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Abstract: Recent studies have revealed the importance of outlier cells in complex cellular
systems. Quantifying heterogeneity in such systems may lead to a better understanding of organ
engineering, microtumor growth, and disease models, as well as more precise drug design. We
used the ability of quantitative phase imaging to perform long-term imaging of cell growth to
estimate the “influence” of cellular clusters on their neighbors. We validated our approach by
analyzing epithelial and fibroblast cultures imaged over the course of several days. Interestingly,
we found that there is a significant number of cells characterized by a medium correlation
between their growth rate and distance (modulus of the Pearson coefficient between 0.25-.5).
Furthermore, we found a small percentage of cells exhibiting strong such correlations, which
we label as “influencer” cellular clusters. Our approach might find important applications in
studying dynamic phenomena, such as organogenesis and metastasis.
© 2019 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1.

Introduction

Progress in systems biology has shown that emergent cellular phenomena such as differentiation
and metastasis are driven by symmetry breaking [1]. Recent studies have revealed the importance
of cellular outliers, which might be genetically programmed to disturb normal metabolism
in a given system [2]. The development of 3D ex vivo tissue models for studying organ
development, function, and disease face challenges when quantifying individual cell growth
in highly heterogeneous systems [3–6]. It has been argued that, in developing multicellular
engineered living systems, understanding emergence requires tremendous efforts not only in
synthetic biology but also in characterization and imaging [7]. It is evident that assessing the
behavior of individual cells in relation to the surrounding tissue is imperative.
Here, we investigate, for the first time to our knowledge, spatial inhomogeneity of cell growth
rates in large populations, over several cell cycles. Understanding growth and homeostasis in
mammalian cells has been described as “one of the last big unsolved problems” in cell biology
[8]. Proliferation and differentiation are controlled by individual cells and cell populations in
subtle ways that continue to elude scientists today [9–12]. From a clinical perspective, basic
understating of cell growth kinetics and how it is modulated by disease and treatment will allow
for more targeted drug development. Existing methods provide information on the overall effects
of compounds on cell viability, but they are restricted to bulk measurements and require large
sample sizes. One common approach is using the reduction of a colorless tetrazolium salt to
yield a colored formazan, which is proportional to the number of viable cells. Although such
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assays are useful for measuring the overall cytotoxic effectiveness of a compound, they lack the
capability to measure proliferation kinetics at the individual cell level and to report on spatial
inhomogeneities in the population [13].
Measuring the individual cell mass vs. growth rate, M vs. dM/dt, has the potential to reveal the
mechanisms of coordination between cell cycle and cell growth [14,15] and determine whether
the growth rate is proportional [16–18] or constant [9,19–21] with the cell mass. Linear growth
would indicate that the rate of biosynthesis is dictated by the amount of DNA that can initiate the
transcription process [10]. By contrast, the exponential growth model is based on the assumption
that the cell mass production depends on the amount of ribosomal machinery and cytoplasm [10].
Thus, larger (heavier) cells produce more mass and accelerate in growth. In principle, linear
growth can be maintained without a size-dependent mechanism, whereas the exponential growth
requires a size-dependent mechanism to maintain homeostasis [16].
Performing direct mass measurements of individual live cells in cultures has been challenging
for several reasons, including the cell’s small size, morphological heterogeneity, adhesiveness,
and wet environment [22]. Until recently, the state-of-the-art method to assess single cell growth
rates over time was using Coulter counters to measure the volume of a large number of cells,
in combination with careful mathematical analysis [23]. For relatively simple cells such as
Escherichia coli (E. coli), traditional fluorescence microscopy techniques have also been used to
assess growth in great detail [24]. In this type of method, the assumption is that volume is a good
surrogate for mass; however, this assumption is not always valid, for example, due to variations
in osmotic pressure [25]. Recently, shifts in the resonant frequency of vibrating microchannels
have been used to quantify the buoyant mass of cells flowing through the structures [26,27].
Using this approach, Godin et al. have shown that several cell types grow exponentially, i.e.,
heavier cells grow faster than lighter ones [27]. Later, the technology was upgraded to allow for
parallel measurements of multiple cells [28]. While this method is sensitive enough to measure
individual cell growth, it cannot be applied to adherent cell lines. To meet this challenge, this
principle was extended to allow mass measurements on adherent cells by culturing cells directly
on resonating pads [29]. This benefit comes at the expense of sensitivity and throughput.
Quantitative phase imaging (QPI) [30] is an interferometric, label-free approach that has found
important applications in cell biology [31]. Cell growth has been one of the crucial applications
of QPI, especially because the method is quantitative, lacks photobleaching, and presents low
phototoxicity. The principle behind using interferometry to measure cell dry mass was established
in the early 1950s when it was recognized that the optical phase delay accumulated through a live
cell is linearly proportional to the dry mass (non-aqueous content) of the cell [32,33]. Since then,
significant progress has been made using QPI to study cell mass and growth kinetics [25,34–39].
However, despite these advances, three main limitations commonly degrade the performance
of quantitative phase imaging instruments: i) reduced contrast due to the speckle generated by
the laser sources, ii) stability of the phase measurement, and iii) the complexity of experimental
setups, which has presented practical obstacles for interoperability with existing workflows. An
ideal method will perform parallel growth measurements on an ensemble of cells simultaneously
and continuously over more than one cell cycle, quantify possible cell cycle phase-dependent
growth, spatially-dependent growth, apply equally well to adherent and non-adherent cells, and
integrate into existing workflows.
In order to study spatial correlations of growth rates in large populations of adherent cells,
we used spatial light interference microscopy (SLIM) [40,41], which satisfies the constraints
discussed above (Fig. 1(a). SLIM (CellVista SLIM Pro, Phi Optics, Inc.) is a highly sensitive
quantitative phase instrument that combines white light illumination (thus, speckle-free) with
common path interferometry (thus, highly stable) and can be implemented as an upgrade module
onto existing phase contrast microscopes (thus, easy to adopt). The instrument is fully automated
and capable of scanning large fields of view, such as multiwell plates. We applied SLIM to
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study growth in both fibroblasts (3T3) and epithelial (HeLa) cells. We found that both cell types
grow exponentially and that the mass doubling times are heterogeneously distributed in space.
The degree of correlation between the growth rates and spatial coordinate yields a quantitative
descriptor for “cellular influence” that certain cells have on their neighbors. Remarkably, we
discovered that, while most cells are not influential, a small portion of them appear to impose
their growth rates over a large area around them. Finally, we found that the epithelial line contains
a larger proportion of influential cells compared to the fibroblasts, which can be explained by
their underlying function.

