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Post—High-Throughput Screening Analysis:
An Empirical Compound Prioritization Scheme

TUDOR L. OPREA,' CRISTIAN G. BOLOGA,' BRUCE S. EDWARDS,’
ERIC R. PROSSNITZ,” and LARRY A. SKLAR®

An empirical scheme to evaluate and prioritize screening hits from high-throughput screening (HTS) is proposed. Negative
scores are given when chemotypes found in the HTS hits are present in annotated databases such as MDDR and WOMBAT or
for testing positive in toxicity-related experiments reported in TOXNET. Positive scores were given for higher measured bio-
logical activities, for testing negative in toxicity-related literature, and for good overlap when profiled against drug-related
properties. Particular emphasis is placed on estimating aqueous solubility to prioritize in vivo experiments. This empirical
scheme is given as an illustration to assist the decision-making process in selecting chemotypes and individual compounds for
further experimentation, when confronted with multiple hits from high-throughput experiments. The decision-making pro-
cess is discussed for a set of G-protein coupled receptor antagonists and validated on a literature example for dihydrofolate
reductase inhibition. (Journal of Biomolecular Screening 2005:419-426)
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INTRODUCTION

HE VIRTUAL AND HIGH-THROUGHPUT screening (HTS) worlds

have often witnessed a large amount of interesting molecules
(often in the order of 100-1000) that warrant further attention.' The
answer to the question “What molecule(s) to pursue next?” is often
left to the medicinal chemist** or to the biologist'—who often have
little else besides intuition to guide them in this analysis. We illus-
trate the decision-making process’ based on a G-protein coupled
receptor (GPCR) target, in which hits were evaluated via high-
throughput flow cytometry.® In this particular workflow, we started
with a 3-dimensional model of the GPCR (e.g., see Evers and
Klebe’) and docked (see Muegge and Enyedy® for review) known
weak (micromolar) and strong (nanomolar) antagonists from the
literature. Given the high level of uncertainty of this type of model,
we derived a pharmacophore’ and allowed large tolerance levels
for the search, which we applied to the Chemical Diversity Labs
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(CDL)" library containing more than 450,000 compounds. The
pharmacophore search produced 6500 compounds, of which a
subset of 4324 compounds was available and screened. Based on
the results from flow cytometry, 95 compounds (2.2%) were clas-
sified as HTS hits (i.e., some inhibition was observed), 76 com-
pounds (1.8%) exhibited more than 50% inhibition, and 15 com-
pounds (0.3%) were classified as antagonists, having K, values less
than 10 uM on the GPCR target of interest. Because further in vitro
and in vivo experiments are needed to improve the quality of these
compounds for drug discovery, we discuss here the workflow for
the decision-making process and the reasons for the empirical
scoring scheme adopted here. This workflow is validated by ap-
plying the same empirical scheme on a set of 9 dihydrofolate
reductase (DHFR) inhibitors, selected from 12 reported mole-
cules.'" These inhibitors were identified by screening a 50,000
small-molecule library via HTS then performing K, determination
for 62 compounds in secondary screening. "

MATERIALS AND METHODS

Chemotype evaluation

Hits/Tested score. Although only 33 compounds were tested in
dose-response experiments (K; values between 40 and 1 uM) for
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GPCR antagonism, our evaluation scheme takes into account the
total number of compounds screened per individual chemotype,
expressed as the hits/tested (HT): “tested” represents the total
number of compounds evaluated on this target in this flow
cytometry screen, whereas “hits” were considered all compounds
that exhibited at least 68% inhibition. The HT score evaluates the
hit rate of a particular chemotype and captures negative informa-
tion (e.g., inactives) as well. Individual biological activities are
considered separately (see below). We applied the following crite-
rion, according to the principle that a higher H/T ratio should be re-
flected by a higher HT score value: H/T >20.5, HT =50; H/T >0.35,
HT=35;H/T=0.2,HT=20; H/T=0.1,HT=10; H/T=0.05,HT =
5; otherwise HT = 0. In the DHFR validation case, the chemotype
evaluation was performed on 11 of the 12 reported molecules'" us-
ing T = 20 (tested molecules) for each of the 5 chemotypes. We
chose T = 20 as the default to minimize its influence on the rest of
the analysis; the exact number of tested chemotype representatives
was not reported. The H/T ratio scoring scheme for the DHFR ex-
ample was the same as for the GPCR target. In this, and all other
evaluation schemes presented in this work, scores are
dimensionless. To distinguish between chemotypes, G and D are
used to prefix GPCR antagonists and DHFR inhibitors,
respectively.

