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Abstract
Chemotherapeutic treatment of metastatic prostate cancer frequently fails to eliminate all cancerous
cells, and often affects normal organ and tissue functions. Post treatment, a small fraction of surviving
(refractory) cancer cells is responsible for the commonly known fractional killing phenomenon. These
resilient clones might give directionality to somatic evolution and lead to the development of drug re-
sistance during oncological treatment. Identification of these refractory cells may prevent unnecessary
treatment by improving prognostication of clinical outcomes. Therefore, we hypothesized that cancer
cells phenotypic heterogeneity drives their heterogeneity in response to drugs, thus providing an avenue
to predict drug response by way of their morphological signature. For these studies we used a human
prostate cancer cell line as our model system; PC3 and its complementary drug resistant analog PC3A
established through serial drug treatments with doxorubicin. We compared PC3 and PC3A quantita-
tively using a custom high-content imaging platform and statistical analysis. Beyond their different dose
response, they displayed significant morpho- and behavioral phenotypes. Interestingly, control PC3 cells
had a refractory sub-population that survived to high doxorubicin doses. To assess if these resilient cells
had also a distinct phenotype, PC3 cells were monitored in real time during treatment. Remarkably, we
found no significant differences in cell size, roundness (and shape), number of neighbors and 2D motility
between refractory and responsive sub-populations. This suggests that, for the drug dose and treatment
duration used in the experiments, identification of these refractory cells is not possible and more severe
treatment conditions must be employed.

Keywords: Prostate cancer, metastasis, drug resistance, phenotypic signature, heterogeneity, morphol-
ogy, behavior, PC3, PC3A, Doxorubicin

INTRODUCTION

About cancer

Cancer is a set of diseases characterized by the un-
restrained growth and dissemination of abnormal
cells. Its etiology stems from the mutations in onco-
genes, tumor suppressor genes and/or DNA repair
genes, which lead to cancer cells ability to bypass
the biochemical signals that regulate their differen-
tiation, survival, proliferation and death (Hanahan
and Weinberg, 2000, 2011). As a result, tumors
grow within healthy tissues, causing local damage
and inflammation. If not controlled, tumors may
affect vital body functions and, ultimately, lead to
death. According to a recent report from the Amer-
ican Cancer Society, about 1.7 million people per
year are diagnosed with cancer. Surgery, radiation,
chemo, hormone, immune, and targeted therapies
are among the possible treatment courses for cancer
(American Cancer Society, 2014a). However, these
treatments often do not result in a cure and 0.5 mil-
lion people succumb to cancer every year (American
Cancer Society, 2014a).

Prostate cancer

The prostate is a male gland located in front of
the rectum and below the urinary bladder. The
prostate is constituted of several types of cells, how-
ever, the majority of prostate cancers develop from
the epithelial cells (adenocarcinoma). In some pa-
tients prostate cancers can grow and spread quickly,
but most grow slowly over a period of many years.
Prostate cancers can be grouped into three types:
localized, regionally advanced, and metastatic. Ac-
cording to the American Cancer Society, the 5-year
relative survival rate at the time of diagnosis for the
first two types is nearly 100% (American Cancer So-
ciety, 2014c). However, for the latter (metastatic),
the scenario worsens and about 72% of the patients
die within 5 years after diagnosis (American Cancer
Society, 2014c).

Metastatic prostate cancer

Metastatic prostate cancer (stage IV) is defined as
a cancer that has disseminated from the prostate
and has spread to other parts of the body. Approx-
imately 70% of patients who die from complications
due to prostate cancer show evidence of metastatic
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bone disease (Coleman, 2006). Once prostate can-
cer cells metastasize to the bone, there are limited
available curative therapies (Loberg, 2005; Pienta
and Loberg, 2005; Sabbatini et al., 1999), with hor-
mone therapy and chemotherapy being used pri-
marily to restrain the growth of the metastatic tu-
mor, and to relieve symptoms. In some cases, these
treatments may prolong life; however, most people
who die of prostate cancer die of metastatic disease
(American Cancer Society, 2014a).

