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The similarity ensemble approach (SEA) relates proteins based on the set-wise chemical similarity
among their ligands. It can be used to rapidly search large compounddatabases and to build cross-target
similarity maps. The emerging maps relate targets in ways that reveal relationships one might not
recognize based on sequence or structural similarities alone. SEA has previously revealed cross talk
between drugs acting primarily onG-protein coupled receptors (GPCRs). Here we used SEA to look for
potential off-target inhibition of the enzyme protein farnesyltransferase (PFTase) by commercially
available drugs. The inhibition of PFTase has profound consequences for oncogenesis, as well as a
number of other diseases. In the present study, two commercial drugs, Loratadine andMiconazole, were
identified as potential ligands for PFTase and subsequently confirmed as such experimentally. These
results point toward the applicability of SEA for the prediction of not only GPCR-GPCR drug cross
talk but also GPCR-enzyme and enzyme-enzyme drug cross talk.

Introduction

Bringing a novel chemical entity to market cost 868 million
USD in 2006,1 with most costs accumulating during clinical
testing when drug candidates fail due to unforeseen pathway
interactions. While these interactions are often harmful,
causing adverse effects, they may also be beneficial, leading
to useful properties. Accurate prediction of off-target drug
activity prior to clinical testing may benefit patient safety and
also lead tonew therapeutic indications, as has been promoted
by Wermuth, among others.2-5

The similarity ensemble approach (SEAa) uses chemical
similarity among ligands organized by their targets to calcu-
late similarities among those targets and to predict drug
off-target activity.6-8 From the perspective of molecular
pharmacology and bioinformatics, the approach is counter-
intuitive, as it relies on ligand chemical information exclu-
sively, using no target structure or sequence information
whatsoever. Instead, SEA and related cheminformatics ap-
proaches9-15 return to an older, classical pharmacology view,
where biological targetswere characterized by the ligands that
bind to them. To that older view, SEA adds modern methods
for measuring chemical similarity for sets of ligands and
applies the BLAST16 sequence-similarity algorithms to con-
trol for the similarity among ligands and ligand sets that one
would expect at random (an innovation of this method).7,17

The technique has been used to discover several drugs activ-
ities at unanticipated targets. The opioid receptor antagonists

methadone and loperamide were predicted and subsequently
found to be ligands of the muscarinic and neurokinin NK2
receptors, respectively.7 More recently, the antihistamines
dimetholizine and mebhydrolin base were predicted and
found to have activities against R1 adrenergic, 5-HT1A and
D4 receptors, and 5-HT5A, respectively, the anticholinergic
diphemanil methylsulfate was predicted and found to have
δ-opioid activity, the transport inhibitor fluoxetine was pre-
dicted and found tobind to theβ1-adrenergic receptor, and the
R1 blocker indoramin was predicted and found to have
dopamine D4 activity, among others.6-8

Manyof these predictions have beenamongdrugs that bind
aminergic G-protein coupled receptors (GPCRs),6-8 and
whereas there have been cases of predictions crossing receptor
classification boundaries (e.g., ion channel blockers acting on
GPCRs and transporters8), a criticism to which the approach
may be liable is that it has been focused on targets for which
polypharmacology is not without precedent. We thought it
interesting to investigate whether off-target activity may be
predicted for drugs that target enzymes, especially for those
drugspredicted tobe active against an enzyme thathas little or
no similarity to the canonical target for that drug. As a target
enzyme we focused on protein farnesyltransferase (PFTase),
using SEA to compare 746 commercial drugs against ligand
sets built from the 1640 known nonpeptide PFTase ligands
reported in ligand-receptor annotation databases (see Gen-
eral Materials and Methods).