Intellectual property evaluation scheme. We queried MDDR
(MDL’s drug data report') and WOMBAT (World of Molecular
Bioactivity”) for related substructures in an attempt to capture the
value of various chemotypes with respect to drug discovery. We
scored relevant chemotypes according to the principle that higher
intellectual property (IP) scores should reflect a lower number of
related substructures found in MDDR and WOMBAT. We
awarded negative points for each hit in MDDR (-5 for identical
and —1 for related [i.e., similar] substructures) and for hits
in WOMBAT (we divided the total number of WOMBAT hits by
—10). Higher weight was given to MDDR hits because it implies
that the IP value of that substructure is already considered by a 3rd
party for commercial applications, whereas WOMBAT hits are re-
lated more to public domain (not necessarily patents). In summary,
we penalized each chemotype that had hits in any of these 2
databases.

Tox score and IPT score. We ran multiple queries in the
TOXNET" database system for information available on substruc-
tures specifically related to the compounds in question. Choosing
the appropriate fragments to query is more art than science (e.g.,
cyanide is highly toxic by itself but safe(r) in cimetidine), but every
attempt was made to choose the relevant structural family. Thus,
TOXNET queries did not always include the smallest substructure
but rather fragments that were deemed relevant to bioactivity in
that class. We applied the following criteria, according to the prin-
ciple that higher Tox scores should be reflected by higher Tox val-
ues: negative toxicity studies for the exact substructure, Tox = 100;
negative toxicity studies for related substructures, Tox = 50;
known (potential) toxicity studies for related substructures, Tox =
—50; known toxicity studies for the exact substructure, Tox =—100.
In the absence of any other data, Tox = —10 (default), because all
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compounds are toxic (depending on the dose). Finally, we summed
the HT, the IP, and Tox scores to evaluate the attractiveness of each
chemotype in the IP and Tox (IPT) score.

Individual molecule evaluation

Physico-chemical property score. Because the next stage of ex-
periments is in vivo mouse studies, the estimated permeability for
each confirmed HTS active was evaluated at the individual level,
given the chemotype context. Given the relatively high margin of
error for solubility prediction methods, the solubility/permeability
(SP) score was computed in rather large intervals, deemed to
match the property distribution of orally available drugs, as fol-
lows: LogP/D > 6, SP=-10; LogP/D > 5, SP = 10; LogP/D > 3, SP
=20; LogP/D > 0, SP = 50; LogP/D > -2, SP = 20; otherwise SP =
—10, where LogP/D reflects 2 separate descriptors, that is, Logl:’,16
or the octanol/water partition coefficient, and LogD,, (the pH="7.4
corrected LogP). For the CDL database, these values are already
computed with ChemoSoft."”” For DHFR inhibitors, the corre-
sponding values, precomputed with ACD/Labs software," were
extracted from SciFinder."”

Minimum required aqueous solubility score. To prepare for ex-
periments in mice, we applied the minimum required aqueous sol-
ubility test (min_S, ) as follows:

Dose (uM) =T, x K; x Vol, (D

where T is the therapeutic window (typically 10 to 20 times
higher than the K;; in this study, T, =20); K is the measured inhibi-
tion constant, expressed in micromoles; and Vol is the total mouse
blood volume (typically, and in this study, 5 mL).

Dose (mg) = Dose (UM) x MW/1000, 2)

where MW is the molecular weight (in atomic mass units) for each
compound.