Chemotherapy

For metastatic prostate cancer, chemotherapy is
usually offered as a treatment if the tumor is non-
responsive to hormone therapy (hormone-refractory
or castrate-resistant prostate cancer). Chemother-
apy makes use of anti-cancer drugs to kill can-
cer cells. For prostate cancer, drugs are typi-
cally used one at a time; they include Docetaxel
(Taxotere R©), Cabazitaxel (Jevtana R©), and Dox-
orubicin (Adriamycin R©) (American Cancer Society,
2014b). In the US, the first line of treatment is
typically docetaxel combined with the steroid pred-
nisone (American Cancer Society, 2014b). How-
ever, in cases of poor outcome, a second line drug
called cabazitaxel is administered, and if the pa-
tient remains unresponsive, another drug is admin-
istered and so on, paying close attention to the bal-
ance between the quality of life and the benefits
of treatment, until the patient ultimately succumbs
(American Cancer Society, 2014b). Chemotherapy
is one of the very few options that can temporarily
keep metastasis under control, however, its effec-
tiveness is limited by the emergence of drug resis-
tance cells and inherent toxicity to non-neoplastic
tissues and organs which can affect normal body
functions (Holohan et al., 2013).

Drug resistance

Drug resistance is a phenomenon that results in
diseases becoming tolerant to pharmaceutical treat-
ments and is a major reason for chemotherapeutic
failure (Lippert et al., 2008a). This concept was
first considered in the late 1940s when bacteria be-
came resistant to certain antibiotics, but since then
similar mechanisms have been found to occur in
other diseases, including cancer (Housman et al.,
2014).

Intrinsic vs. acquired drug resistance

Resistance may be either pre-existent (intrinsic re-
sistance), or induced by exposure to drugs (acquired
resistance) (Lippert et al., 2008a). Nearly 50% of all
cancer patients suffer from malignancies that are in-
trinsically resistant to chemotherapy (Lippert et al.,
2008b), while most of the remaining half develops
drug resistance during treatment (Pinedo and Gi-
accone, 2007). Early stage detection of acquired
resistance is not yet possible since it can only be
recognized after treatment failure (Lippert et al.,
2008a). Thus early stage diagnostic tests are utterly

required, in order to circumvent unnecessary treat-
ment, which is often associated with side-effects due
to toxicity (Lippert et al., 2008a).

Drug resistance mechanisms
Drug resistance can be due to a plethora of mecha-
nisms (Figure 1). Some of these are disease-specific,
while others are evolutionarily conserved, for exam-
ple, increased drug efflux capacity observed in mi-
crobes and human drug-resistant cancers (Housman
et al., 2014). More recently, cell heterogeneity in-
herent in cancerous tumors is beginning to be impli-
cated in the development of drug resistance in which
the cells genetic and epigenetic underpinnings play
possible roles in the development of cancer progen-
itor cells that are not killed by conventional cancer
therapies (Housman et al., 2014).

Fractional killing
Mammalian cellular populations are inherently het-
erogeneous due to noise in gene expression and the
fact that gene networks have multiple stable states,
which result in non-genetic variability (Brock et al.,
2009). These are stable and heritable variants
which allow cells within the same population to ex-
hibit different levels of responsiveness to environ-
mental cues (Brock et al., 2009). This phenomenon
is thought to be responsible for the graded response
of cells when treated with drugs, and for the small
fraction of refractory cells remaining after treat-
ment (Figure 2B, kill curve)(Brock et al., 2009).
Fractional killing has been observed in microbial
populations and, interestingly, the small surviving
subpopulation of cells not only did not possess a
drug-resistance mutation, but when these cells were
expanded, they reverted to an antimicrobial sensi-
tive state (Glickman and Sawyers, 2012). In cancer,
fractional killing is responsible for treatment relapse
in chronic myeloid leukemia in which two-thirds of
the imatinib-treated relapsing cases had no muta-
tions and instead, elevated levels of multiple mito-
genic and survival pathway proteins are observed
in these imatinib-resistant leukemia cell lines (Ok-
abe et al., 2008). Both these observations challenge
the somatic mutation theory (Huang and Ingber,
2007; Soto and Sonnenschein, 2004), as they reveal
the phenotypic versatility of cells in the absence of
evolutionary adaptation (resistance can stem from
non-genetic and genetic sources).

Mutational vs. non-mutational resistance mecha-
nisms
Drug resistance is classically accountable for pro-
gression of malignancy through natural selection
(Brock et al., 2009)(Figure 2A). This view rep-
resenting a somatic version of Darwinian evolu-
tion has been the prevailing but rarely questioned
paradigm in cancer biology over the past decades
(Curtis, 1965). However, the rapidity of resistance
development, its dose- and exposition-time depen-
dence and the frequent upregulation of the appro-
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Figure 1: Example of some drug resistance mechanisms. These are known to enable or promote, independently
or in a combination, and direct or indirect drug resistance in human cancer cells. Adapted from (Glickman and
Sawyers, 2012; Housman et al., 2014).

priate pathways for survival are compatible with
non-genetic heterogeneity affecting the entire tran-
scriptome (Brock et al., 2009). This unavoidably
creates drug-tolerating outlier cells with dissimilar
phenotypes, some of which may be selected for and
expanded (Brock et al., 2009).