The post-translational attachment of lipid moieties to
proteins is critical for membrane anchorage of signal trans-
duction proteins.18 PFTase catalyzes the attachment of the
C15 isoprenoid to a cysteine residue of proteins containing a
C-terminal CAAX consensus sequence, where C is the cy-
steine to be prenylated, A is an aliphatic amino acid, and
X is commonly Ser or Met.19 Upon attachment of the iso-
prene unit, an endoprotease cleaves off the -AAX residues.
Using S-adenosylmethionine as a methyl-group donor, a
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methyltransferase then caps the -COOH of the prenylated
protein. It is the increase in hydrophobicity, as well as the
lack of charge at the C-terminus, that allows for membrane
localization.20 Proteins that are farnesylated include the nu-
clear lamins and members of the Ras superfamily of small
guanosine triphosphatases.20

The finding thatmutantRas proteinsmust be prenylated to
exert their oncogenic effects21,22 lead to the development of a
number of inhibitors of protein prenylation, specifically
through the inhibition of PFTase. Compounds were either
rationally designed, based onpeptide- or isoprenoid-substrate
characteristics, or were discovered through screening of in-
house chemical libraries. To date, five compounds have
been brought to clinical trials as inhibitors of PFTase.23

Results of these trials have been modest at best, with very
few compounds showing antitumor activity.23-25 Two drug
candidates, Lonafarnib (Schearing-Plough) and Tipifarnib
(Janssen Pharmaceutica), are the only compounds to make
it to late-stage clinical trials26 and are currently being explored
as single agents or adjunct therapies for breast cancer27 and
leukemia.28,29

While farnesyltransferase inhibitors (FTIs) have yet to live
up to their promise as anticancer agents, they are showing
applicability toward the treatment of other diseases. Hutch-
inson-Gilford Progeria syndrome results from a mutation in
the LMNA gene, which causes an unusable form of the
protein Lamin A. Because the precursor to Lamin A is
farnesylated, it was proposed that FTIs may be capable of
ameliorating the disease phenotypes in those suffering from
progeria.30 Studies published in 2006 found that treatment of
progeria mice with the FTI Lonafarnib could dramatically
prevent the development of disease characteristics.31,32 These
results prompted the launch of a phase II clinical trial
examining the use of Lonafarnib in progeria patients.33 FTIs
are also capable of blocking farnesylation in the protozoan
parasites Trypanosoma cruzi, Trypanosoma brucei, and Plas-
modium falciparum.34 The cessation of farnesylation in these
parasites by inhibiting PFTase appears to be particularly
toxic, indicating the potential of FTIs for the treatment of
Chagasdisease35 (causedbyT. cruzi),African sleeping sickness36

(causedbyT. brucei), andmalaria37,38 (caused byP. falciparum).

The clinical relevance of FTIs toward a number of diseases

necessitates the development of more potent and selective

inhibitors. A starting point for identifying new PFTase in-

hibitors is exploring those drugs already in use for other

diseases.

Results

Applying SEA to Protein Farnesyltransferase. To predict
which compounds may have off-target activity against
PFTase, we first asked what affinity ranges are relevant.
Many known inhibitors have 10-20 μM affinity for this
enzyme. To be comprehensive, we considered three thresh-
olds of FTI affinity, each at increasingly greater stringency.
In the first instance, we considered all those 1692 FTIs
known to have 100 μMor better affinity, reasoning that this
would allow for the greatest breadth of predictions. We then
narrowed our focus to include only those 1423 FTIs with
10 μM or better affinity and finally excluded all but the
1188 FTIs with affinity e1 μM. We considered each thresh-
old independently and later extracted each commercial
drug’s best SEAmatchwith the set of known PFTase ligands
at any of the three thresholds. For example, Loratadine
matched most strongly against the FTIs known to have
e10 μM for their target, with a SEA expectation value
(E-value) of 1.07 � 10-81 (Table 1). On the other hand,
Ubenimex was most similar to the e100 μM FTIs, with an
E-value of 1.53 � 10-16 for them (Table 1) compared to
weaker E-values of 4.97 � 10-13 and 7.23 � 10-9 for its
similarity against thee10 μMande1 μMFTIs, respectively
(Table 2). An E-value, much like a p-value, denotes the
likelihood of a particular event. In this case, the E-value
represents the degree of chemical similarity for a commercial
drug against the set of ligands for protein farnesyltransferase
as compared to the similarity that would have been found by
random chance alone. When applied across all 746 commer-
cial drugs, this analysis found 13 of them (comprising 1.9%
of the total drugs screened) to have measurable similarity to
at least one of the three FTI sets (Table 1).