Saq = Dose (UM)/Svol, 3)

where S, is the required solubility and SVol is the sample volume.
In this study, SVol =200 pL (this is the maximum fluid volume that
can be given as bolus injection in mice).

min_S, test: LogS, > LogS, + Logl0. 4)

The min_S,, test forces the estimated LogS,, (computed by either
ChemoSoft!” or ACD/Labs18) to exceed 10 times the re-
quired solubility dose (in equation 4, Log10). The required solu-
bility (S,,) is based on measured K; values and, as such, reflects a
“must-have” for the success of the in vivo experiments. The 10-
times excess value reflects the possible errors in computing
LogS,,. The min_S,, test was applied to all compounds with avail-
able estimated LogS,, and measured K; values. Fifty points were
awarded to compounds passing this test, and 50 points were sub-
tracted from the score of compounds that failed this test.
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High activity and priority scores. To take into account biologi-
cal potency, we scored compounds according to their measured ac-
tivity on the target of interest, as follows: For the GPCR antago-
nists, 100 points were awarded for 10 uM = K, = 1 uM; 50 points
were awarded for K, between 10 and 20 uM, 20 points for K be-
tween 20 and 40 UM, and 10 points for K| that had higher values.
For the DHFR inhibitors, compounds were scored according to the
K, as follows: 80 points were awarded for 5 nM > K, = 1 nM, 60
points were awarded for 10 nM > K, 2 5 nM, 40 points were
awarded for 50 nM > K, = 10 nM, 20 points for 0.1 uM > K, = 50
nM K, 10 points for 0.5 uM >K;=0.1 uM, and 1 point for K, above
1 uM. The score variation between the 2 targets reflects the limited
distribution of the bioactivities for the DHFR inhibitors (only 9
structures scored) compared to the GPCR antagonists (33 struc-
tures ranked). The priority score was computed by summing the
IPT (chemotype) score, the SP, and the min_Saq scores, as well as
the K| score.

RESULTS AND DISCUSSION

Chemotype evaluation results for the GPCR set

HT scores and bioactivities recorded for each chemotype in the
MDDR and WOMBAT databases are presented in Figure 1. All
chemical substructures depicted in Figure 1 follow the following
(ISIS/base) convention: Dashed lines represent any bond type, A
searches for “any atom except hydrogen,” and hydrogens are not
explicit (unless specified). The HT evaluation scheme produces
some interesting contrasts: 3 chemotypes (G.A, G.B, and G.E) are
awarded the highest score, 50, whereas dihydropyridines and fla-
vones (G.C and G.H) are awarded very low scores. The HT score,
although not related to the potency of individual compounds, in-
corporates information about HTS negatives; these are usually ig-
nored in structure-activity studies. Thus, low scores in families
G.C and G.H reflect the fact that a relatively large number of
analogs were found to be inactive on this GPCR target, compared
to, for example, rhodanines (G.E), in which 3 out of 3 compounds
are active.

Figure 1 highlights in bold the instances in which bioactivity in-
formation related to GPCR targets was recorded for this
chemotype. Three out of 9 families have GPCR-related activities:
The dihydropyridines (G.C) exhibit, besides calcium channel—
blocking activity, antagonism on NPY, PAF, alpha adrenergic, and
adenosine receptors. Chemotype G.D (in particular, 2,3-
pyrrolidinediones) are CCR2 antagonists, besides exhibiting
aldose reductase inhibition activity, whereas chemotype G.H (fla-
vones) are dopamine-2 and sigma receptor antagonists, as well as
kinase inhibitors. Figure 1 also underscores the potential promis-
cuity of some families (e.g., coumarins, G.G) that hit a variety of
unrelated targets (including dopamine D4 receptors), whereas
some other families (e.g., G.A) are much less explored according
to patents and medicinal chemistry literature. Low scores in the IP
arena (e.g., for dihydropyridines and coumarins, see Fig. 1) made
these particular chemotypes less appealing: It is quite likely that

Journal of Biomolecular Screening 10(5); 2005

compounds of interest are already being investigated or patented
for some related activity. Further optimization in this chemical
space is therefore considered a more difficult task.

