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Featured Application: Digital holographic cytometry applied to EMT.

Abstract: Cells in complex organisms can transition between epithelial and mesenchymal phenotypes
during both normal and malignant physiological events. These two phenotypes are not binary,
but rather describe a spectrum of cell states along an axis. Mammalian cells can undergo dynamic and
heterogenous bidirectional interconversions along the epithelial–mesenchymal phenotypic (EMP)
spectrum, and such transitions are marked by morphological change. Here, we exploit digital
holographic cytometry (DHC) to develop a tractable method for monitoring the degree, kinetics,
and heterogeneity of epithelial and mesenchymal phenotypes in adherent mammalian cell populations.
First, we demonstrate that the epithelial and mesenchymal states of the same cell line present distinct
DHC-derived morphological features. Second, we identify quantitative changes in these features
that occur hours after induction of the epithelial to mesenchymal transition (EMT). We apply this
approach to achieve label-free tracking of the degree and the rate of EMP transitions. We conclude
that DHC is an efficient method to investigate morphological changes during transitions between
epithelial and mesenchymal states.

Keywords: digital holographic cytometry; quantitative phase imaging; epithelial to mesenchymal transition

1. Introduction

During tumour progression, cancer cells interconvert between epithelial and mesenchymal
states with a high degree of plasticity based upon environmental signals [1]. These bidirectional
transitions are known as epithelial to mesenchymal transitions (EMT) and mesenchymal to epithelial
transitions (MET). Both transitions are required for the complex series of processes that result in
metastatic dissemination [2–6]. For example, EMT is involved in both tumour cell migration and
the transformation of cancer cells into a cancer stem cell (CSC) phenotype, each of which promotes
growth of new tumours at distant locations [7,8]. However, the repression of EMT and induction of
MET is also essential for metastatic colonization [3,4]. Since metastases cause most cancer-related
deaths [9] it is of vital importance to understand the EMT/MET processes. Efforts to identify candidate
therapeutics that interfere with the process are underway [10,11]. However, dependent on the stage
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and identity of each cancer cell within a tumour or a patient, inhibition of either EMT or MET could
be beneficial or harmful. Given the complexity of the transitions and their relationship to metastatic
dissemination, more comprehensive characterization of the effect of candidate therapeutics on EMT
and MET are needed.

Characterization of EMT and MET is challenging due to several types of substantial heterogeneity.
First, the processes of EMT/MET do not describe a binary toggling between two discrete states,
but rather transitions along an “epithelial-mesenchymal phenotypic (EMP) spectrum” from more
epithelial-like states to more mesenchymal-like states [1,5]. Second, cells are heterogenous in the
ease with which they can transverse this spectrum, often referred to as plasticity. Each cell line and
individual cells within a cell line population can occupy distinct locations along the EMP spectrum
and possess varying degrees of plasticity dependent on contextual signals. Third, the intracellular
gene circuits and morphological changes that define the EMP spectrum differ from cell line to cell
line [8,9]. Finally, the EMP spectrum is only one of many transcriptional programs that define a cell.
Some cancers, such as melanoma, are not derived from epithelial cells but, nevertheless, undergo an
“EMT-like” transition during metastasis [10,11]. Thus, simply defining the EMP spectrum for any
specific cellular context is non-trivial and it cannot be assumed that parameters that accurately define
EMP in one cell line apply to another.

To further develop the candidate therapeutics for clinical application, it is first essential to develop
assays capable of capturing and quantifying the degree, kinetics, heterogeneity and cell-line specificities
of transitions along the EMP axis. Defined changes in morphology, specifically the acquisition of a
spindle-like shape, constitute one hallmark of EMT that could serve as an informative feature. EMT has
been monitored in real time by fluorescence imaging of vimentin by Maier et al [12]. Both EMT and
MET have been monitored by time-lapse imaging [13,14] giving insights into the ongoing process.
Digital holographic cytometry (DHC) has emerged as a complementary technique to obtain time-lapsed
imaging for label free long-term cell analysis [15,16]. The quantitative 3D images acquired can be used to
follow morphological changes or changes in cell movement induced by therapeutic treatment [17–26].
It has also been presented as a technique suitable for classifying distinct cell phenotypes [17,23].
We have previously suggested that DHC can be used as a tool for identifying and monitoring EMT
or MET [24] by characterizing the change in cell movements. Recently, it has been suggested that
the application of machine learning techniques to DHC-derived features can detect epithelial and
mesenchymal characteristics in cell lines of unknown EMP status [25]. However, due to substantial
morphological heterogeneity between cell lines, cell types, and species, it is not obvious whether a
single model that classifies EMP status based solely on DHC-derived morphological features can be
universally applied.

