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Abstract: Aberrant elevated Src activity is related to lung cancer growth and metastasis. Therefore, the development 
of potent small molecule inhibitors to target Src kinase is a potential therapeutic strategy for lung cancer. This study 
aimed to develop a computational model for the in silico screening of Src inhibitors and then assess the suppres-
sive effect of candidate compounds on cellular functions. A 3D-quantitative structure-activity relationship (QSAR) 
pharmacophore model consisting of two hydrogen bond acceptors and two hydrophobic regions was constructed 
by using 28 structurally diverse compounds with IC50 values spanning four orders of magnitude. A National Cancer 
Institute (NCI) compound dataset was employed for virtual screening by applying the pharmacophore model and 
molecular docking. Candidate compounds were chosen from the top 20% of scored hits. Among these compounds, 
the suppressive effects of 30 compounds available in the NCI on Src phosphorylation were validated by using an 
enzyme-linked immunosorbent assay. Among these compounds, SJG-136, a pyrrolobenzodiazepine dimer, showed 
a significant inhibitory effect against Src activity in a dose-dependent manner. Further investigations showed that 
SJG-136 can inhibit lung cancer cell proliferation, clonogenicity, invasion and migration in vitro and tumour growth in 
vivo. Furthermore, SJG-136 also had an inhibitory effect on Src-related signaling pathways, including the FAK, paxil-
lin, p130Cas, PI3K, AKT, and MEK pathways. In conclusion, we have established a pharmacophore-based virtual 
screening approach to identify novel Src inhibitors that can inhibit lung cancer cell growth and motility through sup-
pressing Src-related pathways. These findings may contribute to the development of targeted drugs for lung cancer 
treatment, such as lead compounds.
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Introduction

Non-small-cell lung cancer (NSCLC) is the pre-
dominant type of lung cancer and the leading 
cause of cancer-related mortality worldwide [1]. 
The low survival associated with NSCLC may 
result from treatment failure in patients with 
advanced, metastatic disease and recurrent 
disease [2]. Metastasis is a multi-step process 
that involves cell proliferation, migration, deg-
radation of the endothelial basement mem-
brane and invasion [3]. Currently, there is no 
effective therapy to prevent or control these 
metastatic processes. Hence, developing novel 

compounds by targeting both tumour growth 
and metastasis is a major mission for the im- 
provement of lung cancer treatment.

Studies in lung cancer have shown that the dys-
regulated expression or genetic alteration of 
oncogenes and tumour suppressor genes, such 
as EGFR, KRAS, ALK, and TP53, is associated 
with tumour progression and metastasis [4-6]. 
In recent years, the development of therapeutic 
strategies to improve the prognoses of patients 
with NSCLC has focused on designing protein 
kinase inhibitors to suppress the oncogene 
addiction of cancer cells [7]. For example, crizo-
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tinib has been administered to NSCLC patients 
whose tumours harbour ALK fusions [8]. More- 
over, the first-generation EGFR tyrosine kinase 
inhibitors (TKIs) gefitinib and erlotinib have 
been associated with good responses in NSCLC 
patients with EGFR exon 19 deletions or L858R 
mutations [9]. However, approximately 10% of 
NSCLC patients display primary TKI resistance 
[10]. Furthermore, approximately 50% of EGFR-
TKI-treated patients show EGFR T790M muta-
tions at the time of acquired resistance to TKI 
therapy [11]. Drug resistance is a serious issue 
in NSCLC treatment; therefore, developing new 
targeted drugs or therapeutic strategies is an 
urgent goal.

Src is a proto-oncogene belonging to the non-
receptor tyrosine kinase family [12]. The struc-
ture of Src includes an NH2-terminus, two con-
served Src homology domains (including SH2 
and SH3) and a tyrosine kinase domain (TKD) 
[13]. Regulation of Src is dependent upon phos-
phorylation of the C-terminal regulatory tail at 
Y530 by C-terminal Src kinase (CSK), resulting 
in transition to the inactive conformation and 
decreased activity [14]. In contrast, autophos-
phorylation in the ATP-binding pocket of TKD 
(Y418 and Y419) results in transition to the 
active conformation and increased Src activity 
[15, 16]. The NH2-terminal region contains a 
myristoylation site that is important for localiza-
tion to the cellular membrane. At this location, 
Src can interact with signaling proteins through 
its SH2 and SH3 domains to promote multiple 
cellular processes [17].

In recent decades, dozens of studies have dem-
onstrated that Src plays a pivotal role in medi-
ating signal transduction through its interac-
tions with downstream proteins, such as FAK, 
PI3K and STAT3, to influence cell growth and 
motility, as well as in tumour progression, inva-
sion, and metastasis [18-20]. Elevated Src 
expression was associated with various human 
malignancies, including NSCLC [18, 21-23]. 
Previous studies have shown that Src overex-
pression is observed in approximately 60-80% 
of NSCLC patients [24, 25] and related to poor 
prognosis [23]. Several clinically applicable 
small molecule Src inhibitors, such as dasatinib 
(BMS-354825), saracatinib (AZD0530), bosuti-
nib (SKI-606), and ponatinib (AP24534), have 
been developed and evaluated for their clinical 
effectiveness against solid tumours [26, 27]. 
However, there is no approved Src inhibitors in 

the treatment of lung cancer, yet. Given the cru-
cial role of Src in tumour growth and metasta-
sis, Src may be a potential therapeutic target in 
lung cancer treatment [28].

In this study, to identify novel Src inhibitors, we 
performed pharmacophore-based virtual scr- 
eening and then assessed the capability of 
candidate compounds to inhibit the Src activity 
or expression in lung cancer cells. Finally, we 
determined that a pyrrolobenzodiazepine dimer 
(SJG-136; NCI/DTP NSC 694501) is a candi-
date Src-targeted inhibitor. In addition, we also 
investigated the functional roles underlying the 
ability of SJG-136 to suppress lung cancer pro-
gression. The overall workflow is shown in Fi- 
gure 1. These results may benefit the develop-
ment of new anticancer drugs and therapeutic 
strategies for the treatment of lung cancer in 
the future.

Materials and methods

Data set preparation

A set of 51 compounds along with data on their 
experimental activity when tested with an Src 
kinase assay expressed as IC50 values were col-
lected from the BindingDB database [29]. In 
addition, 5 in-house Src inhibitors were incor-
porated into the compound set. The 3D struc-
tures of the compounds were then energy mini-
mized to the closest local minimum using the 
CHARMM force field [30] and the smart mini-
mizer method, which performs 1000 steps of 
steepest descent followed by conjugate gradi-
ent minimization, available in Accelrys Disco- 
very Studio 3.5 (DS) (Accelrys Inc., San Diego, 
USA). Of these 56 compounds, 28 comprised a 
training set, and the rest comprised a test set.

