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Abstract: The computer-assisted design and optimization of
peptides with selective cancer cell killing activity was achieved
through merging the features of anticancer peptides, cell-
penetrating peptides, and tumor-homing peptides. Machine-
learning classifiers identified candidate peptides that possess
the predicted properties. Starting from a template amino acid
sequence, peptide cytotoxicity against a range of cancer cell
lines was systematically optimized while minimizing the effects
on primary human endothelial cells. The computer-generated
sequences featured improved cancer-cell penetration, induced
cancer-cell apoptosis, and were enabled a decrease in the
cytotoxic concentration of co-administered chemotherapeutic
agents invitro. This study demonstrates the potential of
multidimensional machine-learning methods for rapidly
obtaining peptides with the desired cellular activities.

The computational design of peptides with desired biological
activities is a (re)emerging research topic that will profoundly
affect the future of chemical biology and drug discovery.!!
Designer peptides with selective cell-targeting and mem-
brane-lytic properties have great potential for both drug
delivery and lead structure development. Herein, we present
the development and practical application of a technique that
merges the concepts of machine-learning for property and
activity prediction with multidimensional peptide optimiza-
tion. The approach readily identified new sequences that
exert selective cellular anticancer activity through both direct
membrane disruption and the induction of apoptosis.
Anticancer peptides (ACPs) represent an exploratory
class of anticancer agents. Although ACPs share certain
structural features and molecular modes of action with
antimicrobial peptides (AMPs), for example, an often overall
positive charge and amphiphilic structure, not all known
AMPs are also ACPs.”! The oncolytic effects of ACPs may
partly be explained by direct membrane-disruptive mecha-
nisms without relying on surface-receptor interaction.”” Cell-
penetrating peptides (CPPs) are structurally related to ACPs
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and are able to enter the cytosol without causing membra-
nolysis at low concentrations.”! CPPs have been widely
investigated as cargo delivery vehicles.) However, not all
peptides with antitumor or cell-penetrating activity are
selective for cancer cells.”! Systematic analysis revealed that
their net positive charge, hydrophobicity, and hydrophobic
moments are apparently insufficient predictors of selectivity,
and that AMPs and ACPs cannot be differentiated from CPPs
based on simple structural features alone.” Certain CPPs (e.g.
TAT peptides) also show potent antimicrobial activity,” and
certain AMPs, such as LL-37, have potential uses for drug
delivery.®! Tumor-homing peptides (THPs) have recently
attracted much attention because of their strong affinity
towards specific receptors or markers that are overexpressed
in cancer cells”) They are rich in arginine and cysteine
residues,"”! including the well-investigated RGD (Arg-Gly-
Asp) and NGR (Asn-Gly-Arg) motifs.''! THPs may be
conjugated with ACPs, and the resulting chimeras have
been shown to induce apoptosis in cultured cancer cells and to
inhibit tumor growth in mice.!'”

In this study, we pursued a multidimensional peptide
design approach based on support vector machine (SVM)
classifiers.’) We aimed to modify the sequence of an AMP
template (Decoralin),'" which we found to possess anticancer
activity, by merging features of both CPPs and THPs into the
template. We hypothesized that once modified, the designed
11-mers might penetrate cancer cells in concentrations that
are lower than the critical concentration for lysing the
membrane. Such cationic designer peptides could then exert
their potential cytotoxicity by targeting the mitochondrion, an
organelle with a net negatively charged membrane, and
eventually induce apoptosis."”! Instead of coupling an AMP to
a CPP sequence, as carried out by Liu et al.,l'""! which yields
a high-mass peptide, we here propose a computational
approach for generating minimalist peptides.

We pursued supervised SVM learning to obtain predictive
models for membrane-active peptides. As a training set for
model building, we collected annotated ACPs (N =51), CPPs
(N=481), and THPs (N=669) up to a length of 16 amino
acids from publicly accessible databases and represented all
peptides by correlated residue properties (PPCALI descrip-
tor)'’) for computational analysis. This procedure led to
a real-valued vector representation of each amino acid
sequence, which takes potential residue cooperativity into
account. Then we trained separate SVM classifiers for each
group of peptides (Table 1). The SVM models turned out to
be predictive, robust, and competitive.'®! The SVM ,p model
showed the highest variance of classification accuracy among
the three classifiers. Despite its only moderate Matthews
correlation coefficient (mcc=0.59 +0.20; mcc values are in
[—1,1] with zero indicating random performance), which is
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Table 1: Performance of SVM models in 10-fold cross-validation, pre-
sented as the mean & SD. mcc= Matthews correlation coefficient.