In this study, we evaluated the use of DHC to track the rate, degree, and heterogeneity of
transitions within the EMP spectrum based on morphological features. Importantly, we aimed to create
an accessible approach for assessing EMP status that could be easily adjusted for different cell systems
and was not at risk of over-training as introduced by machine learning approaches. First, we monitored
mouse mammary epithelial cells undergoing EMT. Next, we trained a model to classify the degree of
EMT using DHC-derived features and applied our model to live-imaged cultures undergoing EMT.
Finally, we applied the model to five human and mouse cell lines of known EMP state and observed
substantial line-to-line variability. Our data show that DHC-derived morphological parameters can be
used to monitor the degree, rate, and heterogeneity of EMP transitions, while highlighting the necessity
for developing cell-line specific classifiers.

2. Materials and Methods

2.1. Cell Culturing

Adult human dermal fibroblasts (HDFs) (106-05a) were purchased from Sigma-Aldrich (Stockholm,
Sweden). The human renal proximal tubule epithelial (RPTE) cells (PCS-400-010), the mouse fibroblast
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cell line L929 (ATCC® CCL-1™), and the mouse mammary gland NMuMG cells (CRL-1636) were
purchased from the American Type Culture Collection (Manassas, VA, USA). The human breast cancer
cell line JIMT-1 (ACC-589) was purchased from the German Collection of Microorganisms and Cell
Cultures (Braunschweig, Germany).

The JIMT-1 cells, the HDFs, the RPTE cells, and the L929 cells were routinely cultured in
Dulbecco’s modified Eagle’s medium (DMEM)/Ham’s F-12 nutrient mixture (1:1) supplemented
with 5% heat-inactivated donor horse serum (HI-DHS) (Sigma-Aldrich, Stockholm, Sweden), 1 mM
non-essential amino acids (VWR, Lund, Sweden), 2 mM L-glutamine (VWR) and 10 µg/mL insulin
(Sigma-Aldrich), 1 mM sodium pyruvate (VWR), 50 µg/mL transferrin (Sigma-Aldrich), 0.25 µg/mL
hydrocortisone (Sigma-Aldrich), 20 µg/mL epidermal growth factor (Sigma-Aldrich), 100 U/mL
penicillin (VWR), and 100 µg/mL streptomycin (VWR). The NMuMG cells were routinely cultured in
DMEM/Ham’s F-12 nutrient mixture (1:1) supplemented with 10% fetal bovine serum (FBS) (VWR,
Lund, Sweden), 2 mM L-glutamine, and 100 U/mL penicillin (VWR), and 100 µg/mL streptomycin
(VWR). All cells were sub-cultured twice a week. The cells were kept in a humidified incubator with
5% CO2 at 37 ◦C. The HDF and RPTE cells were used between passages 2 and 7.

For imaging, cells were detached using AccutaseTM (Sigma) or trypsin/EDTA (0.05%/0.5 mM)
and then counted in a hemocytometer. Cells were cultured in 3 mL medium in 35 mm Petri dishes
(Nalge Nunc International, Penfield, New York, USA). The seeding densities were 5000 cells/cm2

for HDFs, 12,000 cells/cm2 for RPTEs, 7300 cells/cm2 for L929 cells, and 7300 cells/cm2 for JIMT-1
cells. The NMuMG cells were seeded in 6-well plates (Nalge Nunc International) at a density of
7500 cells/cm2 in 3 mL of regular growth medium.