3D-QSAR pharmacophore model generation

To construct the pharmacophore model, we 
first explored the chemical features of com-
pounds from the training set by utilizing the fea-
ture mapping module of DS. Six features (hydro-
gen bond acceptor (HBA), hydrogen bond donor 
(HBD), ring aromatic (RA), hydrophobic region 
(HY), and positive and negative ionizable areas) 
were investigated to identify the vital features. 
A 3D-QSAR pharmacophore generation module 
(the HypoGen algorithm) [31] was used to build 
a series of pharmacophore hypotheses by con-
sidering the crucial chemical features and ex- 
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Figure 1. Overall scheme of pharmacophore-based virtual screening imple-
mented for the discovery of the novel Src inhibitor SJG-136.

perimental activity values (IC50). The top 10 
ranked pharmacophore hypotheses were gen-
erated with the following corresponding statisti-
cal parameters: cost values, root-mean-square 
(RMS), correlation coefficient, and fit values. 
The best hypothesis (i.e., top ranked model) 
was selected for large-scale virtual screening.

Pharmacophore model evaluation

To confirm the statistical significance and pre-
dictive validity of the pharmacophore hypothe-
ses, Fischer’s randomization method and an 
independent test set were employed to assess 
the two independent objectives. In Fischer’s 

randomization method, to iden- 
tify models at 95% and 99% 
confidence levels, the original 
training set was shuffled, and 
activity values were used to 
generate 19 and 99 different 
pharmacophore models, res- 
pectively. Then, the total cost 
values of randomized models 
were compared to those of  
the best model to judge the 
significance of the model. 
Compounds in the test set 
were used to estimate the cor-
relation between the experi-
mental and predicted activity 
values to understand the pre-
dictive power.

Pharmacophore-based virtual 
screening

Virtual screening of chemical 
databases can identify a limit-
ed number of candidate mole-
cules that are likely to be ac- 
tive against a chosen biologi-
cal receptor. The ligand phar-
macophore mapping module 
of DS was utilized for this  
procedure. The best pharma-
cophore hypothesis was used 
as a structural query with 
which to search the NCI  
database (https://wiki.nci.nih.
gov/display/NCIDTPdata/Che- 
mical+Data) to retrieve mole-
cules that fit all the features  
of the model well. Initially, 
Lipinski’s rules of five [32] and 

Veber’s rules [33] were used to evaluate the 
druglikeness of compounds from the NCI data-
base. Furthermore, to screen the hit molecu- 
les, 255 conformers of each drug-like molecule 
were generated using the best conformer gen-
eration method and used to perform virtual 
screening with the pharmacophore model.

Structure-based molecular docking

In this experiment, molecular docking was con-
ducted to simulate suitable binding modes of 
hit molecules in the Src protein active site using 
the LibDock algorithm [34] of DS software. Two 
crystal structures of the c-Src complex (PDB ID: 
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3G5D and 1Y57) [35, 36] were retrieved from 
the Protein Data Bank to serve as the receptor 
protein. The water molecules and the bound 
inhibitor were removed from the protein struc-
ture, and then hydrogen atoms and potentials 
were added using the CHARMM force field. A 
radius of 10 Å around the inhibitor present in 
the crystal structure was defined as a binding 
site. The conformation of each hit compound 
was generated by applying the best conformer 
generation method and energy minimized by 
using the smart minimizer method. The best 
docked conformation for each compound 
based on the LibDock score was saved, and its 
binding affinity to Src was then evaluated by 
calculating the binding free energy [37] and 
various scoring functions. The following scoring 
functions were used: the potential of mean 
force (PMF) [38], potential of mean force 04 
(PMF04) [39], piecewise linear potential 1 
(PLP1) [40], piecewise linear potential 2 (PLP2), 
Jain [38], LigScore1 [41], LigScore2, Goldscore 
[42], and LUDI score [43]. The consensus scor-
ing method [44] was employed taking all dock 
scores into account to rank each compound. 
Finally, candidate compounds were selected 
that showed good agreement with the following 
three scores: the Libdock, binding energy and 
consensus scores. The candidate compounds 
were subsequently subjected to further in vitro 
biological experiments.

Cell culture and drug treatment

The human lung adenocarcinoma cell lines 
A549 (ATCC CCL-185) and H358 (ATCC CRL-
5807) were purchased from the American Type 
Culture Collection (ATCC, Manassas, VA, USA). 
The two cell lines were cultured at 37°C in a 
humidified atmosphere of 5% CO2. Cells were 
maintained in RPMI-1640 medium (Gibco, 
Carlsbad, CA, USA) supplemented with 10% 
foetal bovine serum (FBS; Gibco) and 1% peni-
cillin/streptomycin (Gibco). The candidate com-
pounds were obtained from the NCI drug repos-
itory and prepared as a stock solution at a 
concentration of 100 mM in dimethyl sulfoxide 
(DMSO). The vehicle control was treated with 
0.1% DMSO.

Enzyme-linked immunosorbent assay

DuoSet Human Phospho-Src (Y419) ELISA 
reagent (R&D Systems, Minneapolis, MN, USA) 
was utilized according to the manufacturer’s 
protocol to investigate the effect of candidate 

compounds on the phosphorylation of Src. 
Briefly, cell lysates derived from compound- or 
vehicle-treated cells were added to a 96-well 
plate pre-coated with capture antibody to bind 
phosphorylated and unphosphorylated Src. A 
biotinylated detection antibody was subse-
quently added to detect Src phosphorylation at 
Y419. After washing away unbound antibodies, 
a streptavidin-HRP conjugate was added to 
detect the antibody. NeA-Blue tetramethylben-
zidine substrate (Clinical Science Products, 
Bristol County, MA, USA) was employed to 
develop the signal according to the instruction 
manual. The absorbance was measured at 450 
nm (with 570 nm as the reference) using a 
Victor3 spectrophotometer (Perkin-Elmer, San- 
ta Clara, CA, USA). The vehicle control was used 
as a negative control. Dasatinib (1 µM)-treated 
cells served as a positive control.