Table 1. Top SEA Predictions of Off-Target PFTase Binding for Commercial Drugsa

aDrugs in red have PFTase activity already reported in the literature. Drugs in blue were either peptides or unavailable.
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Several of the predictions have relatively modest SEA
values (Table 1). Formally, SEA E-values have the same
meaning as the more familiar BLAST E-values, quantifying
the expectation that an observed similarity would occur by
chance. The underlying expectation of randomness is, of

course, different for the mostly synthetic annotated ligands
analyzed by SEA and naturally evolved sequences, and a
pragmatic E-value cutoff for making a prediction is not yet
clear. In earlier work, we have often looked for E-values
better (lower) than 10-10, but this is an arbitrary and

Table 2. SEA Predictions for Potential PFTase Ligands at Various Thresholds of Similarity to Known Ligands and Their Subsequent Analysis as
PFTase Inhibitorsa

a SEA E-values are shown denoting the statistical significance of each drug’s similarity to known FTIs. The more the E-value approaches zero, the
more significant the similarity; the strongest prediction for each drug is in bold. Each drugwas compared against three different sets of knownFTIs. For
instance, for the “1 μM FTIs” set, we only considered those FTIs known to have 1 μM affinity or greater for PFTase. For the “10 μM FTIs” set, we
considered all FTIs known to have 10 μM or greater affinity for PFTase, etc. Where a drug’s PFTase predictions by SEA are very close (within
approximately a single order of magnitude), both E-values are bolded.
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conservative cutoff, and novel, potent off-target effects
have been predicted based on SEA values as low as 10-4

for Vadilex’s activity against serotonin transporter, for acti-
vity of RO-25-6981 against the κ opiod receptor, 5� 10-6 for
dimethyltryptamine’s activity against the 5HT5A receptor
and 10-7 for Paroxetine’s activity against the R1 adrenergic
receptor.8 Currently, the choice of E-value cutoff for testing
predictions will vary depending on pragmatic considera-
tions, including the intrepidness of the experimental team.
In principle, an E-value below 1 is significant.

Of the 12 commercial drugs predicted to have off-target
PFTase binding by SEA, 7 already had literature precedent
or were difficult to source (see General Materials and
Methods). We tested the remaining 5 by in vitro analysis
and advanced two to analysis in a mammalian cell line
engineered for monitoring the prenylation of H-Ras.39

In Vitro Analysis of PFTase Inhibition. A continuous-
fluorescence assay, based on the time-dependent increase in
dansyl group fluorescence that occurs as the CAAX-peptide
N-dansyl-GCVLS is prenylated,40,41 was employed to mea-
sure PFTase activity in the presence of the predicted inhibi-
tors. This assay was used to calculate IC50 values; for
confirmation, the extent of inhibition at the IC50 concentra-
tion was confirmed for each compound in a separate HPLC-
based assay.42 The five commercial drugs tested were com-
prised of three histamine H1 receptor antagonists (Loratadine,
Desloratadine, andRupatadine), an antineoplastic (Ubenimex),
and an azole antifungal (Miconazole) (Table 1). In our
enzymatic assay, two of the antihistamines and the azole
antifungal were effective inhibitors of PFTase in the low-to-
mid micromolar range (Table 2). For all but Ubenimex, the
100 and 10 μM FTI sets resulted in the strongest SEA
predictions, with little difference in prediction strength be-
tween the two affinity classes (Table 2). This was consistent
with their calculated PFTase IC50 values, which we found to
be between 20and 80μM,with the exceptionofDesloratadine
and Ubenimex, which did not inhibit PFTase up to 100 and
200 μM, respectively.