Classifier model mcc Specificity Sensitivity
SVMpcp 0.59+£0.20 0.94+0.04 0.77+0.16
SVMcpp 0.76+0.06 0.9240.02 0.8140.04
SVMyp 0.72+£0.06 0.90+0.01 0.82+0.03

likely a result of the small number of ACP training samples,
the high specificity (94 +4%) of the SVMcp model moti-
vated us to use it for peptide design.

Prior to computational sequence design, we tested the
cytotoxicity of the design template, Decoralin, on breast
adenocarcinoma cells (MCF7) and primary human dermal
microvascular endothelial cells (HDMEC). Decoralin was
active against MCF7 cells (ECs,=19+ 1 um) and displayed
only mild HDMEC cytotoxicity (ECs,=132+1 um; Fig-
ure 1A). We used glycine scanning to investigate which
Decoralin residues were the most critical for the observed
cytotoxicity against MCF7 cells. We opted for glycine instead
of the more common alanine scanning because we aimed at
probing the individual residue positions with a conformation-
ally more flexible (impact on turn formation) and less
hydrophobic (impact on lipid membrane interaction and
amphiphilicity) probe. Glycine mutation of positions 1, 4, and
11 of the 11-residue template largely maintained peptide
activity (Figure 1B), which suggests that the terminal residues
are not critical for the observed cytotoxic effect. These results
are consistent with the reported diverse roles of the C- and N-
termini of membrane-active peptides.””’ Based on the out-
come of the glycine scan, we computationally generated 20° =
8000 variations of Decoralin residues 1, 4, and 11 by allowing
each of the 20 standard amino acids in these three positions.
We chose this permutation strategy because we wanted to
modulate peptide activity through the smallest possible
sequence modification with a high chance of retaining
membrane activity.

We computed SVM prediction scores for all of the
peptides generated. Similar to our earlier work,* we
calculated the scores as the distance of a peptide (represented
by the PPCALI descriptor) to the separating hyperplane in
SVM Hilbert space, and interpreted the score values as an
indicator of the trustworthiness of the predictions but not as
an actual quantitative index of peptide activity.”" 146 of the
8000 modified sequences received favorable scores with both
the SVMjcp and SVM¢pp models (Figure 1C), and 196
sequences were classified as both ACP and THP (Figure 1D).
The wild-type Decoralin sequence itself received a perfect
SVM ,cp score. Even if we deleted Decoralin from the training
data, Decoralin was consistently predicted as ACP but not as
CPP or THP. Aiming at dual high scores for ACP + CPP and
ACP + THP features, we selected 11 (AC1-11) and seven
(AT1-7) Decoralin derivatives, respectively, for further
analysis.

We synthesized and tested peptides AC1-11 for cytotox-
icity against four different cancer cell lines, as well as
HDMEUC cells to represent normal non-transformed human
cells (Table 2). Decoralin and all 11 derivatives displayed
nonspecific activity against all of cancer cell lines and
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Figure 1. A) Cytotoxicity of Decoralin against MCF7 and HDMEC cells.
Cells were treated for 24 h, followed by 1T h MTT treatment. B) MCF7
cytotoxicity of the glycine-walk variations of Decoralin (Deco). The data
presented in (A) and (B) are the mean+SD (N =3 independent
experiments, three technical replicates each). C, D) Prediction scores
for the computer-generated sequences. Scores were computed as
distance to the respective SVM hyperplane. The highlighted peptides
were selected for synthesis and testing.
negligible toxicity against HDMECs (ECs,> 100 um). Nota-
bly, AC1-5 displayed greater activity against the cancer cell
lines than Decoralin, and AC2 showed a two-fold improve-
ment.
© 2015 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.angewandte.org 10371
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Table 2: Cytotoxicity of Decoralin and derivatives computationally predicted as ACP+ CPP (AC1-11) or