We did not limit ourselves to evaluating the IP potential of these
chemotypes but proceeded to evaluate available toxicity informa-
tion. Families G.B (pirazolo-pyridines) and G.G (coumarins)
were penalized because of known contraceptive (G.B) and carci-
nogenic (G.G) activities, whereas families G.E (rthodanines) and
G.H (flavones) were awarded high scores for being found rela-
tively nontoxic. Given the composite IPT score, 3 chemotypes
were highlighted for further investigation: rhodanines (G.E), fla-
vones (G.H), and pyrrolidinediones (G.D).

Individual molecule evaluation results for the GPCR set

Individual molecules were evaluated in the context of
chemotype scores, to which we added information related to the
estimated physico-chemical properties (solubility/permeability),
the minimum required aqueous solubility test (min_S, ), and the
measured biological activity, to derive the final priority score. The
results for the top 12 ranked molecules are presented in Figure 2.
Because solubility and high activity were given high scores when
planning the mice experiments, it is not surprising that the
rthodanine (G.E) chemotypes with K values of 4 and 6 uM are the
top 2 molecules. It is reassuring to note that rhodanine itself is not
carcinogenic and that rhodanine derivatives have not been heavily
investigated in the GPCR arena (see Fig. 1).

Four other top-ranked molecules are from the G.A (cyclohexane-
dione) chemotype—with K, values between 1 and 21 uM—and 1 of
them passes the min_S,, test (Fig. 2). With as little as is known
about the potential bioactivity and toxicity of these compounds,
they are not considered the highest priority. The 3rd-ranked prior-
ity chemotype, pyrrolidinediones (G.D), is penalized due to its low
solubility, even though the chemotype itself was considered quite
interesting and even though the compound has promising activity
(4 uM). Flavones (G.H) represent the 4th chemotype in the prior-
ity score, with K| values between 2 and 10 uM; 1 of them, with K, =
6 UM, almost passed the min_S, test. This chemical family has a
rather high number of tested analogs (182), of which only 11 show
any activity (see Fig. 1). It was, therefore, difficult to assign them a
high priority, even though related compounds pass the carcinoge-
nicity tests.

Chemotype and individual molecule
analyses for the DHFR inhibitors set

The utility of the post-HTS prioritization scheme was further
tested on a set of DHFR inhibitors, recently identified via HTS and
confirmed by secondary screening.!! The chemotype prioritization
scheme, including HT scores, recorded bioactivities for each
chemotype from MDDR and WOMBAT, as well as the TOXNET
and IPT score (Fig. 3). Five chemotypes emerge as relevant from
the original report: There are five 2,4-diamino-quinazolines (D.A),
2 methyl-substituted 5,6,7,8-tetrahydroquinazoline-2,4-diamines
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FIG. 1.

High-throughput screening results, hits/tested (HT) score, documented bioactivity, intellectual property (IP) information, IP score, toxicity in-

formation, Tox score and IP and Tox (IPT) score for the G-protein coupled receptor set.

(D.B), two 2,4-diamino-pyrimidines (D.C), 1 benzyl-amidino-
thiourea (D.D), and 1 phenyl-biguanide (D.E). Another
chemotype, reported for a single quinolinone, was excluded from
the analysis due to its lack of DHFR activity (K, > 10 uM). Based
on the MDDR and WOMBAT IP analysis, it becomes apparent
that 3 of the 5 chemotypes (D.A, D.B, and D.C) have already been
investigated for DHFR inhibition activity (highlighted in bold) and
that 2 of these 3 chemotypes already include launched drugs, for
example, trimetrexate (D.A) and trimethoprim (D.C). Because
TOXNET provides pertinent information related to DHFR inhibi-
tors based on the D.A and D.C chemotypes, they are awarded
lower Tox scores. The 3rd drug captured by this analysis is the
antimalarial proguanil from the D.E chemotype family, which is
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awarded a higher Tox score, again due to relevant information
available in TOXNET. Regardless of the Tox scores, the IP scores
indicate the scenario that might occur in a drug discovery setting:
Because chemotypes D.A and D.C are already well explored in the
DHEFR inhibitor IP arena, scientists working in drug discovery are
likely to focus on the other 3 chemotypes. Because D.B was inves-
tigated in medicinal chemistry publications (as captured by
WOMBAT), the drug discovery team would have to examine those
reports and carefully evaluate the impact of prior art on any future
patents.