Fig. 1. Time-lapse quantitative phase imaging identifies influential cells by analyzing
spatial variations in growth rates. (a) QPI images were acquired using SLIM (CellVista
SLIM Pro, Phi Optics, Inc.). The SLIM module is attached to a commercial phase contrast
microscope and introduces controlled phase-shifts with an SLM located at the position
conjugate to the objective’s back focal plane. Four such images are combined to form a
phase map. (b) We acquire time-lapse QPI data that is then segmented into clusters. To
estimate the influence of each cluster among its neighbors, we assign a growth rate to each
cluster and analyze the correlation between growth rate and distance. Strong correlations
hint that the cell may influence the growth of its neighbors. (c) “Influence” is understood as
the ability of a cluster to promote or suppress the growth of its neighbors, so that cells that
promote growth are likely to be surrounded by neighbors with higher growth rates.

2.
2.1.

Materials and methods
Microscopy

Schematic setup for SLIM (CellVista SLIM Pro, Phi Optics., Inc.) is shown in Fig. 1. The white
light from a halogen lamp is projected onto a ring condenser aperture, which is used to illuminate
the sample. At the back focal plane of the objective, a phase ring delays the incident light by
a quarter wavelength with respect to the scattered light and also attenuates it to better match
the intensities of the two interfering fields [42]. The image is delivered via the tube lens to the
image plane, where the light is intercepted by the SLIM module (CellVista SLIM Pro, Phi Optics,
Inc.). The Fourier lens L1 relays the back focal plane of the objective onto the surface of the
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spatial light modulator. Fourier lens L2 reconstructs the final image at the CCD plane, which is
conjugated with the image plane. The lenses described were customized (Phi Optics, Inc.) to
preserve diffraction limited resolution across the field of view. By displaying different masks on
the SLM, the phase delay between the scattered and transmitted components is modulated in
quadrature. The resulting four images are collated into a single image as outlined in [40].
2.2.

Cell preparation

Fibroblasts (NIH/3T3, ATCC CRL-1658) and Epithelial (HeLa, ATCC CCL-2) cells were grown
following vendor recommended procedure (ATCC). Before imaging, the cells were transferred to
poly-d-lysine coated glass bottom Petri dishes (Cellvis). After allowing for six hours of attachment
time, the cells were transferred to a thermally stabilized microscope with a mini-incubation
chamber (AxioObserver Z1, Zeiss). To avoid focus drift due to thermal fluctuations, the cells
were allowed to stabilize in the chamber for two hours before the start of imaging.
2.3.

Cell segmentation procedure

To improve our segmentation performance, we analyzed the data as a three-dimensional stack
with time as the third dimension. 3D morphological operations were performed using MATLAB
on a computer with 256 Gb of RAM. The resulting process converts the time-lapse images of
cells into “genealogical” trees, with cells splitting into branches after each division (Fig. 2).