A normal, monotypic, clonal cell population can
be very phenotypically heterogeneous (displaying
variations in cell migration, cell shape, cell size,
etc.). Hence, genetic and phenotypic heterogene-
ity can co-exist in the same tumor. While muta-
tions are necessary for tumor development, phe-
notypic heterogeneity may allow for much higher
occurrence of somatic mutations caused by drug
treatment, which may then contribute to the de-
velopment of drug resistance (Brock et al., 2009)
(Figure 2B). This possibility exists in all forms of
cancer, as all tumors are heterogeneous due to the
abnormally regulated character of cancerous cells
(Housman et al., 2014). A clonal composition study
of breast tumors showed that these may be mono
or polygenomic, and the latter comprise various
clonal subpopulations, all of which may have differ-
ent drug sensitivities and resistance characteristics
(Navin et al., 2010). Another recent study on acute
myeloid leukemia determined that re-occurrence of
this disease in patients after successful therapy may
be the result of expansion of a drug resistant clone
(Parkin et al., 2013). Moreover, recent studies show
that a fraction of cells within tumors have stem cell
properties and are usually drug resistant (Housman
et al., 2014). The alleged cancer stem cell subpop-
ulations isolated from prostate cancer cell lines and
patient tumors diverge noticeably in their pheno-
types (Sharpe et al., 2013), therefore contributing

for the phenotypic heterogeneity of tumors.

Cancer drug resistance assessment

Assessment of drug response can be evidently done
by simply treating cells with a drug and observing
their fate. However, as it was earlier discussed, as-
sessing resistance may require quite long lag times
after treatment and it is not yet possible to predict
it before treatment. Takeshita et al. (2000) sug-
gests a way to study both intrinsic and acquired
resistance to chemo drugs in cancer cells. In order
to study acquired drug resistance in osteosarcoma,
they isolated a clonal cell line (AcqR) by exposure
of parental murine osteosarcoma cells to increasing
doses of doxorubicin (Takeshita et al., 2000). In
order to study intrinsic drug resistance in osteosar-
coma they cloned a new, intrinsically resistant cell
line (IntR) by single-cell culture of parental cells
and then they investigated the differences in cell
phenotype and the mechanisms of resistance in both
of these resistant clones (Takeshita et al., 2000). Of
the several clones isolated from the parent cell line,
only one, IntR, was intrinsically resistant to dox-
orubicin (Takeshita et al., 2000). Regarding drug
resistance, the AcqR and IntR cells were sevenfold
and fivefold more resistant to doxorubicin than the
parental cells (Takeshita et al., 2000). Morphologi-
cally, the AcqR cell line was composed of polygonal
cells, whereas the IntR cell line consisted of plump
spindle cells with long cytoplasmic processes, and
the parental cell line was composed of a mixed-cell
population, including small round cells, large polyg-
onal cells, and a few plump spindle cells (Takeshita
et al., 2000). This interesting difference in morphol-
ogy between the parental and its intrinsically resis-
tant clone cell lines opens an avenue for improve-
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Figure 2: Genetic and non-genetic models of population evolution of drug-resistant clones in cancer (Brock
et al., 2009). (A) Classical selection of rare cells with a pre-existing genetic mutation that confers resistance
to a cytotoxic drug (dark brown cells). (B) Owing to non-genetic population heterogeneity, the dose response
curve (i.e. kill curve) is not a stepwise function but shows a graded response, reflecting the dispersion in relative
resistance in a population: there is always a population fraction of refractory cells (orange cells). These variants
give some directionality to the acquisition of genetic resistance-conferring mutations, thus increasing the chance
of resistant mutants expansion (brown cells).

ment of how prostate cancer malignancy is graded
(Gleason Score).

Tumor malignancy grading (Gleason Score)

In an early stage, a biopsy can be taken of a tu-
mor to determine whether or not it is malignant
and how malignant it is. Decades ago pathologists
examining prostate glands removed for cancer en-
countered that within the same prostate there could
be multiple tumors with differing growth patterns
and abnormality grades (St John Providence, 2014).
Pathologist Dr. Donald Gleason devised the current
widely used grading system (Gleason Score) to dif-
ferentiate the various histopathology (microscopic)
samples.