Itis not surprising that D.E, D.B, and D.D chemotype represen-
tatives are given the highest priority in Figure 4, once the measured
biological activity, the estimated physico-chemical properties
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Ki
Chemotype (uM)
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@]
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FIG. 2.
compounds.

(SP), and the minimum required aqueous solubility test (min_S, )
are included in the final score. Trimethoprim (the 6th molecule in
Fig. 4) is given a middle-tier priority, illustrating how good activity
and physico-chemical properties can offset even the lowest IPT
score for this group.

Our post-HTS evaluation scheme is validated by the fact that all
top 5 molecules ranked in Figure 4 are previously unreported
DHFR inhibitors (in the context of the initial publication'") and that
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MW LogP LogD;; LogS.q

Dose Dose Saq MiN_Seq Priority

(M)  (mg) Score
0.03 04 0.15 -2.70 PASS 362
0.91 06 0.26 -2.52 PASS 332
-0.38 2.1 0.84 -1.98 PASS 200
-3.89 1 0.41 -2.30 FAIL 190
-463 04 0.16 —-2.70 FAIL 187.5
-1.67 1 0.45 -2.30 FAIL 160
-515 0.2 0.08 -3.00 FAIL 146.3
-1.76 0.6 0.27 -2.52 FAIL 146.3
-3.48 1 0.36 —-2.30 FAIL 146.3
—5.27 1 0.41 -2.30 FAIL 146.3
-5.64 0.1 0.05 -3.30 FAIL 130
-494 04 023 -2.70 FAIL 130

Biological activity, estimated properties, the required minimum solubility test, and the final priority score for the top 12 ranking GPCR

both the 1st and 4th molecule are potent and unique (in terms of IP
position) DHFR inhibitors. That the top 5 molecules come from 4
different chemical classes, 3 of which belong to low-risk IP areas
(the D.E, D.B, and D.D chemotypes), further illustrates the advan-
tage of using such prioritization schemes, compared to simple
bioactivity ranking. In contrast, if one were to use only K values to
rank the same 9 molecules discussed in Figure 4, the top candidate
would be trimethoprim (D.C), followed by the benzyl-amidino-
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Smallest Substructure HT

Family Query Tested HitS score Hits  Related
N
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FIG. 3.

MDDR MDDR

Bioactivit Wombat Bioac- IP TOXNET Tox IPT
Y Hits tivity Score Information Score Score
T('a';';eitsrea' 123 Well-described
DHFR g8 DHFR gy g hematologic 5, 4444
inhibit inhibi- toxicity for
inhioitor tors Trimetrexate
drug
41 Nothing
None 4 DHFR g recordedfor 5 g
inhibi- this
tors substructure
Trimetho-
. - Aneuploidy,
rﬁ]rg:;-irir(;(rjmld 327 chromose
Epiroprim sos DHFR g4 abemations, .0 49,6
DHFR inhibi- AMES test
a'r(;‘b‘ tors positive for
inhibitor Trimethoprim
drugs
Nothing
None 0 None 0 record.ed -10 -10
for this
substructure
Proguanil- 5HT3 Proguanil has
antimalarial 9 anta- -26.9 well-studied, 50 23.1
drug gonists low toxicity

High-throughput screening results, hits/tested (HT) score, documented bioactivity and intellectual property (IP) information, IP score, toxicity

information, Tox score and IP and Tox (IPT) score for the dihydrofolate reductase (DHFR) set.

thiourea (D.D) and two 2,4-diamino-quinazolines (D.A). The
most interesting molecule according to our own analysis, the
phenyl-biguanide (D.E), would rank 5th, whereas the 5,6,7,8-
tetrahydroquinazoline-2,4-diamines (D.B) chemotype would be at
the bottom of the activity-ranked list. Albeit empirical, we believe
this scheme is supported by the DHFR inhibitors analysis, further
highlighting the need for more complex decision-making schemes
when selecting candidates for additional investigation.