After conducting this work, we discovered that analogues
of Loratadine have been investigated for PFTase inhibition
via a high-throughput screening approach;43 Miconazole,
to the best of our knowledge, is a novel PFTase inhibitor
class. We thus asked whether other azole antifungals, not
predicted by SEA but established members of that class,
also had unreported activity with PFTase, controlling for
the nonspecific small-molecule aggregation in which some
azoles are known to participate.44 To this end, we tested
the nonaggregators Econazole, Fluconazole, and Ketoco-
nazole and the aggregator Clotrimazole in our continuous
fluorescence assay.45 In accordance with previous work
on preventing nonspecific enzyme inhibition by small mole-
cule aggregation,45 Triton X-100 was included in all
assay solutions to prevent aggregate formation. A nona-
zole, small molecule aggregator, Tetraiodophenolphthalein
(TIPT), previously shown to nonspecifically inhibit en-
zymes via this mechanism,44 was also tested for PFTase
inhibition as an internal control. Only Econazole showed
appreciable inhibition of PFTase with an IC50 value similar
to that measured for Miconazole. The other azole antifun-
gals, including the known aggregator Clotrimazole, showed
little to no inhibition at concentrations as high as 100 μM.
TIPT was not an inhibitor of PFTase, confirming that the
assay conditions did not allow for in vitro small-molecule
aggregation.

Analysis of Loratadine and Miconazole Using a Cell Based

in Vitro Assay. For a FTI to have clinical relevance, it must
block the targets of protein farnesylation from functioning
properly. A mammalian cell line engineered to express a
chimera of the green fluorescent protein (GFP) and H-Ras46

was employed to assess the ability of Loratadine and Mico-
nazole to block the membrane localization of Ras through
inhibition of farnesylation. GFP-H-Ras that has been pro-
cessed by PFTase, and the subsequent enzymes in the protein
prenylation pathway, will be localized at the cell’s Golgi and
plasma membrane. If prenylation has been inhibited, GFP-
H-Ras will be present in the cellular cytosol.

Cells were treated for 24 h with varying concentrations
of Loratadine and Miconazole in DMSO ranging from
1� to 5� the experimentally observed enzymatic IC50 value
or DMSO vehicle alone. At 25 μM Loratadine (2.5� the
IC50) appreciable inhibition of GFP-H-Ras processing was
observed as evidenced by the diffuse cytosolic fluorescence
not present when treated with DMSO alone (Figure 1).
Localization of fluorescence at the Golgi and plasma mem-
brane is also evident, meaning either total inhibition of the
GFP-H-Ras was not achieved or GFP-H-Ras synthesized
and processed prior to treatment had not been degraded yet.
Treating cells with higher concentrations of Loratadine was
toxic and led to death, while lower concentrations did not
manifest observable inhibition of prenylation. Treatment of
cells with Miconazole at concentrations at or above the IC50

value also led to toxicity and cell death. Therefore, treating
with 10 μM Miconazole (0.5� the IC50) for 48 h was tested.

Figure 1. Intracellular inhibition of H-Ras processing by Lorata-
dine (1). Scale bar represents 10 μm. GFP-H-Ras is shown in green.
The cell nucleus is shown in blue. (A) Cells grown in FBS supple-
mented DMEM containing 0.5% DMSO for 24 h. (B) Cells grown
in FBS supplemented DMEM containing 0.5% DMSO and 25 μM
Loratadine for 24 h.

Figure 2. Intracellular inhibition of H-Ras processing by Micona-
zole (5). Scale bar represents 10 μm. GFP-H-Ras is shown in green.
The cell nucleus is shown in blue. (A) Cells grown in FBS supple-
mented DMEM containing 0.5% DMSO for 48 h. (B) Cells grown
in FBS supplemented DMEM containing 0.5% DMSO and 10 μM
Miconazole for 48 h.
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A number of cells died in this case and were subsequently

washed from the plate during nuclear staining procedure (see

General Materials and Methods), but those cells remaining

alive and still adhered to the plate had significant inhibition

of GFP-H-Ras processing (Figure 2).