A B

Figure 3: Prostate biopsy scheme and Gleason grading
system. (A) Several samples are collected from differ-
ent zones of the prostate (Yao et al., 2014). (B) Grades
range from 1 to 5, with grade 5 having the worst prog-
nosis (St John Providence, 2014).

Currently, malignant areas are identified and
scored by pathologists who microscopically examine
small needle biopsy samples of the prostate tissues

(Figure 3A). Overall, prostate cancers vary in ma-
lignancy level from lower grade (low Gleason Score)
to high grade (high Gleason Score) (Figure 3B), and
the prognosis for cure varies with the grade (score).

The detection of acquired drug resistance at
an early stage is not yet possible and it can only be
recognized during treatment, after long lag times
(Lippert et al., 2008a). If pre-existing drug-tolerant
clones give indeed a head start for later development
of whole-resistant populations, then identification
of these clones at an early stage in a routinely pro-
cedure such as the biopsy may allow doctors to bet-
ter advise their patients regarding the best course
of treatment.

Hypotheses

As reviewed earlier in this introduction, cellular
variability within a given population can be a pow-
erful tool to ensure its survival to adverse environ-
mental conditions such as drug treatment. More-
over, there is always a subpopulation of tumors
that is refractory to single treatment and that when
clones are isolated from tumors, only very few
present increased resistance. And finally, there is
evidence that these refractory clones have a dis-
tinct and more homogeneous morphology than their
parental cell line. Here, we hypothesize that cancer
cells heterogeneous drug response is correlated with
morphological heterogeneity and thus, it can be pre-
dicted by the cells morphological signature (H1).
Additionally, we hypothesize that a behavioral sig-
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nature may also identify cancer cells heterogeneous
drug response (H1.1). Furthermore, we hypothesize
that cancer cells’ heterogeneous drug response can
be predicted by cell’s intrinsic morphological varia-
tion signature (H1.2). And finally, we hypothesize
that cancer cells’ heterogeneous drug response can
be predicted by way of a complex phenotypic sig-
nature (H2).

Approach

Associating cells morphology and behavior to their
fate upon drug treatment, requires large cell sample
sizes, observed alive while being treated with drug
and measured at single-cell resolution. This can be
challenging when using traditional microscopy as-
says. Labeling cellular features such as nucleus and
cytoplasmic membrane with fluorescent probes or
dyes would increase drastically the throughput of
this assay. To do so, addition of extra chemicals
to the growth medium or transformation of cells is
required. However, these may disturb and create
artifacts on cells characteristics and, more impor-
tantly in this case, in their response to treatment.
Alternatively, cells can remain unaltered at the cost
of not having any of their features labeled, which
makes any measurements under these conditions ex-
tremely low-throughput and time consuming. De-
spite the fact that an automated system is not yet
available, a set of methods was developed with the
purpose of improving the throughput of this anal-
ysis. After image acquisition, cells are manually
traced and size, shape, number of neighbors (local
cell density), and 2D motility can be automatically
analyzed for hundreds of cells with a program we
developed. The first two, cell size and shape were
used as morphological traits, while the last two, lo-
cal cell density, and 2D motility were used as behav-
ioral features. Additionally, another program devel-
oped at Wirtz Lab was used to better understand
cellular variability within a given population since
this visually-aided morpho-phenotyping recognition
(VAMPIRE) analysis allows for the classification of
irregular cellular shapes while providing an effec-
tive visual aid to display and compare these shapes
(Wu et al., 2014). Finally, a multi-variable analysis
was performed by way of a K-means cluster analy-
sis in order to find a complex phenotypic signature
of drug response.

MATERIALS AND METHODS
Cell culture

Human prostate adenocarcinoma derived from bone
metastatic site cells (PC3) (Kaighn et al., 1979),
Doxorubicin-resistant PC3 cells (PC3Adr1000,
from now on referred to as PC3A) (David-Beabes
et al., 2000) and other cells derived from the first
were cultured in RPMI 1640 (Gibco, Life Tech-
nologies, USA) supplemented with 10% FBS (Hy-
Clone, Thermo Scientific, USA) and 100 U of
penicillin/100 μg of streptomycin (Sigma-Aldrich,
USA). All cells were maintained at 37◦C in a hu-

midified, 5% CO2 environment. Cells were pas-
saged every 2-3 days for a maximum of 40 passages.
This procedure was done by first washing cells with
DPBS (calcium and magnesium free) (Gibco, Life
Technologies, USA), followed by the addition of
0.25% Trypsin in HBSS (Mediatech, USA) to de-
tach cells for 10 min at 37◦C . Then, fresh medium
is added to neutralize trypsin and a fraction of the
cells is passed into a new flask.