Western blot analysis

Western blotting was performed to observe the 
phosphorylation and expression levels of Src 
and its associated proteins in lung cancer cells 
treated with candidate compounds, as de- 
scribed previously [45]. The primary antibody 
against Src was produced in our laboratory 
(ATCC CRL-2651). Antibodies against phospho-
Src (Tyr418), phospho-FAK (Tyr576) and FAK 
were purchased from Invitrogen (Carlsbad, CA, 
USA). Antibodies against STAT3, PI3K, paxillin, 
p130Cas, phospho-MEK1/2 (Ser218/Ser222), 
MEK, phospho-ERK (Tyr204) and ERK were pur-
chased from Santa Cruz Biotechnology, Inc. 
(Dallas, TX, USA). Antibodies against phospho-
STAT3 (Tyr705), phospho-PI3K (Tyr458/Tyr199), 
phospho-paxillin (Tyr118), phospho-p130Cas 
(Tyr410), phospho-SAPK/Jun N-terminal kinase 
(JNK) (Thr183/Tyr185), SAPK/JNK, and AKT 
were purchased from Cell Signaling Technology 
(Beverly, MA, USA). Antibody against phospho-
AKT (Ser473) was purchased from Millipore 
(Billerica, MA, USA). GAPDH (Upstate Biotech- 
nology, Lake Placid, NY, USA) was used as a 
loading control.

Cell viability assay

PrestoBlue cell viability reagent (Invitrogen) 
was used to evaluate the effects of candidate 
compounds on cell cytotoxicity according to the 
manufacturer’s protocol. After the cells were 
treated with candidate compounds at different 
concentrations for different times, PrestoBlue 
reagent was added for reaction with the cells. 
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The absorbance at 570 and 600 nm (the refer-
ence group) was measured using a Victor3 
spectrophotometer (Perkin-Elmer).

Clonogenicity assay

An anchorage-dependent growth assay was 
performed to observe the effects of candidate 
compounds on cell colony formation. In this 
assay, 500 cells were resuspended in RPMI 
medium and then seeded in six-well plates con-
taining a culture medium and drug solution. 
After 7-10 days, the cells were washed with 1 × 
PBS and fixed with methanol. The cells were 
subsequently stained with 0.05% crystal violet. 
Colonies with diameters greater than or equal 
to 0.2 mm were counted using an inverted 
microscope.

Migration and invasion assays

A Transwell device with a polycarbonate mem-
brane (8-μm pore size; Corning Costar Cor- 
poration, Cambridge, MA, USA) that was or was 
not coated with Matrigel (R&D Systems) was 
used for Transwell invasion and migration 
assays, as described previously [46]. Cells were 
treated with various concentrations of candi-
date compound for 24 hours and seeded in 
Transwell chambers. The upper wells were filled 
with serum-free medium containing the drug of 
interest and lung cancer cells (5 × 103 or 2 × 
104 cells per well). The lower wells of the 
Transwell device were filled with the same 
medium supplemented with 10% FBS. After 
incubation for 12 hours (migration) or 24 hours 
(invasion), the cells were swabbed from the 
upper wells and the upper surface of the mem-
brane with a Q-tip. Then, methanol and a 10% 
Giemsa solution (Sigma Chemical, St. Louis, 
MO, USA) were used to fix and stain the cells, 
respectively. The number of cells attached to 
the lower surface of the polycarbonate filter 
was counted using a light microscope (magnifi-
cation, 200 ×).

Tumourigenesis assay

Four-week-old nude mice (BALB/cAnN.Cg- 
Foxn1nu/CrlNarl) were purchased from the 
National Laboratory Animal Center (NLAC, 
Taipei, Taiwan). Tumours were induced in nude 
mice according to a protocol described previ-
ously [47]. A total of 1 × 106 live A549 cells 
were subcutaneously injected into the nude 
mice. Subcutaneous tumour volumes were me- 

asured every 4 days until they reached an aver-
age size of 50 mm3. To evaluate the tumour 
suppressive effects of SJG-136, the mice were 
grouped into drug-treated or untreated groups. 
The animals in the untreated group were inject-
ed with 0.1% DMSO as vehicle control. In addi-
tion, by referring to a prior study [48], the ani-
mals in the drug-treated group were received 
separate intravenous injections with SJG-136 
at two different drug administration schedules 
as follows: 122 μg/kg once daily for five treat-
ments (schedule 1) and 400 μg/kg every sev-
enth day for two treatments (schedule 2). The 
tumour volumes were estimated from calliper-
measured lengths (a) and widths (b) using the 
following formula V = 0.4 × ab2 [49]. After 4-5 
weeks, the mice were sacrificed and their tu- 
mour sizes were analysed. The mouse experi-
ments were approved by the Institutional 
Animal Care and Use Committee of National 
Chung Hsing University.

Statistical analysis

All the experiments were performed at least in 
triplicate, and the significance of differences 
was analysed using a t-test (Excel, Microsoft).  
P values < 0.05 indicated statistical signifi- 
cance.

Results

3D-QSAR pharmacophore generation

The quality of a pharmacophore is directly pro-
portional to the structural diversity and wide 
range of experimental activities of the com-
pounds in the training set. The 28 structurally 
diverse training set compounds had IC50 values 
for Src inhibition spanning 4 nM-75000 nM 
(Figure 2) and were categorized into three 
groups: highly active (IC50 < 100 nM), moder-
ately active (100 nM < IC50 < 1000 nM) and 
lowly active (IC50 > 1000 nM) compounds. In 
total, four crucial features (HBA, HBD, RA, and 
HY) were identified through the training set 
compounds and then used to produce the ph- 
armacophore hypotheses by exploiting the 3D- 
QSAR Pharmacophore Generation module.

The top 10 ranked pharmacophore hypothes- 
es generated confirmed the importance of the 
HBA, HY, and RA features, and the correspond-
ing statistical parameters were calculated to 
reflect the model’s significance (Table 1). The 
top ranked hypothesis (i.e., Hypo1) was adopt-
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Figure 2. Twenty-eight chemically diverse compounds used as a training set in 3D-QSAR pharmacophore modeling.
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ed as the best pharmacophore model with its 
corresponding parameters: the highest correla-
tion coefficient (0.970), lowest RMS (0.678), 
lowest total cost (118.745), reliable configura-
tion cost (16.649) and highest cost difference 
(83.461). The null cost and the fixed cost were 
202.206 and 111.954, respectively.

The Hypo1 hypothesis was composed of two 
HBA and two HY chemical features; the dis-
tance between every two features is shown in 
Figure 3A. The most active compound, com-
pound 1 (IC50: 4 nM), had a high fit value of 7.93 
(Figure 3B) when mapped with Hypo1, while 
the least active compound, compound 28 (IC50: 
75000 nM), showed a lower value of 4.51 
(Figure 3C). The fit value represents how well 
the features in a pharmacophore overlap with 
the chemical groups present in the molecule, 
which is useful to understand the chemical 
meaning of a pharmacophore model. The cor-
relation result indicated that the Hypo1 model 
showed good predictability between experi-
mental and predicted activities, as shown in 
Figure 3D (r = 0.97). Furthermore, 9 of 11 high-
ly active, 4 of 5 moderately active and 11 of 12 
lowly active compounds in the same order of 
magnitude were predicted (Table 2).