Discussion

Whereas the previous drug polypharmacology predicted by
SEA focused on drugs that target aminergic GPCRs,6-8

Loratadine and Miconazole were predicted to bind PFTase
in violation of these traditional target-class boundaries. The
antihistamine Loratadine represents one of the first uses of
this approach to demonstrate that a commercial drug thought
to be specific for a GPCR also binds an enzyme, while the
activity of the antifungal P450 Miconazole represents the
approach’s first enzyme-enzyme cross-talk predictionamong
commercial drugs. While the IC50 values obtained for these
compounds against PFTase are modest at best, they do offer
starting points for inhibitor design optimization.

Loratadine is a second-generation antihistamine that binds
the H1 receptor;a cross-membrane target that shares no
evolutionary history, functional role, or structural similarity
with the enzyme PFTase. We found Loratadine to have an
exceptionally strong E-value of 1.07 � 10-81 for PFTase
ligands in the 10-100 μM range (Table 2), and SEA also
predicted strong scores for two of its analogues, Rupatadine
and Desloratadine (1.10 � 10-49 and 1.22 � 10-30, respec-
tively, Table 2). These off-target predictions were confirmed
for Loratadine and Rupatadine, at 13 and 76 μM IC50s,
whereas Desloratadine, the primary metabolite of both Lora-
tadine and Rupatadine, showed no appreciable inhibition up
to 100 μM. For Loratadine, the ability to block the processing
of H-Ras in vivo was also confirmed in our GFP-H-Ras
chimera mammalian cell line. Loratadine has been reported
to be active only at the histamine H1 receptor,

47 while Rupa-
tadine is active at both the histamineH1 andplatelet-activating
factor receptors.48 Both, as well as Desloratadine, have shown
good safety profiles over prolonged treatment.47,49,50 Anti-
muscarinic receptor activity, often associated with the earlier
generation of H1 receptor antagonists, is not commonly
observed with these drugs.51,52

Whether or not the off-target inhibition of PFTase by
Loratadine has any clinical relevance has yet to be deter-
mined. At therapeutic doses, the active metabolite of Lor-
atadine (Desloratadine) reaches plasma concentrations of
approximately 300 nM (based on information available in
DRUGDEX).53 In our study, Desloratadine was not an
inhibitor of PFTase. While it appears that Loratadine will
not have any clinical significance in terms of PFTase inhibi-
tion, synergistic effects with other drugs known to affect
protein prenylation levels, such as the commonly prescribed
statin drugs that inhibit HMG-CoA reductase,54,55 may
reveal themselves. An extensive literature search revealed
no evidence toward clinical off-label use of Loratadine for
the indications related to PFTase. Recently, a high-through-
put screening of commercial drugs for toxicity toward the
parasite T. cruzi revealed Loratadine to have an IC50 value
23 μM.56 Inhibition of T. cruzi PFTase could be the cause of
this observed toxicity and warrants further investigation.
The presence of such off-target drug activity across GPCR
and enzyme class boundaries even among well-studied com-
mercial drugs suggests opportunities for both drug develop-
ment and potential side-effect management. Whether or not

the compounds developed as FTIs have any activity against
the histamine H1 receptor have yet to be investigated or

reported.
Miconazole and Econazole are topical imidazole antifun-

gals that increase cell membrane permeability in fungi, result-
ing in leakage of cellular contents. Both of these antifungals
inhibit 14-R demethylase, a cytochrome P-450 enzyme neces-
sary to convert lanosterol to ergosterol, which is an essential
component of cell membranes.53 Using SEA, we found that
Miconazole had weak yet significant similarity to the set of
100 μM PFTase inhibitors, with an E-value of 2.00 � 10-4