CONCLUSIONS

This article illustrates practical steps related to the evaluation of
compounds for further experiments, once the HTS actives have
been analyzed and confirmed and once their dose-response curves
have been determined. The HT score captures information related
not only to actives but also to inactives from the same chemical
family, whereas the IP evaluation scheme and the Tox score are
aimed at encoding information related to individual chemotypes,
as they are available in various sources. At the individual molecule
level, an example of how estimated physico-chemical properties
can be included in the final prioritization score is given, starting
with the property profile of known drugs.” For practical reasons,
the minimum required aqueous solubility score is given a high
weight, equal to the score awarded for high biological activity.
Given enough resources, we encourage the use of measured
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physico-chemical properties such as LogS, and LogD,, instead of
computed ones to serve better the decision-making process.

Whenever the situation demands it, for example, a rather large
number of distinct chemical families have emerged from primary
and secondary HTS assays, the user can automatically derive Tox
scores via expert systems, for example, using DEREK® and
MULTICASE.* The output of these methods, when given in nu-
meric form, can be directly used in the IPT score. An alternative is
to sort the HT'S hits according to chemotype and bioactivity values,
then evaluate the top X structures (where X is 3, 5, etc.) from each
chemotype by querying appropriate literature or rule-based sys-
tems, then incorporating these results at the compound (rather than
chemotype) level. It is not surprising that the top 3 ranking GPCR
chemotypes are among the top 4 recovered in the final priority
score, but it is reassuring to note that, among these 3 chemotypes,
rhodanine has high solubility, whereas the other 2 include analogs
known to be active on GPCR targets. The fact that 2 DHFR inhibi-
tors from previously unreported chemotypes are prioritized in the
top 4 candidate molecules further validates this empirical scheme.
We note that with the exception of a minor change related to bio-
logical activity scoring, the same empirical scoring scheme was
applied in both the GPCR and DHFR data sets.

This article, aimed at showing how post-HTS analyses can be
done, offers a practical method to encode information that is
deemed relevant to preclinical drug discovery scientists and to doc-
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Ki

Structure (nM)

Dose Dose

MW LogP LogD;; LogS.q (M) (Mg)

N
Il
/CS/NYNYN 65 236.7 037 -1.60 -0.67
o N N

N

NS 190 192.3 1.33 2.03 -2.09
N)‘\N/
N

)’“‘\\ 2300 178.2 1.54 0.85 -1.84
N/

N N
=s C s:<N
N 26 366.5 -0.62 -0.62 -2.59
)—N N%N

NJ\/@ 41 266.3 3.38 1.25 —2.42
N)‘\N/
N
N O~
B o 38 2903 079 052 239
/O ‘
e
N 73 2824 3.62 2.05 -3.40
Pl
N~ N

N (e)
F
NS mF 130 3343 3.07 0.88 —2.85
L\i 61 3028 3.99 262 -4.13
N
)‘\/
N N

IPT  Priority

S min_S
aa —7% gcore Score

6.5 1.54 449 PASS 23.1 183.1

19 3.65 —4.02 PASS -9.1 160.9

230 40.99 -294 PASS -9.1 141.9

2.6 0.95 -4.89 PASS -10 140

4.1 1.09 -469 PASS -111.8 682

038 0.11 -572 PASS -1946 554

7.3 2.06 444 PASS -111.8 482

13 435 419 PASS -111.8 282

6.1 1.85 —4.52 FAIL -111.8 -51.8

FIG.4. Biological activity, estimated properties, the required minimum solubility test, and the final priority score for 9 dihydrofolate reductase

(DHFR) inhibitors. MW = molecular weight; IPT = IP and Tox score.

ument the decision-making process’ in the lead identification
stage. By changing the weighting schemes to tailor particular pro-
jects or laboratories, one can monitor and understand the various
factors that need to be considered in compound prioritization. For
example, companies that have excellent IP portfolios in the
dihydropiridine or 2,4-diamino-pyrimidine arenas might give
these chemotypes (G.C and D.E, respectively) a much higher pri-
ority because it is less likely that G.C compounds will cause car-
diac toxicity and because their toxicity profile is already well
understood.
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