Cell viability assay
The sensitivities of all cell lines to the antineoplas-
tic drug Doxorubicin (Dox) (Sigma-Aldrich, USA)
were assessed using the PrestoBlue R© cell viability
reagent (Invitrogen, Life Technologies, USA) (Fig-
ure 4A). PrestoBlue R© is a cell permeable resazurin-
based solution that is modified by the reducing
power of viable cells and turns red in color, be-
coming highly fluorescent, which allows for quan-
titatively measure their proliferation.

B

Cells in media -> 10% PrestoBlue in media

Cells in ≠ [Dox] -> 10% PrestoBlue in media

Cells in ≠ [Dox] -> Media

Cells in media

PBS -> 10% PrestoBlue in media

Color legend:
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1

A
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D

E
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2 3 4 5 6 7 8 9 10 11 12

G

H
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Doxorubicin

1 day

2 days

4 hours

A

Figure 4: PrestoBlue cell viability assay for dose-
response assessment. (A) Laboratory procedure. (B)
96-well plate scheme. PBS was added in the outer wells
to avoid evaporation in the analyzed ones.

Cell lines were seeded in glass 96-well plates
(Greiner, Sigma-Aldrich, USA) with a density of
5000 cells/well. After allowing cells to attach for
24 h, proliferating cells were incubated with cul-
ture medium containing a range of exponentially
increasing doses of Doxorubicin for a period of 48
h. Subsequently, PrestoBlue was diluted at 1:10 in
growth media, and 100 μL was added in wells con-
taining untreated (control) and treated cells, but
also to no-cell control wells. A schematic of the
96-well plate can be found in Figure 4B. Simulta-
neously, to eliminate Doxorubicin’s contribution to
the read signal, media was added to one well of each
condition. After being incubated for 4 h at 37◦C ,
the plates were read with a Spectramax Gemini XS
microplate fluorometer (Molecular Devices, USA)
using an excitation wavelength of 540 nm and an
emission wavelength of 600 nm. Data was obtained
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using the microplate reader software Softmax Pro
(Molecular Devices, USA). The percentage of viable
cells was calculated relative to untreated cells, af-
ter having subtracted background fluorescence sig-
nal (including Dox’s signal). IC50 values were cal-
culated from the dose-response curves by fitting a
Hill-like equation (Equation 1) using MATLAB’s
optimization toolbox.

fsurvival =
1

1 + 10(log10( IC50
[Dox] )×HillSlope)

(1)

Time-lapse phase contrast microscopy
PC3 cells were plated 60h before imaging, with a
cell density of 1×104 cells/well in a 6-well plate
(glass bottom). These cells were imaged in regular
media for 4 h, then 5 μM Dox was added and imag-
ing continued for 1 day, after which, Dox was re-
placed with regular media for another day of imag-
ing (Figure 5A). PC3A cells were plated 16 h be-
fore imaging, with a low cell density in a 24-well
plate (plastic bottom). These were imaged for 4 h
in regular media. Phase contrast images were col-
lected using a C4742 camera (Hamamatsu Photon-
ics, Japan) mounted on a Nikon Eclipse TE2000-E
microscope (Nikon, Japan) with a 10× Fluor objec-
tive (N.A. 0.3).

1 day

A

60 hours
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Doxorubicin

4
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Figure 5: Time-lapse phase contrast microscopy and
image analysis. (A) Laboratory procedure. (B) Raw
data processing procedure. (C) Detailed explanation of
the third step of image analysis.

Image analysis
In order to analize cells’ morphology and behav-
ior (Figure 5B), ImageJ was used to run the phase
contrast time-lapse movies and to hand-trace cells
in several fields of view and timepoints. Next, gath-
ered data was exported from ImageJ and imported
to and analyzed by a customized MATLAB pro-
gram. Its outputs, i.e. cell’s manual tracings, can
be seen in Figure 7B and in Figure 8C. Note that the
same cells were analyzed in 5 different time points
(every 55 min) before drug was added and their
survival to treatment was assessed in the last im-
age taken (Figure 5C). An example of each cell’s

own temporal-variation is given in Figure 7C. Af-
ter having gathering over 1000 tracings, these were
analyzed using both MATLAB’s built-in function
regionprops and the custom formulas presented in
Figure 6. All measurements were made on a pixel-
by-pixel manner and then converted to μm using
the adequate objective calibration (i.e pixel size).