Pharmacophore validation

The Hypo1 pharmacophore model was validat-
ed by two different methods, test set validation 
and Fischer’s randomization method, to asse- 
ss the predictive power and statistical signifi-

3). The two highly active and four moderately 
active compounds were separately underesti-
mated as moderately active and lowly active 
compounds. Furthermore, the deviation betw- 
een the experimental activity and predicted 
activity of each test compound was less than 
one order of magnitude. The above results re- 
veal that the Hypo1 model contains the cru- 
cial chemical features required by inhibitors to 
block the activity of Src.

Moreover, the CatScramble method of DS was 
used to randomly scramble the activity values 
of training set molecules and construct new 
pharmacophore hypotheses using the same 
chemical features and parameters originated 
from the Hypo1 hypothesis. A total of 19 and 
99 random spreadsheets with randomly shuf-
fled activity values were generated and then 
used to model pharmacophores at 95% and 
99% confidence levels, respectively. The total 
costs of the random pharmacophore hypothe-
ses were much higher than that of the Hypo1 
hypothesis at the two confidence levels (Figure 
5B and 5C). The randomization test indicated 
that the Hypo1 hypothesis was not generated 
by chance and represents a true correlation in 
the training set activity data.

Identification of candidate compounds by vir-
tual screening and molecular docking

A total of 46,872 NCI compounds were employ- 
ed to identify potent Src inhibitors during the 
virtual screening progress. A total of 38,546 

Table 1. Top 10 pharmacophore hypotheses generated by using a 
training set against Src inhibitors
Hypothesis 
(Hypo)

Total 
cost

Cost  
difference* RMS† Correlation 

(r) Features‡

1 118.745 83.461 0.678 0.970 HBA, HBA, HY, HY
2 121.852 80.354 0.838 0.953 HBA, HBA, HY, HY, HY
3 124.315 77.891 0.935 0.942 HBA, HBA, HY, HY
4 127.566 74.640 1.049 0.926 HBA, HBA, HY, RA
5 127.810 74.396 1.045 0.927 HBA, HBA, HY, RA
6 130.106 72.100 1.187 0.904 HBA, HY, HY, RA
7 131.824 70.382 1.187 0.904 HBA, HY, HY, HY, RA
8 134.117 68.089 1.245 0.894 HBA, HBA, HY, HY, HY
9 134.462 67.744 1.227 0.897 HBA, HY, HY, HY, RA
10 134.930 67.276 1.270 0.889 HBA, HY, HY, HY, RA
*The difference between the null and total costs. The null cost, the fixed cost and the 
configuration cost were 202.206, 111.954 and 16.649, respectively. All costs are in 
units of bits. †RMS, root-mean-square deviation. ‡HBA, hydrogen bond acceptor; HY, 
hydrophobic; RA, ring aromatic.

cance. An independent test 
set was used to determine 
whether the Hypo1 hypoth-
esis is capable of predict-
ing the activity values of 
external test compounds. 
Twenty-eight test set com-
pounds (Figure 4) with IC50 
values spanning 3 nM- 
4740 nM were applied in 
this study. The Hypo1 hy- 
pothesis showed good pre-
dictive ability with a corre-
lation coefficient value of 
0.95 (Figure 5A). Overall, 9 
of 11 highly active, 10 of 
14 moderately active and 
all lowly active compounds 
were predicted in the same 
order of magnitude (Table 
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Figure 3. Hyop1 pharmacophore model of Src inhibitors. (A) Pharmacophore features of the Hypo1 model. HBA: hy-
drogen bond acceptor (green); HY: hydrophobic region (blue). The distance (Å) between every two features is shown. 
Hypo1 is mapped to the most active compound (IC50 = 4 nM; fit value = 7.93) (B) and the most inactive compound 
(IC50 = 75000 nM; fit value = 4.51) (C) by using the training set molecules. (D) Correlation analysis was used to 
evaluate the predictive validity of the Hypo1 model by calculating the correlation between the experimental activity 
and the estimated activity of the training set compounds (r = 0.97).

compounds with good druglikeness were se- 
lected by considering the drug-like properties 
and fit on the Hypo1 model for calculation of 
pharmacophore fit values. To identify more po- 
tential inhibitors against Src kinase, several 
clinically investigated or potential Src inhibitors 
[26, 27, 50] were utilized as positive controls to 
derive the fit values: dasatinib (fit value: 6.25), 
saracatinib (fit value: 8.16), bosutinib (fit value: 
7.41), ponatinib (fit value: 5.96), and imatinib 
(fit value: 7.52). Only 186 molecules were bet-
ter fitted to the Hypo1 model when the highest 
fit value derived from saracatinib was used as  
a criterion (i.e., fit value > 8.16 as the cut-off 

point). To avoid the loss of more candidates,  
we selected a fit value of > 8 as a cut-off point 
and then chose 339 hit molecules for further 
analysis (Figure 1).

The hit molecules were subjected to molecular 
docking studies with two crystallographic struc-
tures of the human c-Src kinase domain (PDB 
ID: 3G5D and 1Y57). Three different scores 
were calculated: the LibDock docking score, 
the binding free energy, and the consensus 
score. The docking scores of each hit com-
pound from either of the best conformations 
docked on the 3G5D or 1Y57 structures were 
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selected. Then, the 20% top scored candidates 
were separately chosen based on three indi-
vidual rules: (1) only the LibDock score was 
considered in rule 1; (2) the LibDock score and 
consensus score were considered in rule 2; (3) 
the three different scores were simultaneously 
considered in rule 3. Among the candidates, 30 
compounds were available from the NCI drug 
repository, and their inhibitory effects on the 
Src protein were assessed by further biological 
assays. The pharmacophore fit values and 
related docking scores of the available candi-
dates are shown in Table 4.

exhibited a similar but smaller effect on the 
inhibition of pSrc and pStat3 in A549 cells 
(Figure 6C) compared with N1, while it showed 
opposite or no effect on pSrc and pStat3 ex- 
pressions in H358 cells (Figure 6D). However, 
both N1 and N25 had no significant or less 
effect on Src expression in A549 and H358 
cells. Furthermore, compound N1 showed a 
better fit to the pharmacophoric features of the 
Hypo1 model than N25, as indicated by the 
pharmacophore fit values (fit values = 8.531 
and 8.166, respectively; Figure 6E and 6F). 
Taken together, these results prompted us to 

Table 2. Actual and estimated activities of 28 training set compounds 
calculated on the basis of the Hypo1 pharmacophore model

Compound 
no.