ACP+THP (AT1-7).

retained anticancer activity. We
successfully tuned the Decoralin

Identifier Sequence MCF7 A549 LU1205 Jurkat HDMEC sequence according to these objec-
Decoralin SLLSLIRKLITyyy 1941 28+1 1841 401 132471  tives and confirmed the additional
ACT RLLRLIRKLII 1+1 211 941 3941 14141  cell-penetrating ability in MCF7
AC2 RLLRLIRKLILyy, 941 1441 741 2541 125-250 cells. In AC1, AC2, and ACS, two
AC3 LLLLLIRKLIKyyp, M1 2241 161 2541 125-250 serine residues of the Decoralin
AC4 YLLYLIRKLI Ly, 1341 2941 1441 2241 256+2  sequence are replaced by arginine,
AC5 RLLRLIRKLIR 1441 2741 161 27+1 1387 which is in line with previous work
AC6 QLLQLIRKLI Iy, 22+1 2941 21+1 3541 17151 o Nakase et al., who showed that
AC7 QLLQLIRKLIM 3341 3341 2441 4641 14242 . ) - S
ACS8 MLLMLIRKLILyy, 1641 5841 3141 3141 26241  introducing an arginine residue into
ACY QLLQLIRKLIRy, 5341 6041 3841 7541 260+1  an ACP could improve membrane
AC10 QLLQLIRKLIKyyy 50-100 5441 3941 69+1 ~250  permeation.” However, their argi-
ACTT QLLQLIRKLIY 50-100 6141 2941 5841 34941  nine-substituted  peptides  lost
AT1 LLLQLIRKLILy4, 10+1 3041 1241 53+£1 154 +1 Cytotoxicity against Hel.a Cells’
AT2 TLLLLIRKLILyysy 3841 7941 161 30+1 348+1 (s suggesting a delicately bal-
AT3 RLLLLIRKLILyy, 24+1 3541 181 40+1 1601 ced structure—activity relation-
AT4 LLLLLIRKLILyyy, 2541 >100 4841 50+1 278£1 )

ATS QLLLLIRKLILy, 6341 >100 4441 3941 27141 ship between ACPs and CPPs. Our
AT6 QLLLLIRKLIV,y, 7741 >100 5341 >100 339471  peptide design strategy adequately
AT7 CLLLLIRKLILyy, >100 >100 761 >100 ~500 addressed this issue through the

[a] The half maximal effective concentration (ECsy) values (uM) are given as the mean+SD (N=3

independent experiments with three technical replicates each).

In an attempt to investigate whether the improved
anticancer activity of some of the designed peptides might
at least in part be caused by intracellular toxicity, potentially
benefitting from enhanced cell-penetration, we coupled
fluorescein isothiocyanate (FITC) to the N-termini of Dec-
oralin and AC1-5 and performed fluorescence microscopy
and flow cytometry analysis with the peptide-treated cells.
The microscopy images suggest that these peptides might
indeed enter MCF7 cells when applied at low concentration
(1 um; Figure 2 A). Flow cytometry analysis corroborated this
preliminary observation and demonstrated that AC1, AC2,
and ACS5 show significantly (p <0.05) greater MCF7 cell
penetration than Decoralin, but no improved uptake in lung
carcinoma (A549) cells (Figure2B,C). AC2 resulted in
significantly (p <0.0001) more early apoptotic cells (5.2%
vs. 1.2%, Annexin V-FITC"/7-AAD~) and late-apoptotic
and/or necrotic cells (15% compared with 3.5%, Annex-
in V-FITC*/7-AAD™") than Decoralin, whereas both peptides
produced an overall comparable level of damaged cells (19 %,
Annexin V-FITC /7-AAD"; Figure 2 D). The higher percent-
age of cells in the Annexin V-FITC-negative and 7-AAD-
positive populations of the Decoralin-treated cells suggests
that the cell membranes in most of the dead cells were fully
destroyed. We thus did not detect staining of these samples,
which is consistent with observations for other membrane-
Iytic peptides.'® After treatment with AC2, the cells were
found in all phases, thus suggesting that AC2 kills MCF7 cells
by both membrane-lytic and intracellular mechanisms.