2.2. Treatment

Transforming growth factor β (TGFβ) (240-B-002) (R&D systems, Minneapolis, MN, USA) was
kept at −20 ◦C as a stock solution of 4 mg/mL in 4 mM HCl and 1 mg/mL bovine serum albumin
(Sigma). The TGFβ type-1 receptor inhibitor SB431542 (TGFβRI) (Selleckchem, Munich, Germany)
was kept at −20 ◦C as a 20 mM stock solution in 100% DMSO. After seeding, the NMuMG cells were
allowed to attach for 24 h before addition of these compounds. The cells were treated with 0.2 or
0.5 ng/mL TGFβ, 0.5 or 1 µM TGFβRI, or 0.5 ng/mL TGFβ + 0.5 µM TGFβRI for 72 h.

2.3. Digital Holographic Imaging and Analysis

The cells were allowed to attach for 24 h prior to start of the experiment. For NMuMG cells,
compounds were added as described above immediately before imaging. The standard lid of the Petri
dish was replaced with a HoloLid™ 71,110 for Petri dishes with 35 mm diameter (Phase Holographic
Imaging AB (PHI), Lund, Sweden) or HoloLid™ 71,120 for 6-well plates (PHI). The cells were then
imaged using the HoloMonitor® M4 with a motorized stage (PHI). The HoloMonitor® M4 is a
quantitative imaging system based on digital holographic microscopy [24,26]. For imaging, the
software Hstudio™ (PHI) was used. Images were acquired at three to five locations (image frames) per
well, at time-intervals ranging from every hour to every 24 h, for a total time of 48–72 h.

The images were analyzed using Hstudio™ as follows. First, each image was segmented using
thresholding that identified each individual cell in that image. Second, based upon this segmentation,
morphological parameters for each cell in each image frame were computationally calculated. In the
Hstudio™ analysis tool, values for the 27 morphological parameters considered here are presented for
each individual cell. To develop the EMP score, we used the average values for each image frame at
each timepoint. Data were analyzed for correlations using the free software R (R Core Team, 2015).
To generate the score, we first selected four features that positively correlated with mesenchymal
conditions in the dataset obtained from a 72-hour time-lapse imaging of NMuMG cells with and
without exposure to 0.5 ng/mL TGFβ: average cell eccentricity, average cell hull convexity, average
cell roughness skewness, and average cell optical thickness max. We centered each feature set by
dividing each value within that set by the mean feature value in control conditions. We then performed
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standard min max feature scaling (Equation (1)) to restrict all values to the range 0–1 that were
then summed to generate a score in the range 0–4 with increasing values correlating with a more
mesenchymal phenotype.

z =
x−minimum (x)

maximum (x) −minimum (x)
(1)

2.4. Statistics

The computer language R was used to draw figures and for statistical analysis. p-values were
calculated using either one-way ANOVA and Tukey’s honest significant differences or two-sample
equal variance two tailed t-test using Prism 8 (version 8.4.2).

3. Results

3.1. Monitoring of Epithelial to Mesenchymal Transition Using DHC

Digital holography is a non-invasive imaging technique that provides three-dimensional
morphological data of cells in a monolayer culture. Since the technique is non-invasive and label free,
it is suitable for long term live imaging. We routinely use this technique to image adherent mammalian
cells at regular intervals for 24–72 h. The individual images from each timepoint are then segmented
and DHC-derived morphological features are calculated, so that changes in these features over time
can be monitored. To first determine whether DHC can distinguish between extreme epithelial and
mesenchymal states of the same line in a well-defined system, we cultured the mouse mammary
epithelial cell line (NMuMG) in the presence or absence of TGFβ, an established potent inducer of
EMT in this context [27–29]. This EMT can be inhibited by co-treatment with TGFβ type-1 receptor
blocker [27–29]. The cells were treated with 0.2 or 0.5 ng/mL of TGFβ for a total time of 72 h to induce the
transition of the epithelial NMuMG cells to mesenchymal cells. Figure 1e,f show that the morphology
of cells treated with TGFβ is different compared to control (Figure 1a). Specifically, control cells present
typical epithelial morphology defined by uniform round cells growing in tight clusters often described
as having a “cobblestone” appearance. In contrast, the TGFβ-treated cells were elongated, and clusters
were less compact with individual cells migrating away, which are characteristics associated with
the mesenchymal state. Cells treated with the TGFβ type-1 receptor inhibitor SB431542 [28] added
together with TGFβ (Figure 1d) are similar to control (Figure 1a). Treatment with the inhibitor alone
at either 0.5 µM or 1 µM concentration had no effect on cell morphology (Figure 1b,c), however the
higher concentration reduced the cell number.