Experimental 
IC50 nM

Predicted 
IC50 nM

Fit 
value* Error† Experimental 

scale‡
Predicted 

scale‡

1 4 15.70 7.93 +3.93 +++ +++
2 5 2.87 8.67 -1.74 +++ +++
3 5 4.37 8.48 -1.14 +++ +++
4 5 5.07 8.42 +1.01 +++ +++
5 6 13.92 7.98 +2.32 +++ +++
6 10 3.66 8.56 -2.73 +++ +++
7 15 18.29 7.86 +1.22 +++ +++
8 19 16.04 7.92 -1.18 +++ +++
9 58 503.67 6.42 +8.68 +++ ++
10 73 168.16 6.90 +2.30 +++ ++
11 78 31.02 7.63 -2.51 +++ +++
12 110 78.19 7.23 -1.41 ++ +++
13 120 319.36 6.62 +2.66 ++ ++
14 230 415.89 6.50 +1.81 ++ ++
15 347 225.04 6.77 -1.54 ++ ++
16 616 367.88 6.56 -1.67 ++ ++
17 1300 1678.35 5.90 +1.29 + +
18 1400 564.18 6.37 -2.48 + ++
19 1410 1577.48 5.93 +1.12 + +
20 1800 1910.63 5.84 +1.06 + +
21 2250 3092.80 5.63 +1.37 + +
22 4920 5044.11 5.42 +1.03 + +
23 6000 2729.99 5.69 -2.20 + +
24 10600 3309.60 5.60 -3.20 + +
25 11000 6801.74 5.30 -1.62 + +
26 50000 42217.50 4.50 -1.18 + +
27 50000 52984.20 4.40 +1.06 + +
28 75000 41077.10 4.51 -1.83 + +
*Fit value represents how well the features in the Hypo1 pharmacophore overlap with 
the chemical features in the molecule. †Difference between the experimental and pre-
dicted activities. “+”: the predicted IC50 is higher than the experimental IC50; “-”: the pre-
dicted IC50 is lower than the experimental IC50. A value of 1 indicates that the predicted 
IC50 is equal to the experimental IC50. 

‡Activity scale: +++ (highly active, IC50 < 100 nM); 
++ (moderately active, 100 nM < IC50 < 1000 nM); + (lowly active, IC50 > 1000 nM).

Evaluation of the inhibi-
tory effect of candidate 
compounds on Src phos-
phorylation

To evaluate the suppres-
sive effect of the 30 NCI 
compounds on Src-Y419 
phosphorylation, an ELISA 
was performed in the 
A549 lung cancer cell line. 
In total, 11 of 30 compo- 
unds at a 1 µM concentra-
tion showed an inhibitory 
rate > 50% against Src ph- 
osphorylation (Figure S1). 
Among these compounds, 
compounds N1 and N25 
could inhibit Src activity 
up to 60% and 63%, res- 
pectively, compared with 
Src activity in the vehicle 
control. Dasatinib was us- 
ed as a positive control 
(inhibitory rate: 74%).

To further confirm the ef- 
fect of the two compou- 
nds on Src activity, A549 
and H358 cells were tre- 
ated with various nonle-
thal concentrations of N1 
and N25 for 24 hours  
and then subjected to 
Western blotting. The re- 
sults indicated that N1 
could significantly dimin-
ish the phosphorylation  
of Src-Y418 and Stat3- 
Y705 in a dose-depen-
dent manner (Figure 6A 
and 6B). Compound N25 
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Figure 4. Chemical structures of the test set compounds used to validate the Hypo1 pharmacophore.
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choose compound N1, i.e., SJG-136, for further 
investigation of cellular functions and the 
involved signaling pathways, especially those 
related to tumour cell growth and motility.

SJG-136 inhibits lung cancer cell growth and 
motility in vitro, as well as tumourigenesis in 
vivo

To determine the proper concentration of SJG-
136 prior to performing further experiments, 

we performed a cytotoxicity assay with the 
A549 and H358 lung cancer cell lines at 24, 
48, and 72 hours after exposure to various con-
centrations of SJG-136. The survival rates of 
both cell lines decreased in a dose-dependent 
manner. The IC50 values at three time points in 
A549 and H358 cells are shown in Figure 7A 
and 7B. Notably, at 72 hours, the IC50 values 
were as low as nanomolar scale, as in A549 
cells.

To investigate the anticancer effects of SJG-
136, colony formation in vitro and tumour 
growth in vivo were carried out. The colony for-
mation ability of both A549 and H358 cells  
was significantly inhibited by SJG-136 (0.0001, 
0.001 and 0.01 µM) in a concentration-depen-
dent manner (Figure 7C and 7D). In the in vivo 
experiments, the mean size of the tumours in 
the control group was 998 mm3 (95% CI 867-
1128 mm3), however, the mean size of the 
tumours in the schedule 1 and schedule 2 
groups were 461 mm3 (95% CI 386-536 mm3) 
and 558 mm3 (95% CI 457-658 mm3), respec-
tively (Figure 7E). In addition, the mean weight 
of tumours in the three groups were 1300 mg 
(control group), 500 mg (schedule 1 group) and 
540 mg (schedule 2 group), respectively (Fig- 
ure 7F). Moreover, SJG-136 also significantly 
inhibited the ability of migration and invasion in 
A549 and H358 cancer cells, especially SJG-
136 at a concentration of 0.5 µM (Figure 8A 
and 8B). Taken together, our data indicated 
that SJG-136 can inhibit not only the tumour 
growth but also tumour motility and invasion.

Effects of SJG-136 on Src downstream pro-
teins

Src activity can affect the expression and acti-
vation of many downstream proteins, such as 
STAT3, FAK, JNK, paxillin, p130Cas, PI3K, AKT, 
MEK, and ERK [51]; therefore, we further inves-
tigated whether SJG-136 influences any of 
these proteins. The effects of SJG-136 on Src 
downstream targets in the H358 and A549 cell 
lines were detected by Western blotting and 
used as a demonstration. In H358 cells, the 
significant inhibitory effects of SJG-136 on the 
phosphorylation of FAK, paxillin, and p130Cas 
were increased as the concentration of SJG-
136 increased from 0.1 µM to 0.5 µM (Figure 
9). Moreover, the phosphorylation levels of 
PI3K, AKT, and MEK were slightly but still sig-
nificantly reduced in a dose-dependent man-

Figure 5. Evaluation of Hyop1 pharmacophore mod-
el. (A) Correlation analysis was used to evaluate the 
predictive power of the Hypo1 model by calculating 
the correlation between the experimental activity 
and the estimated activity of the test set compounds 
(r = 0.95). The differences in total costs between the 
Hypo1 hypothesis and the random pharmacophore 
hypotheses were examined by cross-validation. (B) 
The statistical significance at the 95% confidence 
level. (C) The statistical significance at the 99% con-
fidence level.
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Table 3. Actual and estimated activities of 28 test set compounds calcu-
lated on the basis of the Hypo1 pharmacophore model

Compound 
no.