Cell size (checkered area)

Roundness = 

x

x

x
x

x

No. Neighbors= #x within 
2x(Equiv. Diameter) of

Average displacement 
in Δt = x(1)

x(2)
x(...)

x(n)

Σx(i)
n

2xEquiv.

Diameter

, with i=1,...,n

A

B

C

D

Figure 6: Formulas used to assess cells morphology
and behavior. These formulas were used after analyzing
cells’ tracings with MATLAB’s built-in function region-
props. (A) Cell size can be assessed by counting the
number of pixels inside a cell trace and then convert it
to μm using the known objective calibration (i.e pixel
size). (B) Cell roundness can be obtained dividing four
times the cell size by the area of a circle with a diameter
equal to cell’s major axis length. (C) The number of
neighbors represents the count of cells (x) surrounding
cell ?. Only cells within two times the equivelent di-
ameter of cell ? are accounted as neighbors. (D) Cells’
displacement is the distance a cell’s centroid moved be-
tween analyzed frames. Since five frames are analyzed,
four displacements are calculated per cell and then its
average was assessed.

Statistics

Student t-test was performed to determine the sig-
nificant difference between parental (PC3) and re-
spective resistant-derivative (PC3A) and between
the survivors and nonsurvivors (”died”) groups.
A probability level of p<0.05 was considered as
statistically significance, and 1 to 4 ”significance
stars” (*) were respectively attributed accord-
ing to the following probabilities: 0.01≤p<0.05;
0.001≤p<0.01; 0.0001≤p<0.001; p<0.0001.

The clustering analysis was performed using
MATLAB’s built-in function kmeans to separate
cells according to the assessed variables into 15 clus-
ters with the cosine distance measure. Since each
cell was traced in 5 different timepoints, averages
and coefficients of variation (σµ ) were calculated for
each cellular characteristic. Then, every character-
istic distribution was normalized using the standard
(z-)score formula (X−µ

σ ) in an attempt to give all
variables an equal weight when performing the K-
means clustering.
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Figure 7: Parental vs. resistant cancer cell lines (PC3 vs. PC3A). (A) Drug-response curves for treatment of
PC3 and PC3A cells with Doxorubicin. Cells were treated for 48 h with different dosages of Doxorubicin ranging
from 0 to 50 μM. Afterwards, PrestoBlue was added and the plate was read. Error bars represent the standard
error of the mean (SEM). Full lines are the fitting result of Eq. 1 used to obtain the IC50 values. (B) Example of
raw phase images of PC3 (top) and PC3A (bottom) cells in a single field of view and time point and respective
hand-tracings (C) Example of different cells’ hand-tracings in the different analyzed time points. (D-G) PC3
and PC3A’s cell size, roundness, number of neighbors and 2D motility distributions and respective statistical
analysis. Roundness ranges from 0 to 1 and approaches 1 for a perfectly circular cell. (H) VAMPIRE analysis of
morphology (Wu et al., 2014).

RESULTS
Parental vs. resistant cancer cell lines

The goal of this project is to find how morphologi-
cal and behavioral heterogeneity can possibly relate
with the fate of cells treated with cytotoxic drugs,
such as Doxorubicin.

Previous studies showed that some prostate can-
cer cell lines develop resistance to this drug (David-
Beabes et al., 2000). One of those cell lines, PC3,
when gradually treated with Doxorubicin, devel-
oped resistance to it and the result, PC3Adr1000
(PC3A) (David-Beabes et al., 2000), shows a much
different and characteristic morphology than its
parental, PC3. In Figure 7B is a comparative ex-
ample of raw phase contrast images of PC3 (top)
and its resistant derivative, PC3A (bottom). While
PC3 is a very heterogeneous population regarding
cell size and shape, its resistant-derivative, PC3A is
mostly composed of small round cells1.

1Note that here it is not defended that morphology is
responsible for an enhanced survival capacity, but that it is
a potential way to identify cells with different drug dosage

To better understand this doxorubicin-resistant
system (PC3/PC3A) and what is changed from one
cell line to another, two assays were performed:
Dose-response assay (Figure 7A), and time-lapse
phase contrast imaging (Figure 7(B and C)). Fur-
ther comparative analysis of this system can be
found in Appendix A.

