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Abstract: Porcupine is a protein belonging to the O-acyltransferase family, involved in the catalyzing
of palmitoylation of wingless-related integration (WNT) proteins. WNT signaling has significant
roles in many physiological functions, e.g., hematopoiesis, homeostasis, neurogenesis, and apoptosis.
Anomalous WNT signaling has been observed to be related to tumor generation, and metabolic and
neurodegenerative disorders. Therefore, compounds that inhibit this pathway are of great interest
for the development of therapeutic approaches. For a better understanding of the common traits of
such compounds, we have undertaken an in silico study in order to develop a valid ligand-based
pharmacophore model based on a series of porcupine inhibitors. The best pharmacophore hypothesis
found after the 3D QSAR validation process is represented by the following features: one hydrogen
bond donor (D), three rings (R) and one hydrophobic centroid (H). The 3D-QSAR model obtained
using the DRRRH hypothesis shows statistically significant parameters: correlation coefficients for
the training set: R2 of 0.90, and a predictive correlation coefficient for the test set, Q2 of 0.86. The
assessment of the pharmacophore model was also done and provided very reliable metrics values
(Receiver Operating Characteristic—ROC of 1; Robust Initial Enhancement—RIE of 17.97). Thereby,
we obtained valuable results which can be further used in the virtual screening process for the
discovery of new active compounds with potential anticancer activity.
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1. Introduction
Porcupine (PORCN) is a protein belonging to the O-acyltransferase family, resident in the
endoplasmatic reticulum, involved in the catalyzing of palmitoylation of wingless-related integration
(WNT) proteins [1]. This palmitoylation is essential for WNT secretion and signaling [2,3]. The
plethora of roles in which WNT signaling is involved include among others: tissue and intestinal
homeostasis [4,5], hematopoiesis [6], cell migration [7], and apoptosis [8,9]. Dysregulation of WNT
signaling has been observed to be correlated with tumor generation [10,11], metabolic disease [12],
fibrosis [13], and neurodegenerative disorders [9,14]. It has been observed that a subset of cancers
(colon, ovarian, esophageal, lung, heart, and neck cancers) are related to enhanced cellular sensitivity
to WNT [2,15,16].
One way to handle the secretion of WNT is by inhibiting the activity of the PORCN enzyme
which has the role in lipid modification of WNT and in WNT biogenesis, its genetic deletion leading
to embryonic death [17,18].
The development of PORCN inhibitors being at the beginning of the road, it is space for new
and elaborate research in this field of study.
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Thus, in order to computationally explore the specific features of PORCN inhibitors with
potential anticancer effect, a series of recently synthesized and tested PORCN antagonists [1] were
taken in our study. Ligand-based pharmacophore modeling is mostly used, like in this case, when
the 3D structure of the target is not available. The identification of the pharmacophoric features of
the ligands required for the molecular recognition by their target (PORCN receptor) was explored
using Phase software [19] from the Schrödinger suite [https://www.schrodinger.com].
2. Materials and Methods
2.1. Ligand Preparation
A dataset of 17 compounds [1] which act as inhibitors on PORCN receptors was the subject of
computational analysis for pharmacophore generation. The 2D structures of the compounds were
drawn with Marvin Sketch (version 17.18), from Chemaxon [http://www.chemaxon.com]. The ligand
preparation was realized using Ligprep software [20] of Schrödinger. The optimization of the
structures was achieved with OPLS_2005 force field, the ionization with Epik [21] using a pH of 7.2
± 0.2 criterion, and the tautomers and stereoisomers were also obtained.
2.2. Pharmacophore Generation and Validation
Phase [19] with the option: “Develop Common Pharmacophore Hypotheses” was used for the
generation and validation of the pharmacophore hypotheses by the involvement of the Atom-based
QSAR module. ConfGen [22] was engaged in the generation of multiple conformers for each
compound using default settings. The compounds were considered active if the pIC50 value is higher
than 8 and inactive if the pIC50 value is lower than 7. An Atom-based 3D-QSAR [23] analysis was
carried out by using 1 partial least-squares (PLS) factor and a test set of approx. 28% of compounds
was employed. Additionally, a “Validate hypothesis workflow” option was used for scoring of all
the resulted hypotheses [https://www.schrodinger.com]. The compounds of the dataset used to
develop the pharmacophore models are shown in Table 1 along with their experimental and
predicted activity.
Table 1. The Smiles code of porcupine (PORCN) inhibitors from the dataset [1] along with their activity
(experimental and predicted) and the QSAR set distribution.
ID
1*
2
3
4
5
6*
7*
8
9
10
11 *
12
13
14
15 *
16
17