Experimental 
IC50 nM

Predicted 
IC50 nM

Fit 
value* Error† Experimental 

scale‡
Predicted 

scale‡

1 3 9.92 8.13 +3.307 +++ +++
2 4 3.82 8.54 -1.047 +++ +++
3 6 9.41 8.15 +1.568 +++ +++
4 19 26.85 7.69 +1.413 +++ +++
5 22 38.99 7.53 +1.772 +++ +++
6 24 17.70 7.88 -1.356 +++ +++
7 33 21.97 7.78 -1.502 +++ +++
8 36 44.76 7.47 +1.243 +++ +++
9 40 92.41 7.16 +2.310 +++ +++
10 94 382.25 6.54 +4.066 +++ ++
11 97 429.33 6.49 +4.426 +++ ++
12 100 510.12 6.42 +5.101 ++ ++
13 120 510.12 7.03 +4.251 ++ ++
14 120 509.39 6.42 +4.245 ++ ++
15 130 298.25 6.65 +2.294 ++ ++
16 180 746.03 6.25 +4.145 ++ ++
17 210 806.16 6.22 +3.839 ++ ++
18 220 761.05 6.24 +3.459 ++ ++
19 253 326.66 6.61 +1.291 ++ ++
20 300 1034.43 6.11 +3.448 ++ +
21 360 2815.47 5.67 +7.821 ++ +
22 450 449.74 6.47 -1.001 ++ ++
23 540 2607.24 5.71 +4.828 ++ +
24 760 662.23 6.30 -1.148 ++ ++
25 790 8713.74 5.18 +11.030 ++ +
26 1890 1948.83 5.83 +1.031 + +
27 2400 27776.30 4.68 +11.573 + +
28 4740 59453.90 4.35 +12.543 + +
*Fit value represents how well the features in the Hypo1 pharmacophore overlap with the 
chemical features in the molecule. †Difference between the experimental and predicted 
activities. “+”: the predicted IC50 is higher than the experimental IC50; “-”: the predicted IC50 
is lower than the experimental IC50. A value of 1 indicates that the predicted IC50 is equal 
to the experimental IC50. 

‡Activity scale: +++ (highly active, IC50 < 100 nM); ++ (moderately 
active, 100 nM < IC50 < 1000 nM); + (lowly active, IC50 > 1000 nM).

ner. In addition, JNK phosphorylation levels 
were slightly reduced following treatment with 
0.5 µM SJG-136. Furthermore, the total protein 
expression levels of these Src downstream pro-
teins, except paxillin and PI3K, showed no sig-
nificant change. In A549 cells, the phosphoryla-
tion levels of FAK, AKT, PI3K, JNK, paxillin, and 
p130Cas were significantly reduced in an 
appropriate dose-dependent response, except 
phospho-MEK (Figure 10). In addition, the total 
protein levels of FAK, MEK, paxillin, and 
p130Cas were slightly or strongly reduced in 

in targeted therapy and kinase inhibitors, this 
therapeutic strategy inevitably promotes drug 
resistance to TKIs. Src, a well-known oncogene, 
has been implicated in multiple signaling path-
ways [21] and participates in the tumour pro-
gression of various cancers, including lung can-
cer [23]. Because of the crosstalk between Src 
and EGFR, the suppression of Src may induce 
apoptosis in EGFR-mutant cell lines by inter-
rupting the downstream EGFR signaling path-
way [52] and even improve the effectiveness of 
EGFR-TKIs through increasing the expression 

A549 cells, especially 
for the treatment of 
SJG-136 at a concen-
tration of 0.5 µM. How- 
ever, no significant ch- 
ange in the phosphory-
lation status of ERK 
was detected in both 
cell lines. The inhibitory 
capacity of SJG-136 on 
the tested signaling pa- 
thways was equal to 
even better than that  
of dasatinib. These re- 
sults suggested that 
SJG-136 inhibits the 
expression or activat- 
ion of downstream pro-
teins to regulate cell gr- 
owth and motility, espe-
cially for the FAK, PI3K, 
paxillin, and p130Cas 
signaling pathways.

Discussion

NSCLC is the most  
common malignant ne- 
oplasm in lung carcino-
ma and exhibits a high 
mortality rate [1]. A tre- 
atment regimen of EG- 
FR-TKIs, including gefi-
tinib and erlotinib, can 
be used as the stand- 
ard first-line treatment 
for advanced NSCLC 
with activating EGFR 
mutations (i.e., exon 19 
deletion and the L858R 
point mutation) [9]. De- 
spite recent successes 
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level of E-cadherin [53]. Therefore, Src can be a 
suitable target to treat lung cancer [28].

Several previous studies employed computer-
aided drug design to develop Src inhibitors [54-
57]. In this study, we constructed a 3D-QSAR 
pharmacophore model and used combined 
molecular docking to identify new potent scaf-
folds that could inhibit Src activity. A pharmaco-
phore model is needed to explore the critical 
chemical features of structurally diverse ligands 
that can influence Src activity. In this study, 28 
training set compounds with IC50 values deter-

er’s randomization and test set methods. 
Typically, the ligand-receptor interaction de- 
pends on three kinds of functional groups: 
hydrophobic regions, polar positive regions or 
polar negative regions [59]; therefore, a well-
defined pharmacophore model may include 
both hydrophobic volumes and hydrogen bond 
vectors. Two HBA and two HY chemical groups 
are included in the Hypo1 model, which is evi-
dence to support the above contention.