Cells were identified in DHC images generated at 0, 24, 48, and 72 h and 27 DHC-derived features
were presented by Hstudio as output parameters. To determine which parameters demonstrated a
significant correlation with the EMP spectrum, the treatments were ordered and assigned a numerical
value in relation to increased mesenchymal features according to our own observations and published
results [27–29]. The non-treated control was set as 1; treatment with 0.5 µM TGFβRI was set as
2; treatment with 1 µM TGFβRI was set as 3; treatment with the combination of 0.5 ng/mL TGFβ
and 0.5 µM TGFβRI was set as 4; treatment with 0.2 ng/mL TGFβ was as 5; and treatment with
0.5 ng/mL TGFβ was set as 6. We then calculated the correlation coefficient between each parameter
and the EMP numerical assignment (Figure 2a). At time-point 0, no correlations were observed,
indicating that immediately after treatment the cells were morphologically identical regardless of
the condition. However, as the treatment time increased, increasing correlations between several
features and treatment condition were identified, suggesting a consistent morphological change over
time. To determine which features provided redundant information in this context, we calculated
the correlation coefficient between each pair of features (Figure 2b). We identified four groups of
features with near perfect correlation. In order to restrict further analyses to independent parameters,
one feature from each group that was correlated to the conditions was selected (Figure 2a, green
boxes). These features were cell eccentricity (a measure of cell roundness), hull convexity (a measure
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of how dome-shaped the cell is), optical thickness max (a measure of cell thickness or optical density),
and roughness skewness (a measure of cell texture). 
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0.5µM TGFβRI (d), or 0.2 (e), or 0.5 ng/mL (f) TGFβ for 24 h.
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Figure 2. Correlation matrices show the Pearson correlation coefficient for multiple morphological
parameters obtained by digital holographic microscopy for NMuMG cells cultured under different
conditions. The morphological parameters were obtained from digital holographic images acquired
at 0, 24, 48, and 72 h after initiation of the time-lapse. (a) The conditions were ranked based upon
location in the EMP spectrum. Heatmap depicts correlation between morphological parameters and
EMP rank at each timepoint. The parameters listed in bold green were selected for further analyses.
(b) Matrix depicts correlation between all morphological features at 72 h. Both the size of the circle and
the colour intensity represent the strength of the correlation (blue = positive correlation; red = negative
correlation). Three different samples were analyzed per condition using 15 images each.