Fig. 2. Cell growth resembles a genealogical tree when time is taken as the 3rd dimension,
with two daughter cells after the first division (red), and four daughter cells (purple) after the
second division.

To generate the stack, we perform the following operations:
1) Phase data is pre-processed using a fast halo-removal algorithm [43]
2) 2D mosaic tiles are stitched into a single image (see section on Mosaic Generation)
3) Large 2D images are down-sampled to fit into computer memory and loaded as a 3D
volume
Once the stack is ready, we perform segmentation according to the following recipe
4) A threshold is used to separate the cells from the background
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5) 3D dimensional hole filling refines the segmentation mask around the perimeter of the cell
6) A small 3D size threshold is used to remove debris
7) Cells that may have moved between time points are reconnected by applying dilation,
followed by hole filling, and an erosion step to restore the original boundary
8) A temporal size filter removes cells that have detached (died) before the end of the
experiment
9) 3D connected component analysis places a unique identifier on the remaining black and
white clusters
2.4.

Dry mass calculation and analysis

Following the procedure in [38], we recover the dry mass as
m(x, y) =

λ
φ(x, y)
2πγ

(1)

where λ is the center wavelength; γ=0.2 ml/g is the refractive increment, and φ(x, y) is the
measured phase.
2.5.

Mosaic generation

The large fields of view used in this work were assembled from mosaic tiles aligned using
software developed in-house [44]. In short, the algorithm estimates tile displacements with phase
correlation. The global alignment error, due to disagreements between tile positions, is reduced
in a least-squares fashion [45]. Following the implementation in [46] tiles are aligned through
time, and the error tolerance for displacement estimation is decreased in an interactive fashion
until the final configuration stabilizes.
2.6.

Calculating the correlation coefficient between growth and distance

Our algorithm proceeds as follows: for the ith cluster’s correlation coefficient, it finds all the
nearby clusters within a distance R (400 µm in this work) away from the ith cluster giving a
certain number of nearby clusters, N. This size scale, R, is selected by choosing the shortest
distance that results in no qualitative changes in correlation coefficients. For example, at the
limit of a very large size distance, the correlation coefficients tend to zero. Next, compute the
distances between the jth (j=1,2,. . . ,N) nearby cluster and the ith cluster by using the clusters’
mass weighted centroids. In this experiment, we observe that the clusters do not migrate over
time, and we use the centroid at the starting as the point from which distances are measured for
subsequent time points. In such a way, for each cluster, it is possible to produce a scatter plot of
growth rate and distance (Fig. 1(c)). From this plot, for each cluster, we compute the correlation
coefficient between growth and distance, which is the ith cluster’s correlation coefficient. The
covariance between distance and growth rate is cov(r, b−1 ), such that the Pearson correlation
coefficient between growth and distance is,
cov(r, b−1 )
ρ= √
σr σb−1

(2)

Applying this algorithm to the whole field of view we can project the relative influence of each
cluster on to the segmentation mask, arriving at a visual representation of cellular influence.
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Results

To determine influential cellular clusters, we monitored their growth rates relative to their
neighbors (Fig. 1(b-c)). The SLIM instrument was used to scan large fields of view of live
cells over several cell cycles (Fig. 1(b)). The goal is to generate a growth rate map of the cell
population and quantify how it correlates with spatial distance. As shown in Fig. 1(b), we imaged
and segmented the cells and compute the doubling times across the entire field of view. Then
we calculated the Pearson correlation coefficient between the growth rate and distance from the
center of the cluster. Finally, we generated a map of the correlation coefficients, which inform us
on how similar growth of certain cell clusters is with respect to their surroundings. We refer to
the clusters characterized by local minima or maxima in correlation coefficients as “influential”
(Fig. 1(c)).
We performed time-lapse imaging of two different cell lines, HeLa (epithelial cells) and 3T3
(fibroblasts), questioning whether there is a qualitative difference between spatial correlations
in cell growth in epithelial vs. fibroblast cells. Following the protocol described in Materials
and Methods, we imaged 3T3 fibroblasts grown on poly-d-lysine coated Petri dishes. The field
of view of the SLIM imaging was 16 × 16 mm2 with a resolution of 1.07 µm (Fig. 2). The
images were stitched from 11 × 13 mosaic tiles, to assemble the entire petri dish. The cells were
monitored using the CellVista SLIM system over a period of 84 hours with a scan of the entire
well performed every 30 minutes. A total of 157-time points was acquired. For accurate dry
mass measurements, we applied the real-time halo removal algorithm, as described in Ref. [43].
Next, we converted the quantitative phase maps obtained by SLIM into cell dry mass density,
as described in Materials and Methods. Figure 4 shows the dry mass density map associated
with the 3T3 cell population, at the 42-hour mark, and different zoom levels. We developed an
in-house algorithm for segmenting the cells into clusters. First, the dry-mass maps were binarized
using a threshold to select all pixels slightly above zero mass. Next, the binary masks were filled
to remove “holes” and objects smaller than a certain threshold were removed to eliminate the
effects of debris (see Materials and Methods for details). The resulting masks were dilated with
a disk structure element of radius 4 µm, followed by a second hole filling step. The resulting
segmentation is shown in Fig. 4(b). We further refined our segmentation by including temporal
information. With the understanding that cells are bound to the surface but debris and dead
cells can detach, we used the following rules to segment clusters: 1) So long as a given cell
group consists of more than a hundred pixels and exists in more than 154 (out of 157) images,
we assume that the binary mask corresponds to a cellular cluster. 2) Any two different clusters
should not overlap at any time. 3) The number of the clusters is expected to remain constant for
the duration of the experiment. Using this procedure, we recorded 459 clusters for the experiment
on the 3T3 culture presented in Figs. 2–5.
Once the cells were segmented, we plotted mass vs. time and confirmed that the growth curve
is an exponential (Fig. 5). Thus, we assign a “growth rate” to each cluster, as defined by the mass
doubling rate, b, from the fit with the exponential equation
m(t)/m0 = 2bt