The Hypo1 model was used to search the NCI 
drug database, and the hits were filtered by 

Table 4. Pharmacophoric fit values and docking-related scores of 30 
available compounds

Compounds Fit 
value

Src  
Structure

LibDock 
score

Consensus 
score

Binding free  
Energy (kcal/mol)

Rule 1: top 20% of LibDock score
    N1 8.531 3G5D 151.917 - -
    N2 8.461 1Y57 162.011 - -
    N3 8.417 3G5D 135.924 - -
    N4 8.372 3G5D 136.926 - -
    N5 8.370 1Y57 152.941 - -
    N6 8.120 1Y57 149.732 - -
    N7 8.027 1Y57 151.610 - -
    N8 8.010 1Y57 150.854 - -
    N9 8.003 1Y57 150.885 - -
Rule 2: top 20% of LibDock score and consensus score
    N10 8.352 1Y57 153.470 8 -
    N11 8.338 3G5D 136.506 8 -
    N12 8.256 3G5D 131.119 6 -
    N13 8.249 3G5D 152.550 9 -
    N14 8.225 3G5D 151.310 10 -
    N15 8.107 1Y57 137.128 7 -
    N16 8.107 3G5D 140.889 9 -
    N17 8.093 3G5D 136.202 8 -
    N18 8.052 3G5D 132.178 8 -
    N19 8.027 1Y57 139.131 10 -
    N20 8.006 1Y57 149.570 9 -
    N21 8.001 1Y57 140.602 8 -
Rule 3: top 20% of LibDock score, binding free energy and consensus score
    N22 8.262 1Y57 134.588 6 -100.370 
    N23 8.257 1Y57 129.853 9 -93.870 
    N24 8.218 1Y57 141.000 8 -77.760 
    N25 8.166 3G5D 122.503 7 -61.591 
    N26 8.125 1Y57 149.207 7 -110.110 
    N27 8.084 1Y57 136.532 6 -111.970 
    N28 8.080 3G5D 129.406 7 -48.448 
    N29 8.062 1Y57 155.506 9 -95.640 
    N30 8.012 1Y57 146.410 11 -104.010 

mined by the Src kinase 
assay or cell viability asse- 
ssment were collected from 
a public database and our 
unpublished data. Many pre-
vious studies indicated that 
training set compounds sh- 
ould fulfil the necessary cri-
teria to construct a good 
hypothesis [31, 54, 58] by  
(i) covering a wide activity 
range of four orders of mag-
nitude (4-75000 nM); (ii) 
binding to the same target  
in a similar mechanism, su- 
ch as competitive inhibition; 
and (iii) adopting homoge-
neous procedures to mea-
sure IC50 values as far as 
possible. Under these crite-
ria, the 10 top scored phar-
macophore hypotheses we- 
re generated through ph- 
armacophore modeling. A 
good pharmacophore hypo- 
thesis should follow the cri-
teria of parameters and pos-
sess the following [31, 54]: 
(a) the highest correlation 
coefficient, (b) the lowest 
RMS value, (c) the lowest 
total cost, (d) a fixed cost 
close to the total cost, (e)  
a configuration cost value 
less than 17, and (f) a high 
cost difference (the differ-
ence between the null and 
total cost values). Hence, 
Hypo1 was selected based 
on the above rules and eva- 
luated by using standard 
methods, including Fisch- 
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druglikeness rules and molecular docking to 
refine the retrieved hits. A total of 339 hits were 
screened to perform the docking studies. 
Structures of active (PDB ID: 3G5D; co-crystal-

effective than N25. Thus, we identified SJG-
136 as a promising candidate compound for 
further investigation of functionality as an anti-
tumour drug. SJG-136 (NSC 694501) is a pyr-

Figure 6. Evaluation of N1 and N25 compounds by investigating their sup-
pressive effect on Src expression. Western blotting of Src and STAT3 was 
performed in A549 (A) and H358 (B) cells at 24 hours after treatment with 
compound N1, respectively. The phosphorylated and total protein levels of 
Src and STAT3 were also analysed in A549 (C) and H358 (D) cells after 
treatment with compound N25 for 24 hours. Ctl: 0.1% DMSO; Da: dasatinib, 
a positive control; and GAPDH: an internal control. Compound N1 (fit value 
= 8.531) (E) and compound N25 (fit value = 8.166) (F) were aligned to the 
Hypo1 pharmacophore model.

lized with dasatinib) and inac-
tive (PDB ID: 1Y57; co-crystal-
lized with imatinib) c-Src kinase 
domain were chosen, and com-
pounds were docked against 
their ATP-binding sites. Dasa- 
tinib is an FDA-approved Src-
Abl inhibitor for use in patients 
with chronic myelogenous leu-
kaemia (CML) or Philadelphia 
chromosome-positive (Ph+) ac- 
ute lymphoblastic leukaemia 
(ALL) [27]. Imatinib is also an 
approved medication against 
CML [60] and Ph+ ALL [61]. 
Some efforts are currently fo- 
cused on discovering the stru- 
ctural characteristics of ima-
tinib that allow it to bind to 
human c-Src kinase [50, 62]. 
In our study, superimposition 
of the two structures on the 
basis of their backbone atoms 
was performed, which yielded 
a root-mean-square deviation 
of 1.56 Å, suggesting a slight 
difference between the ATP-
binding sites. To identify credi-
ble binding poses, the best 
docked conformations of each 
hit compound with either the 
3G5D or 1Y57 structure during 
the docking progress were se- 
lected. Finally, 30 compounds 
were selected and obtained 
from NCI to investigate their 
suppressive effect on Src ph- 
osphorylation at Y418 and 
Y419 residues which associat-
ed with increased Src activity 
[15, 16].

To demonstrate the feasibility 
and availability of the identifi- 
ed pharmacophore model, the 
two most effective compounds 
in ELISAs, N1 and N25, were 
selected. Subsequent Western 
blotting and fit value analysis 
indicated that SJG-136 is more 
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rolobenzodiazepine (PBD) dimer that was syn-
thesized by joining two DC-81 monomer PBDs 

via their aromatic A-ring phenol C8-positions in 
the early 1990s [63]. PBDs are a class of 

Figure 7. Suppressive effects of SJG-136 (compound N1) on tumour cell viability and growth. The cytotoxicity of SJG-
136 was evaluated in A549 (A) and H358 (B) NSCLC cell lines by using a cell viability assay. The results are shown 
as the percentages of the control response (0 µM). The IC50 values at 72 hours in A549 and H358 cells were 1 and 
21 nM, respectively. Colony formation assays in A549 (C) and H358 (D) cells. Cells grown in anchorage-dependent 
conditions were treated with SJG-136 and evaluated in clonogenic assays. Colonies with diameters ≥ 0.2 mm were 
counted. Each treatment was independently performed in triplicate; 0 µM indicates 0.1% DMSO. (E) Tumourigenesis 
assay. The indicated number of live A549 cells was subcutaneously injected into nude mice. The mice were then 
divided into three groups, including dosing schedule 1 (122 μg/kg once daily for five treatments; n = 5), dosing 
schedule 2 (400 μg/kg every seventh day for two treatments; n = 4) and vehicle-treated group (n = 5). Tumour vol-
umes were measured every 4 days. (F) SJG-136 decreased tumour weights, which were presented as the mean ± 
standard deviation. *P < 0.05 compared with vehicle-treated control.
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sequence-selective DNA cross-
linking agents based on the 
naturally occurring anthramy-
cin family of antitumour antibi-
otics produced by Streptomy- 
ces species [64, 65]. Previous 
studies indicated that the me- 
chanism of SJG-136 biological 
activity might be through bind-
ing to six base pairs (5’-purine-
GATC-pyrimidine-3’) in the mi- 
nor groove of double-strand- 
ed DNA and producing cova-
lently binding to induce the for-
mation of interstrand cross-
links [66, 67]. As a result, 
SJG-136 exhibited potent in 
vitro activity and broad spec-
trum in vivo efficacy against 
various cancers [48, 68], inclu- 
ding ovarian carcinoma, colon 
carcinoma, melanoma, breast 
carcinoma, and NSCLC. How- 
ever, the functionality underly-
ing SJG-136 antitumour activi- 
ty against lung cancer is largely 
unknown. In this study, we fo- 
und that the IC50 value of SJG-