(Table 1). Upon validating Miconazole’s 19 μM IC50 for
PFTase, we also tested Econazole, which has a highly similar
chemical structure, and found it to have an IC50 of 23 μM
against this target (Table 2). Analyses of Miconazole’s ability
to block prenylation in vivo revealed it to be toxic at con-
centrations high enough to result inobservable inhibition.The
inhibition of ergosterol biosynthesis contributes to Micona-
zole’s antifungal mechanism of action and also, it is thought,
to Miconazole’s activity against the parasite T. cruzi.57 It is
intriguing to consider that interactions with PFTase may
complement the drugs’ antifungal and antiparasitic activity.
Nonetheless, the enzymesPFTase and14-Rdemethylase share
no evolutionary history or structural similarity, and this cross
talk may suggest new directions for antifungal development.

There is no evidence in the literature pertaining to the use of
Miconazole for indications related to PFTase. On the basis of
the information available in the DRUGDEX system,53 the
peak concentration of Miconazole reached in the body upon
subcutaneous delivery (the common dosage form) is approxi-
mately 25 nM. This is well below our experimental IC50 value,
suggesting that topical administrationofMiconazole does not
have any clinical significance in terms of PFTase inhibition.
It is interesting to note that Miconazole has been tested by
the NCI/NIH Developmental Therapeutics Program as an
anticancer agent. According to theNCI/DTPOpen Chemical
Repository (NSC 170986), intraperitoneal delivery of Mico-
nazole was shown to promote survival in mouse models of
leukemiaandmelanoma.58WhileFTIs are not currently being
explored in the treatment of melanoma, they are candidate
leukemia chemotherapeutics.28,29 Compounds developed as
inhibitors of PFTase have not been reported to bind 14-R
demethylase.

Conclusions

From a target-based perspective, the activities of Lorata-
dine andMiconazole against PFTase are perplexing;neither
the H1 histamine GPCR nor the fungal P450 have detectable
sequence or structural similarity to protein farnesyltransfer-
ase. From an older, classical pharmacology perspective, the
cross-reactivities are perhaps less surprising, as many drugs
share common provenances as chemical series. What recent
cheminformatics-based approaches5,10-15 bring to this older
view is a systematic analysis of all drug space (allowed by the
creation of target-ligand annotation databases like WOM-
BAT59 and ChEMBL StARlite60) and quantitative models
that separate similarity expected at random from similarity
that is quantifiably significant among ligand sets. A contribu-
tion of this work is to suggest that the similarities observed
among targets, based on their ligands, may cross receptor-
enzyme and enzyme-enzyme boundaries, and thus techni-
ques that exploit a ligand-based view of pharmacology may
have a wide application.60
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Experimental Section

General Materials and Methods. All tested compounds were
purchased from LKT Laboratories (St. Paul, MN) at >98%
purity as determined by HPLC. All other reagents were pur-
chased from SigmaAldrich.N-Dansyl-GCVLSwas prepared as
described inGaon et al.61 The PFTase utilized was obtained and
purified as described in DeGraw et al.62 Fluorescence measure-
ments were made on a Beckman Coulter DTX 880 plate reader
fitted with a 340 nm excitation filter and 535 nm emission filter.
Hoescht nuclear dye was obtained from Invitrogen.

Sources of Known Protein Farnesyltransferase Ligands. We
used several subsets of the known FTIs as our reference sets. To
do so, we built the set of known ligands corresponding to each
major drug target in the literature extracted from the World of
Molecular BioAcTivity (WOMBAT) 2006.2 database, as in
previous work.6 After removal of duplicates, molecules that
we could not process, and ligands with affinities worse than
100μMfor their protein targets, this database comprised 169046
molecules annotated into 1469 target-function sets (e.g., the
PFTase inhibitors and the PFTase binders of unknown function
comprised two distinct sets). We then extracted the 1723 mole-
cules from this collection that were annotated as PFTase
inhibitors (1648 molecules) or PFTase binders (75 molecules)
and filtered out all molecules containing two sequential peptide
bonds along a standard peptide backbone, using a SMARTS
filter in Scitegic PipelinePilot. We further subdivided these
PFTase binders (collectively termed “FTIs” or “FTI sets” in
main text) by their affinities for PFTase, into 100, 10, and 1 μM
FTI sets containing 1692, 1423, and 1188 molecules, respec-
tively. The remaining 1467 target-function sets fromWOMBAT
were not considered in this analysis.