Decoralin itself displayed pronounced cell-penetrating
activity in MCF7 and A549 cells (Figure 2B, C), thus corrob-
orating previous observations that ACPs could show mixed
membrane-lytic and cell-penetrating activities.”? Our
machine-learning models were apparently capable of identi-
fying key features of CPPs and allowed us to transfer these to
the Decoralin derivatives. Moreover, the designed peptides

www.angewandte.org
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SVM models.

Not all ACPs are sufficiently
selective for therapeutic applica-
tion.®* We therefore wanted to
optimize Decoralin derivatives for selectivity toward cancer
cells. We synthesized seven peptides with predicted anti-
cancer and tumor-homing properties (AT1-7, Figure 1C), all
of which showed increased selectivity for cancer cells over
HDMEUC cells compared to Decoralin, and AT1-4 retained
strong cytotoxicity against several cancer cell lines (Table 2).
AT2 and AT4 showed selective toxicity against late-stage
human melanoma (LU1205) and MCF7 cells but a negligible
effect on HDMEC cells, which indicates the successful
combination of ACP and THP features by our computational
peptide design approach.

Poor tumor penetration of anticancer drugs can be
a limiting factor for their efficacy, and co-administration
with ACPs or other tumor-specific penetrating peptides has
been suggested as a promising solution for clinical use.
A549 and MCEF7 cells showed different sensitivities to
doxorubicin (ECs, =450+ 1 nm and 22 + 1 nwm, respectively)
and epothilone C (EC5,=49 +1 and 14 £ 2 nM, respectively).
We co-incubated A549 and MCF7 cells with mixtures of
ACPs (Decoralin or AC2) and either doxorubicin or epothi-
lone C. The incubation time was 72 h. While we did not
observe significant synergism between the peptides and the
chemotherapeutics in MCF7 cells, we observed strong and
significant (p <0.0001, extra sum-of-squares F test) syner-
gistic effects in AS549 cells with Decoralin or AC2 in
combination with doxorubicin (EC5y=260+1 and 127 +
1 nM, respectively) or epothilone C (EC5y=31+1 and 21+
1 nM, respectively; Figure S1 in the Supporting Information).
The designed peptide AC2 outperformed Decoralin in terms
of ECy, values, thus supporting the hypothesis that optimized
ACPs can enhance the cytotoxic effect of chemotherapeutic
agents.

Peptide design guided by machine-learning models ena-
bled the identification of tailored peptide sequences with the
desired potent and selective cellular anticancer activity. Our

Angew. Chem. Int. Ed. 2015, 54, 1037010374
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Figure 2. A) Fluorescence microscopy images of MCF7 cells treated with 1 um of FITC-labeled Decoralin and peptides AC1-7 (green: peptides;
blue: nuclei). Representative flow cytometry results are shown for MCF7 (B) and A549 (C) cells (fluorescence intensity given as mean=+SD,

N =3). The statistics compare Decoralin (Deco) with peptide treatments (NS: not stimulated, no peptide); * p <0.05, ** p <0.01. D) Flow
cytometry experiments for cellular apoptosis. MCF7 cells were treated with 25 pm of Decoralin or AC2 for 20 min and stained with 7-AAD and
AnnexinV-FITC. The numbers in each quadrant give the percentage of cells. The histogram shows the percentages of cells in different apoptotic
states as the mean=+ SD of N =3 independent experiments with three replicates each (**** p <0.0001).
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prediction models were accurate in extracting activity-related
features from known ACPs and CPPs, which allowed us to
transfer these features to new peptides. Starting from
a template sequence, the approach facilitated the design of
derivatives with significantly improved properties with min-
imal synthetic effort needed. This multidimensional computa-
tional approach essentially extends conventional peptide
de novo design aiming at a single objective and offers an
alternative to engineering high-molecular-weight peptides
with potential solubility problems.

Keywords: cancer - molecular design - drug discovery -
machine learning - lipid membranes
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