Figure 8. The impact of SJG-136 (compound N1) on lung cancer cell motility and invasion. (A) The effect of SJG-136 
on A549 and H358 cell migration, as assessed by using non-coated transwell devices. (B) Inhibitory effect of SJG-
136 on cancer cell invasion, as determined by the transwell assay with Matrigel. Each treatment was independently 
performed in triplicate; 0 µM indicates 0.1% DMSO. *P < 0.05 compared with vehicle-treated control (0 µM, 0.1% 
DMSO).

Figure 9. The effect of SJG-136 on Src-associated signaling pathways in 
H358 cells. Western blotting analyses of Src downstream proteins in the 
H358 cell line were performed after treatment with 0.01, 0.1 or 0.5 µM 
SJG-136 for 24 h. The phosphorylated and total protein levels of FAK, JNK, 
paxillin, p130Cas, PI3K, AKT, MEK1/2, and ERK were detected. GAPDH 
served as the loading control. Protein expression was quantified by ImageJ 
software (NIH), and the results are shown directly below the gel graph.
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136 against A549 lung cancer cells was 1 nM 
at 72 hours; however, a lower cytotoxic effect 
was observed in H358 cancer cells with an IC50 
of 21 nM. A previous study of the in vitro antitu-
mour activity of SJG-136 on NCI 60 cell lines 
indicated that the GI50 (i.e., 50% growth inhibi-
tory concentration) value for SJG-136 in A549 
lung cancer cells was approximately 14 nM 
after 48-hour exposure to SJG-136 [68]. 
Furthermore, another report showed that the 
IC50 values of SJG-136 following the exposure 
of five cell lines, including melanoma, prostate 
and ovarian cancer cells, for 96 hour ranged 
from 0.4 to 2.5 nM [69]. Our results indicated 
that the cytotoxic concentration of SJG-136 in 
both lung cancer lines tested is in the nanomo-
lar range, which is also consistent with previous 
reports. A549 cells were also shown to be more 
sensitive to SJG-136 than H358 cells. This dif-
ference might be due to differences in the 
genetic backgrounds of the cell lines, such as 
the p53 status, as the former contains wild-
type p53, while the latter contains null-type 

rol-3-yl) benzenamine (i.e., PBD-MPB hybrids) 
might inhibit the transcription factor NF-ĸB or 
its transcriptional activity [71]. Nevertheless, 
little is known about the signaling pathways 
involved in the action of SJG-136. It is well-
known that Src can modulate the activities of 
STAT3, FAK, JNK, PI3K, AKT, paxillin, p130Cas, 
MEK, and ERK, which are widely considered to 
be essential for cancer cell growth, angiogene-
sis, migration, and invasion [22]. In this report, 
we found that SJG-136 inhibits the phosphory-
lation of Src and its downstream signaling pa- 
thways, except for ERK activity, in the tested 
lung cancer cell lines, which to the best of our 
knowledge has not been previously reported. 
Therefore, we speculated that SJG-136 or its 
associated derivatives have the potential to  
act as a single- or multi-target drug based on 
the above-mentioned reports and our data.

In conclusion, we constructed a pharmaco-
phore-based virtual screening workflow that 
can accurately identify features of Src inhibi-

Figure 10. The effect of SJG-136 on Src downstream proteins in A549 cells. 
Lung cancer A549 cells were treated with SJG-136 at various concentra-
tions such as 0.01, 0.1 or 0.5 µM for 24 h and then analysed on Western 
blots. The phosphorylation and total protein levels of FAK, AKT, MEK1/2, 
ERK, PI3K, JNK, paxillin, and p130Cas were detected. GAPDH was the load-
ing control. Protein expression was calculated by using the ImageJ software 
(NIH), and the results are shown below the gel graph.

p53. Moreover, we also dem-
onstrated that SJG-136 can 
suppress lung cancer cell clo-
nogenicity, migration, and in- 
vasiveness in the in vitro ex- 
periments. A prior study of the 
NCI-H522 human lung cancer 
xenograft model showed that 
SJG-136 has a significant anti-
tumour effect at two dosing 
schedules such as 122 μg/kg 
once daily for five treatments 
and 400 μg/kg every seventh 
day for three treatments [48]. 
In our study, the significant 
antitumour capacity of SJG-
136 was also demonstrated  
in A549 human lung cancer 
xenografts of nude mice by 
adopting the similar dosing 
schedules.

In the past, research on the 
mechanism of SJG-136 or its 
analogues and conjugates has 
mainly focused on their ability 
to serve as a DNA-targeting ag- 
ent that subsequently blocks 
the transcription of certain ge- 
nes [70]. For example, the con-
jugated modification of SJG-
136 with 4-(1-methyl-1H-pyr-
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tors and discovered that SJG-136 may be a 
potential Src-targeted inhibitor. The in vitro 
experiments provided strong evidence that 
SJG-136 can inhibit lung cancer cell viability, 
proliferation, invasion and migration by sup-
pressing Src-related signaling pathways. More- 
over, the tumourigenesis experiments in nude 
mice also revealed that SJG-136 can inhibit 
lung tumour growth in vivo. However, the issue 
of kinase inhibitor selectivity still cannot be 
excluded. For example, a previous study has 
revealed that two marketed drugs, sunitinib 
and dasatinib, have high affinities for multiple 
kinases [72]. Taken together, the findings of 
this study may be useful for the development  
of a novel compound for lung cancer thera- 
peutics.
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Figure S1. Evaluation of 30 NCI compounds by investigating their suppressive effect on Src activity. An ELISA ex-
periment was performed in the A549 lung cancer cell line. The results are shown as the percentages of the control 
response (0 µM, 0.1% DMSO). The red dashed line indicates the 50% inhibitory rate of Src phosphorylation. Each 
treatment was independently performed at a 1 µM concentration. Dasatinib-treated cells served as a positive con-
trol.