As one can observe from the dose-response curves
(Figure 7A), PC3A (orange) resists to higher dox-
orubicin concentrations than its parental, PC3
(green), which is translated into a 10-fold increase
in IC50. This had been already observed by the
developers of this resistant cell line, PC3A (David-
Beabes et al., 2000). Furthermore, it is interest-
ing to observe in Figure 7A, that the dose-response
curves do not drop down to 0% viable cells. This
means that in the parental cell line, PC3, there is al-
ready a sub-population of refractory cells that man-
age to evade treatment.

Regarding cell size, roundness, number of neigh-
bors and 2D motility (calculated as shown in Figure

responses.
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Figure 8: Morphological and behavioral comparison of surviving and non-surviving cells to a 24 h treatment
with 5 μM of Doxorubicin. (A) Drug-response curves for treatment of PC3 cells with Doxorubicin. Cells were
treated for 24 h with different dosages of Doxorubicin ranging from 0 to 50 μM. Afterwards, cells were left in media
for 24 h before PrestoBlue was added and the plate was read. This experiment was only performed once. Error
bars represent the standard error of the mean (SEM), calculated from technical replicas. Full lines are the fitting
result of Eq. 1 used to obtain the IC50 values. (B-C) Example of raw phase image of cells in a single field of view
and time point and respective hand-tracings (D-G) Comparison and statistical analysis of cell size, roundness,
number of neighbors and average displacement over 55 min between surviving (gray) and non-surviving (red)
cells. Roundness ranges from 0 to 1 and approaches 1 for a perfectly circular cell. (H) VAMPIRE analysis of
morphology (Wu et al., 2014).

6), PC3 (parental) and PC3A (resistant) are signif-
icantly different from each other (****), as it can
be seen in Figure 7(D-G). These differences are ob-
vious even when looking at the raw images of both
cell lines (Figure 7B). Moreover, further analysis
were performed using program developed in Wirtz
Lab (VAMPIRE, (Wu et al., 2014)) and, as it can
be seen in Figure 7H, parental and resistant pop-
ulations present different shape distributions. This
leads to the idea that a specific subpopulation of
PC3 is more likely to survive and thus is better
represented in PC3A than others that respond to
treatment and die.

Systems like PC3/PC3A are known as acquired
drug resistance models. Here, the interest relies
on the early refractory sub-population and whether
there is such a clear distinction in morpho and be-
havioral phenotypes between these and the respon-
sive sub-population of PC3.

Phenotypic signature of drug response

In order to assess the morpho and behavioral phe-
notypes between the refractory and the responsive
sub-population of PC3, this cell line was treated
with 5 μM of Doxorubicin for 24 h followed by
another 24 h in media while being imaged (time-
lapse phase contrast). Since this setting differed
from the previous treatment showed in Figure 7A
(48 h with Dox), another dose-response curve was
made to match this new treatment conditions (Fig-
ure 8A). As seen in this curve, about 30% of the
cells survived to a dose of 5 μM and their morpho
and behavioral phenotypes were compared to those
that died (Figure 8(B through H)).

Time-lapse imaging started 4 h before treatment
in order to exclude any changes caused by the drug.
Afterwards, these images (e.g. Figure 8B) were an-
alyzed, cells were traced before drug addition and
were categorized as ”Died” or ”Survived” (e.g. Fig-
ure 8C, red and black, respectively) depending on
whether they died before the movie ended or they
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actually survived and were present in the last frame
of the movie. Measurements of cell size, roundness,
number of neighbors and 2D motility (average dis-
placement) were performed and plotted as shown in
Figure 8 (D through G).

As it can be seen in Figure 8(D, F and G), there
is no significant difference in cell size, number of
neighbors and 2D motility, however both died and
survived cases’ distributions seem to be slightly dif-
ferent. Furthermore, regarding cell shape (round-
ness), died and survived cases are significantly dif-
ferent (*) with died being slightly more round than
survived (Figure 8E). However, roundness is only
one of the many available shape descriptors. Again,
a more robust shape analysis, VAMPIRE (Wu et al.,
2014), was used. PC3 cells’ shapes distribution
and the survival-wise composition of each cluster
is depicted in Figure 8H. Both died and survived
cells are somewhat evenly distributed throughout
the clusters, which means that no cluster is clearly
represented (>85%) by surviving (refractory) cells
or by nonsurviving (responsive) cells.