Smiles Code
Cc1cc(ccn1)c2ccc(cc2)CC(=O)Nc3ccc(cc3)c4ccccc4
c1ccc-2c(c1)Cc3c2ccc(c3)CC(=O)Nc4ccc(cc4)c5cccnc5
c1ccc2c(c1)c3ccc(cc3o2)CC(=O)Nc4ccc(cc4)c5cccnc5
c1ccc-2c(c1)Cc3c2ccc(c3)CC(=O)Nc4ccc(cn4)c5cnccn5
c1ccc2c(c1)c3ccc(cc3o2)CC(=O)Nc4ccc(cn4)c5cnccn5
Cc1cc(cnc1c2ccnc(c2)C)CC(=O)Nc3ccc-4c(c3)Cc5c4cccc5
Cc1cc(cnc1c2ccnc(c2)C)CC(=O)Nc3ccc-4c(c3)C(c5c4cccc5)(F)F
Cc1cc(cnc1c2ccnc(c2)C)CC(=O)Nc3ccc4c(c3)-c5ccccc5C4=O
Cc1cc(cnc1c2ccnc(c2)C)CC(=O)Nc3ccc4c5ccccc5[nH]c4c3
Cc1cc(ccn1)c2ccc(cc2)CC(=O)Nc3ccc-4c(c3)Cc5c4cccc5
c1ccc2c(c1)-c3ccc(cc3C2=O)CC(=O)Nc4ccc(cc4)c5cccnc5
Cc1cc(ccn1)c2ccc(cc2)CC(=O)Nc3ccc-4c(c3)C(c5c4cccc5)(F)F
Cc1cc(ccn1)c2ccc(cc2)CC(=O)Nc3ccc-4c(c3)C(=O)c5c4cccc5
Cc1cc(ccn1)c2ccc(cc2)CC(=O)Nc3ccc4c5ccccc5[nH]c4c3
c1ccc2c(c1)-c3ccc(cc3C2=O)CC(=O)Nc4ccc(cn4)c5cnccn5
Cc1cc(ccn1)c2ccc(cc2)CC(=O)Nc3ccc4c5ccccc5oc4c3
Cc1cc(cnc1c2ccnc(c2)C)CC(=O)Nc3ccc(cn3)c4cnccn4

pIC50exp
8.54
6.64
6.26
6.34
6.87
8.60
8.57
8.55
8.59
8.85
6.00
8.46
9.35
8.64
6.00
8.05
9.05

pIC50pred
8.47
6.56
6.51
6.62
6.53
8.89
8.92
8.86
8.78
8.85
6.62
8.46
8.88
8.44
6.72
8.05
8.36

* denotes the compounds from the test set.

3. Results and Discussions
The best pharmacophore obtained is represented by DRRRH hypothesis depicted in Figure 1
and its statistical parameters are presented in Table 2. Pharmacophore sites for DRRRH hypothesis
consist of a set of chemical features: one hydrogen donor (D), three aromatic rings (R) and one
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hydrophobic (H).” The correlation plot of experimental versus predicted activity is shown in Figure
2. The important features for the ligand-receptor interactions are displayed in Figure 3.
Table 2. The statistical parameters for the best pharmacophore hypothesis (DRRRH).

Hypothesis
DRRRH

SD
0.37

R2
0.90

R2cv
0.76

R2scramble
0.44

Stability
0.94

F
88.60

RMSE
0.47

Q2
0.86

Pearson-R
0.99

SD—standard deviation of the regression, R2—value of R2 for the regression, R2CV—Cross-validated
R2 value, computed from predictions obtained by a leave-N-out approach, R2scramble—average
value of R2 from a series of models built using scrambled activities (measures the degree to which the
molecular fields can fit meaningless data, and should be low), Stability of the model predictions to
changes in the training set composition (this statistic has a maximum value of 1 -meaning stable). F—
variance ratio, RMSE—root mean squared error of the test set, Q2—value of Q2 for the predicted
activities of the test set, Pearson-R—value of Pearson-R for test predicted activities of the test set [24].

The atom type fractions resulted for our pharmacophore hypothesis (DRRRH) are 0.01 for Hbond donor, 0.69 for hydrophobic/non-polar and 0.30 for electron-withdrawing. The best-fitted
compound (no. 10) with fitness score value of 3 is also the second-best compound as activity in the
series (Table 1). The distances between all the pharmacophore features are presented in Table 3.

Figure 1. Compound 10, the best fitted on DRRRH hypothesis.
Table 3. Inter-feature distances for DRRRH hypothesis.

Site 1
R9
R9
R9
R9
D3
D3
D3
R6
R6
R8

Site 2
D3
R6
R8
H4
R6
R8
H4
R8
H4
H4

Distance (Å)
7.54
10.30
12.83
15.16
3.62
7.39
9.80
4.34
6.36
2.87
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Figure 2. Correlation plot of experimental versus PHASE software [19] predicted activity of training set
(green triangles circles) and test set (blue circles).

Figure 3. The data set compounds in the context of 3D-QSAR model with: hydrogen bond donor,
hydrophobic and electron-withdrawing properties represented. (a) The active compounds aligned over
DRRRH hypothesis; (b) The inactive compounds aligned over DRRRH hypothesis. Blue cubes indicate
positive coefficient (increase in activity), red cubes indicate negative coefficient (decrease in activity).