PFTase ligands used in the WOMBAT training sets included
few marketed drugs. One exception, cortisone acetate, has an
IC50 of 14 μM for PFTase.63 Second, the amino-bisphospho-
nates ibandronic acid, pamidronic acid, risedronic acid, and
alendronic acid, were included in the 1 μM PFTase ligand set
due to their annotations in WOMBAT, although subsequent
investigation revealed that direct binding of these bisphospho-
nates to PFTase has not been demonstrated, to our knowledge.
The remaining marketed drugs shown in Table 1 were not
included in the training sets, as theywere not reported as PFTase
ligands in WOMBAT.

Choice of Ligand Set Thresholds.While we included a PFTase
ligand set at 100 μMfor completeness and to increase the chance
of finding novel PFTase ligands, we note that SEA predictions
for ligand sets at 10 μM compared to those at 100 μM did not
substantially differ. Ubenimex was the only exception (Table 2),
and in this case, the SEA prediction yielded no detectable
binding at <100 μM. Ligand set thresholds of 1 and 10 μM
may be sufficient for future analysis directed at PFTase.

Collection of Commercial Drugs. We extracted all molecules
annotated as marketed drugs in theWOMBAT 2006.2 database
and processed them as above (excepting peptide and 100 μM
affinity filtering). This yielded 746 commercial drugs, each of
which we screened individually against the FTI sets using SEA.

Similarity Measures. We used 1024-bit folded Scitegic
ECFP_4 topological fingerprints as previously described.6

Although we later also tested 2048-bit Daylight6,7 fingerprints,
these resulted in a narrower and weaker subset of the PFTase
predictions found via ECFP_4 and are not reported here. As
before, we used the Tanimoto coefficient to calculate pairwise
similarity between fingerprints.6,7

Similarity Ensemble Approach (SEA). SEA is based on the
premise that chemically similar molecules will bind similar
targets64,65 and thus have similar biological profiles.66 A raw
score is calculated for ligand set similarity by summing the
Tanimoto similarities67-69 between all ligand sets of interest.
This score in itself is not an accurate assessment of similarity
because it is dependent on the number of ligands in each set and

it does not take into account random similarities. Set-size
dependence is corrected for by SEA using a statistically deter-
mined threshold. Pairs of molecules that score below it are
discarded and do not contribute to the overall set similarity.
The raw score gets converted to a z-score, free of set-size bias,
using the mean and standard deviation of raw scores modeled
from sets of random molecules. The final similarity score is
expressed as an expectation value (E-value) based on the prob-
ability of observing a given z-score using random data. Small
E-values reflect relationships between ligand sets that are stron-
ger than would be expected by random chance alone. SEA
effectively links ligand sets and their corresponding protein
targets together in minimal spanning trees, resulting in biologi-
cal related proteins being clustered together.

Predictions ofOff-Target PFTase BindingUsing SEA.We ran
SEA as previously described.7 The query collection consisted of
the 746 commercial drugs, each drug as its own “set” of one
molecule. The reference collection comprised the three over-
lapping sets of PFTase ligands (“FTIs”), binned into each set at
(a) 1 μM, (b) 10 μM, or (c) 100 μMaffinity thresholds. A FTI set
with a weaker affinity threshold, such as 100 μM, comprised an
all-inclusive superset of those sets at stronger affinity threshold
(both the 1 and 10 μMsets, in this example). After each drugwas
compared independently against each of the three FTI sets by
SEA, their E-values were compared (e.g., see Table 2) and all
commercial drugs with measurable best-match E-values across
sets were reported (Table 1).

