Furthermore, drug complexity is increasing,

i.e., the mean MW of the top 100 list indicates an

increasing trend which means pharma R&D continues to

go the target-oriented strategy by increasing drug com-

plexity despite the fact that this is still a bumpy road to

market success.
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