Enrichment performance for all hypotheses generated were performed using the “Validate
hypothesis workflow” from Phase [19]. Based on these results we are able to identify the most
significant hypothesis which satisfy the goals of a virtual screening analysis. For the DRRRH
pharmacophore hypothesis, the significant metric values were obtained (Table 4).
Table 4. Enrichment performance for the DRRRH pharmacophore hypothesis *.

BEDROC
Alpha = 160.9 Alpha = 20.0 Alpha = 8.0
1.000
1.000
1.000
alpha*Ra
1.751
0.218
0.087
Receiver Operator Characteristic (ROC)
1.000
Area under accumulation curve (AUAC)
0.990
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Table 4. Cont.

Robust Initial Enhancement (RIE)
17.970
Count and percentage of actives in top N% of decoy results
% Decoys
1%
2%
5%
% Actives
100
100
100
Count and percentage of actives in top N% of results
% Results
1%
2%
5%
% Actives
90.9
100
100
Enrichment Factors with respect to N% sample size.
% Sample
1%
2%
5%
Enrichment factor (EF)
92%
51%
20%
Enrichment factor for recovering x% of the known actives (EF*)
1e+02
50
20
Modified enrichment factor (EF’)
1.8e+02
95
39
Efficiency in distinguishing actives from decoys (Eff)
0.980
0.961
0.905
“*”BEDROC—Boltzmann-enhanced Discrimination Receiver Operator Characteristic area under the curve.
The value is bounded between 1 and 0, with 1 being ideal screen performance. The default alpha = 20
weights the first ~8% of screen results. When alpha*Ra << 1, where Ra is the radio of total actives to total
ligands, and alpha is the exponential prefactor, the BEDROC metric takes on a probabilistic meaning.
Calculated as described by Truchon, J. F.; Bayly, C. I. J. Chem. Inf. Model. 2007, 47, 488-508, Equation (36);
ROC—Receiver Operator Characteristic area under the curve. The value is bounded between 1 and 0, with
1 being ideal screen performance and 0.5 reflecting random behaviour. Calculated as described by Truchon,
J. F.; Bayly, C. I. J. Chem. Inf. Model. 2007, 47, 488-508, Equation (A.8); AUAC—Area Under the
Accumulation Curve. The value is bounded between 1 and 0, with 1 being ideal screen performance.
Calculated as described by Truchon, J. F.; Bayly, C. I. J. Chem. Inf. Model. 2007, 47, 488-508, Equation (8);
RIE—Robust Initial Enhancement. Active ranks are weighted with a continuously decreasing exponential
term. Large positive RIE values indicate better screen performance. Calculated as described by Truchon, J.
F; Bayly, C. I. J. Chem. Inf. Model. 2007, 47, 488–508, Equation (18); EF—Enrichment Factor, calculated with
respect to the number of total ligands. EF = (a/n)/(A/N), where a is the number of actives found in sample
size n, A is the total number of actives, and N is the total number of ligands (decoys and actives).; EF*—
Enrichment factor for recovering x% of the known actives, defined as the fraction of the actives recovered
divided by the faction of decoys recovered at that point. This value gives the relative probability that a
compound recovered is an active rather than a decoy. Because the enrichment factors are computed using
the fractions of actives and decoys recovered, they are independent of the absolute and relative numbers
of actives and decoys screened.; EF’—modified enrichment factor defined using the average of the
reciprocals of the EF* enrichment factors for recovering the first aa% of the known actives. EF’(x) will be
larger than EF*(x) if the actives in question come relatively early in the sequence, and smaller if they come
relatively late.; Eff—efficiency in distinguishing actives from decoys on an absolute scale of 1 (perfect; all
actives come before any decoys) to −1 (all decoys come before any actives); a value of 0 means that actives
and decoys were recovered at equal proportionate rates.” [25].
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4. Conclusions
The best pharmacophore hypothesis has the following features: one hydrogen bond donor (D),
three aromatic rings (R), and one hydrophobic (H) region (Figure 1). The evaluation and the
validation of this hypothesis has been done by applying the “Atom based QSAR module” and the
“Validate hypothesis workflow”. The 3D-QSAR model built using DRRRH hypothesis shows
significant statistically parameters, such as: a correlation coefficient, R2 of 0.90 for the training set and
a predictive correlation coefficient, Q2 of 0.86. The DRRRH hypothesis was scored and the reliable
metrics (ROC of 1; RIE of 17.97 and AUAC of 0.99) were obtained. From the Figure 3b we can see that
the inactive compounds are missing one pharmacophore feature which is found in the active
compounds (the hydrophobic H4 centroid), which lead to the conclusion that this characteristic may
be very important for the biological activity of the ligands. Further, databases of compounds can be
screened in searching of molecules which present the pharmacophoric features that match this
hypothesis, in order to predict novel porcupine inhibitors with potential anticancer activity, against
Wnt signaling pathway.
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