So far, cell size, roundness, neighbors density and
2D motility do not seem to be key-characteristics
(signature) that predict cell fate upon treatment. A
sub-hypothesis (H1.2) was, then, formulated: Can-
cer cells’ heterogeneous drug response is correlated
with intrinsic morphological dynamics and thus, it
can be predicted by cell’s intrinsic morphological
variation signature. In other words, is a cell that
frequently changes its morphology (often switching
from round to elongated and viceversa) a cell with a
distinct response to drug treatment? This question
was inspired in the epithelial-mesenchymal transi-
tion phenomena, as this is very important in metas-
tasis and might also have a role in drug resistance.
This transition can be observed by means of mor-
phology since mesenchymal cells are generally elon-
gated and epithelial are not. This sub-hypothesis
was tested by comparing the distribution of coeffi-
cients of variation2 of both ”Died” and ”Survived”,
but again, there is no significant difference between
these fates (Figure 9).
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Figure 9: Cell’s intrinsic morphological variation com-
parison of surviving and non-surviving cells to a 24 h
treatment with 5 μM of Doxorubicin. The coefficient
of variation (CV) was used as a measure of each cell’s
intrinsic morphological variation. (A) Cell size. (B)
Cell roundness.

Single-measurements have shown to fail predict-

2As a measure of variation within each cell.

ing cell fate upon treatment. Multi-variable anal-
ysis was, then, performed in a attempt of finding
a more complex phenotypic signature of drug re-
sponse. To do so, cluster analysis (or clustering)
was used to group these variables’ averages and co-
efficients of variation in such a way that cells in the
same cluster are more similar (in some sense or an-
other) to each other than to those in other clusters.
The results of PC3 clustering can be seen in Figure
10.

Figure 10: Cells clustering based on cell size, round-
ness, number of neighbors and 2D motility averages and
coefficients of variance (CV). The first column shows
whether each cell survived (gray) or not (red) to drug
treatment. The second to second-last columns were
used for the clustering analysis using MATLAB’s built-
in function kmeans, considering a number of clusters
equal to 15. The last column identifies each cluster and
the numbers represent the fraction of surviving cells in
each cluster.

When assessing the fraction of cells in each clus-
ter that survived to drug treatment, it was observed
that no cluster represents exclusively surviving cells
(the highest fraction is 0.54). This means that for
the used treatment settings, there is no morpho or
behavioral phenotypic distinction between the re-
fractory and the responsive sub-populations of PC3.
In fact, after this treatment, 30% of the cells re-
mained alive, which is a much higher fraction than
what was observed initially when cells were incu-
bated with Doxorubicin for 48 h (15-20%, see Fig-
ure 7A). Therefore, longer exposition time is ad-
vised when using 5 μM of Doxorubicin to perform
this assay.

DISCUSSION AND CONCLUSIONS
Cell lines comprising the acquired drug resistance
model PC3/PC3A not only have different dose-
responses, as there is a clear distinction in morpho-
and behavioral phenotypes between these. Interest-
ingly, the parental cell line, PC3, has a refractory
sub-population that survives to higher doxorubicin
dosages, as has been traditionally observed in other
cancer cell populations. In order to study these re-
fractory clones, this cell line was observed before
and during doxorubicin treatment and remarkably
there is no clear distinction in cell size, roundness
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(and shape), number of neighbors (local cell den-
sity) and 2D motility between refractory and re-
sponsive sub-populations. Individual cell’s morpho-
variation was also analyzed, but again there is no
significant difference between the aforementioned
sub-populations. Clustering of the analyzed cells
based on all the measured variables was performed,
but again, no cluster clearly represented a refrac-
tory sub-population. This leads to the conclusion
that, for the used experimental condition (drug dose
and exposition time), none of the measured traits
consists in a phenotypic signature that predicts PC3
cells fate upon treatment with doxorubicin.

The present work constitutes an exploratory
study, and it is still far from its desired end. Here,
assays were developed and optimized and are ready
to be used in a much more extensive study includ-
ing other cell lines and chemotherapy drugs. And
even for the current cell line/drug system, the anal-
ysis of higher doses/exposure times is highly recom-
mended. Drug resistance is currently a high-impact
problem in cancer treatment. Better than solve it
will be avoiding it. Thus, being able to identify drug
resistance signatures is of absolute importance and
will revolutionize how cancer treatments are con-
ducted and, necessarily, their outcome success.
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