Appl. Sci. 2020, 10, 4726 6 of 11

3.2. Generation of an EMP Classifer for NMuMG Cells

We next generated a simple linear classifier to combine each of the selected four morphological
feature values into a single EMP score. Features were normalized to NMuMG cells grown overnight in
standard conditions, scaled so that each provided a value between 0 and 1, and summed. As designed,
the EMP score would be lower for more epithelial cells and higher for more mesenchymal cells. We first
applied the classifier to time-lapsed DHC images of NMuMG cells grown in normal conditions and in
the presence of 0.5 ng/mL TGFβ for 72 h (Figure 3a). We observed that immediately after addition
of TGFβ, the EMP score rapidly increased then peaked around 16 hours after exposure. After this
initial declination, the EMP score remained significantly different (p < 0.00005) in the TGFβ-treated
conditions as compared to control. In contrast, control NMuMG cells presented a peak EMP score
directly after plating, which then gradually declined over the first two days in culture, indicating
that the act of passaging these epithelial cells induces a temporary mesenchymal-like morphology.
Notably, we observed substantial variation in the EMP score in all conditions, consistent with the
expected heterogeneity of EMP within a single culture. To further validate the EMP score, we applied
the classifier to DHC images of NMuMG cells grown with different concentrations and combinations
of TGFβ and TGFβRI for 24 h (Figure 3b). Exposure to less TGFβ (0.2 ng/mL) increased the EMP score,
but to a lesser degree. Also, as expected, the score was attenuated by the combination of TGFβ with
0.5 µM TGFβRI, whereas exposure to the inhibitor alone presented more epithelial scores similar to
control conditions. 
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Figure 3. An “EMP score” generated from four morphological features chosen from correlation matrixes
(Figure 2) distinguishes between epithelial and mesenchymal NMuMG cells. The treatments were
initiated at time 0 at the start of time-lapse imaging using a digital holographic microscope. (a) Images
of cells treated with 0.5 mg/mL TGFβ or control were captured every hour for 72 h. The control and
treated conditions in each time-point were compared using the two-sample equal variance t-test. At all
time-points after 11 hours (horizontal bar) p values generated from this comparison were less than
0.00005. (b) Images of cells treated with indicated conditions were captured every hour for 24 h.
inhibitor, TGFβRI. Data from 15 images over 3 experiments and bars show ±SD.

3.3. Application of NMuMG EMP Classifer to Other Lines

The above analyses demonstrate how DHC can be applied to monitor both the kinetics and degree
of morphological changes associated with EMP within a single transitioning cell line. We next sought to
determine whether the “EMP classifier” trained on NMuMG DHC-derived features generated a useful
metric when analyzing other cell lines. To challenge the classifier, we obtained four additional human
and mouse cell lines of established EMP. We used the human renal proximal tubule epithelial cells
(RPTE), mouse fibroblasts (L929, mesenchymal), adult human dermal fibroblasts (HDF, mesenchymal),
and highly malignant HER2 overexpressing human breast cancer cells (JIMT-1, mixed epithelial and
mesenchymal). The five cell lines differed substantially in their morphologies (Figure 4). The application
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of the four DHC-derived morphological features from images of these cell lines to the NMuMG-trained
EMP classifier yielded mixed results (Figure 5). The NMuMG cells scored as highly epithelial,
as expected. Similarly, HDF and JIMT-1 scored as highly mesenchymal and intermediate, respectively,
as would be expected. However, epithelial RPTE cells scored as highly mesenchymal, whereas L929
mouse fibroblasts scored as highly epithelial, affirming that a single morphology-based EMP classifier
cannot be universally applied across lines.
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Figure 4. Representative digital holographic images show the five cell lines used in the NMuMG trained
EMP classifier. The cells were seeded one day prior to start of the time-lapse imaging. Images were
acquired at time-point: (a) 48 h, (b) 24 h, (c) 24 h, (d) 24 h, and (e) 48 h of the respective time-lapses.
The scale bars are 200 µm. 
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Figure 5. EMP scores of established cell lines using the NMuMG-trained classifier. Each dot represents
the EMP score calculated from the average of all cells in an image. Fields were taken over 3 experiments.
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4. Discussion

The hallmarks of transitions along the EMP spectrum include changes in the expression of specific
extracellular matrix components, cell surface markers, cytoskeleton components, and transcription
factors. However, the identity and uniformity of these molecular changes, as well as the rate in
which these changes occur, vary dependent on cell line and condition. In addition, several canonical
EMP regulating transcription factors (i.e., Twist1/2, Zeb1/2, Snail, and Slug) frequently undergo
nuclear translocation instead of a change in expression. Therefore, assays that monitor either a single
time-point, average a population of cells, or provide qualitative metrics, each miss critical information
regarding EMP transitions. Another hallmark of EMP transitions is a change in morphology. Here we
have exploited this hallmark to establish a label-free and non-invasive assay to quantify the kinetics,
heterogeneity, and degree of the transition.