Choice of Drugs for Testing. We excluded Diazepam and
Temazepam because Diazepam’s weak PFTase activity is
already reported70 and the steroids because Cortisone’s and
Prednisone’s PFTase activities are likewise known.63We chose
not to persue Azatadine due to sourcing issues and did not
test Thymopentin or Phenylalanine-S because they are pep-
tides. We excluded both the known peptide FTIs and the
predicted peptide drugs because SEA’s statistical models
were built using small-molecule drug chemical similarity de-
scriptors. As peptides contain oft-repeated chemical patterns
in their backbones, and thus strong opportunities for unin-
formative similarity, theymay have the potential to skew small-
molecule similarity models if included. We nonetheless tested
one peptide prediction, Ubenimex, because it appeared highly
similar to a known FTI.

PFTase in Vitro Assay. The continuous fluorescence assay
developed by Pompliano and co-workers41 was adapted to a 96-
well plate format. Assay solutions in individual wells contained
50 mMTris-HCl, pH 7.5, 10 mMMgCl2, 10 μMZnCl2, 5.0 mM
DTT, 0.02% (w/v) n-octylglucopyranoside, 2.0 μM N-dansyl-
GCVLS, FPP (10 μM), and inhibitor at varying concentrations
(from 0 to 200 μM). All inhibitors were dissolved in DMSO due
to limited solubility. For analysis of the H1 receptor agonists, a
total of 5% (v/v) DMSOwas in each sample. For analysis of the
azole antifungals, a total of 20% (v/v) DMSO was in each
sample as well as 0.04% (v/v) Triton X-100 to prevent aggregate
formation. Each sample was analyzed in triplicate. PFTase was
prepared by diluting purified enzyme with buffer (52 mM Tris-
HCl, pH 7.0, 5.8 mM DTT, 12 mM MgCl2, 12 μM ZnCl2)
containing 1 mg/mL bovine serum albumin. Samples were
equilibrated at 30 �C, and the reaction was initiated by the
addition of dilute PFTase. Fluorescence intensity was moni-
tored via a time-based scan for 60 min or longer depending on
when fluorescence enhancement ceased. The enzymatic rate of
each reaction was determined by converting the rate of increase
in fluorescence intensity units (FIU/s) to μM/s with eq 1,

vi ¼ RP

Fmax
ð1Þ

where vi is the enzymatic rate in μM/s, R is the measured rate in
FIU/s, and P is the concentration of N-dansyl-GCVLS used in
the assay. Fmax is the fluorescence intensity of the fully pre-
nylated peptide.
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Cell Based Analysis of H-Ras Processing. MDCK cells en-
gineered to overexpress a GFP-H-Ras chimera were used to
visualize Ras processing in vivo. For all experiments, 2.6 � 104

cells/cm2 were seeded in culture dishes. The cells were grown in
DMEM media supplemented with 10% fetal bovine serum at
37 �C with 5.0% CO2 and grown to approximately 50% con-
fluency (generally 24 h). The cells were then washed twice with
serum-free DMEM and fresh serum-free DMEM was added.
The desired inhibitor (Loratadine orMiconazole) inDMSOwas
added at varying concentrations (1-200 μM drug, 0.5- 1.0%
(v/v) DMSO) and incubated for 24 h at 37 �C and 5.0% CO2.
Hoechst 34580 nuclear stain was added to a final concentration
of 1 μg/mL during the final 20 min of incubation. The cells were
then washed twice with PBS and placed back in DMEM.
Imaging was performed on an Olympus FluoView 1000 con-
focal microscope with a 60� objective. The Hoechst 34580
nuclear stain was imaged with 405 nm excitation and 461 nm
emission. The GFP-H-Ras chimera was imaged with 488 nm
excitation and 519 nm emission.
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