Morphological parameters as determined using quantitative phase imaging (QPI) techniques
such as DHC have previously been used to distinguish between normal cells and cancer cells as well
as to distinguish cancer in situ from metastatic cancer cells [30] with high sensitivity and specificity.
Further, DHC has proven to be a powerful method to evaluate toxicity using morphological data [31].
Since the DHC platform used here can be used inside a cell incubator, it is a powerful method to
monitor individual cells throughout a morphological transition [24]. In this study, we have used DHC
to investigate morphological differences between different cell states over time.

To apply DHC-derived feature classification to a cell state transition, we used the well-established
model of treating epithelial NMuMG cells with TGFβ to induce EMT [29]. We show that morphological
parameters could clearly distinguish between epithelial and mesenchymal NMuMG cells (Figures 1 and 2).
One useful aspect of the approach presented here is the ability to follow changes in morphology over
time using time-lapse imaging. Changes in morphology compared to untreated cells were observed
within five hours after TGFβ addition (Figure 3). This observation is consistent with a previous report
noting changes in micromotility within 5–7 h of treating NMuMG cells with TGFβ [32]. We further
observed the difference in morphology between non-treated cells and TGFβ-treated cells to peak at
approximately 16 h after addition of TGFβ (Figure 3). This ability to monitor both when the transition
initiates and peaks permits more refined selection of time-points for molecular assays.

A previous report has demonstrated that DHC-derived classifiers trained on established,
but unrelated, epithelial and mesenchymal cell lines can be used to infer the EMP status of independent
uncharacterized lines [25]. Our presented work further advances the application of DHC feature-based
classification of EMP in four important aspects. The first, as discussed above, is the addition of kinetics.
Through utilizing a well-defined system of EMT, we demonstrate distinct DHC-derived features in
the epithelial and mesenchymal states of precisely the same cells, proving the differences are the
consequence of cell state, not genetic differences between cell lines (Figures 1–3). The second is the
inclusion of both degree and heterogeneity of EMP (Figure 3). Each cell within a culture can occupy a
different state in the EMP spectrum—a phenomena that can be captured by the EMP score generated
here, but may be lost with application of binary “E or M” classifiers. An important third advancement
is the demonstration that EMP classifiers trained on one cell line are not universally applicable across
cell types and species (Figures 4 and 5). This result is fully expected based upon known molecular and
morphological diversity across lines. Indeed, the substantial morphological heterogeneity between cell
lines, cell types, and species renders the universal “blind” application of trained DHC-derived cell
state classifiers to other systems a dubitable effort. Our data suggest that interpretation of EMP status
of unknown lines using a DHC feature-trained classifier trained on independent cell lines must be
considered carefully and orthogonally validated. Ideally, when possible, each EMP classifier should
be trained on the cell line of interest. As morphological changes are but one hallmark of EMP status,
molecular methods should be used as validation.

Training a new EMP classifier for each cell line of interest is non-trivial. To aid in this endeavor,
the fourth advancement we report here, is the use of a simple linear score for assessing EMP
status. We, and others, have previously applied machine-learning techniques to develop cell state
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classifiers from DHC-derived parameters [17,25,33]. However, such approaches have limitations. First,
the broad spectrum of parameters measured by DHC, not only changes in morphology, such as area
or volume changes, but also internal changes that affect the phase shift of light, such as cytoskeleton
changes [34]—results in a feature set that can be far greater than the number of classification categories,
risking over-training of the model [35]. Second, the generation of advanced machine learning classifiers
requires specialized expertise that is not ubiquitous among cell biology research groups and is difficult
to implement in automated analysis software such as HStudio. We demonstrate here that through
rationale consideration, a simple classifier can be generated from DHC-derived features for classifying
EMP status using a linear combination of just four features. This approach should be easily accessible
to any cell biology research group.

5. Conclusions

We conclude that DHC can be applied to the study of EMP transitions. Specifically, consideration of
DHC-derived morphological features permits efficient monitoring of the rate, degree, and heterogeneity
of the transition in a label-free manner. We further provide evidence that the morphological changes
associated with EMP status are not universal across lines, emphasizing the need to optimize and
validate DHC-derived classifiers for each cell system.
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