(3)

In Eq. (1), m(t) is the dry mass of the cluster at moment t, m0 is the initial dry mass of the
cluster, and b is the coefficient which represents the growth rate as an inverse doubling time (in
h−1 ). As discussed in [47], this exponential model is applicable when plating at low densities,
before contact inhibition and other confluence related factors cause cell growth to plateau. As
dying or otherwise disappearing clusters are removed during segmentation, we expect the growth
rate to remain positive for the duration of the experiment. Therefore, we apply a “non-negative
growth” prior. Specifically, we enforce the rule that the measured dry mass can never decrease
and determine the growth rate from the adjusted curve (green), as shown in Fig. 5(b). Figure 5
shows a time-lapse sequence of a typical cluster with a growth coefficient of b = 0.04 h−1 . This
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Fig. 3. Quantitative phase image of 3T3 fibroblasts. The phase map of the whole petri
dish was reconstructed from mosaic tiles assembled by an in-house software. Data was
acquired with a 5X/0.15NA objective.

Fig. 4. Dry-mass and segmentation. (a) Cellular dry mass is proportional to the phase
of halo-corrected slim images. A representative position of the sample at increasing zoom
levels. (b) Segmentation is performed by a series of morphological operations as discussed
in Results.
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Fig. 5. Estimation of dry mass doubling time from time-lapse SLIM images. (a) Phase
maps of a single cluster at the times indicated. (b) Relative dry mass change vs. time
for a given cluster normalized by the first time point (Calculated Dry Mass). To account
for phase-wrapping in dividing cells, we compensate the dry mass so that the total never
decreases over time. The final doubling time coefficient is estimated form this compensated
curve.

b-value corresponds to a 25 hour doubling time, which is in good agreement with the expected
cell count doubling times for 3T3 cells [48]. However, we do not expect the mass and count to
double at the same rate, as the mass per cell may vary with time (see, e.g., Ref. [36]).
Figure 6 shows the growth coefficients, b, for each cluster projected onto the segmentation
map at the start, middle (t = 43 h), and end of the experiment. In this experiment, the distribution
of cell mass doubling coefficients (b) indicates that most clusters have a growth rate of 0.03 h−1 ,
which implies most of the clusters will double in mass within 33 hours.

Fig. 6. Timelapse cell growth with projected growth rates. (a) Calculated growth
coefficient, b, is projected onto the black and white segmentation to produce a time-lapse
sequence showing the spatial distribution of cellular growth. (b) Histogram of growth
coefficients.
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To visualize the relative influence of clusters on their neighbors, we determine the correlation
between the growth rate, b, and the distance from the cluster center, r. This analysis is the main
result of the work. The hypothesis behind this approach is that cells will promote or suppress the
growth of their neighbors, leading to a relationship between the growth of the cluster’s neighbors
and the distance from the cluster. If the Pearson correlation coefficient of b and r is negative, the
cluster can be understood as suppressing the growth of its neighborhoods, as moving towards the
cluster results in decreasing growth. If the correlation coefficient of a cluster is positive, cells

Fig. 7. Projection of cellular influence (see also Visualization 1, Visualization 2, and
Visualization 3). (a) Correlation coefficients for the 3T3 culture are projected onto the
segmentation map at the end of the experiment. This gives a spatial distribution of correlation
coefficients. (b) Histogram of the correlation coefficient for all 3T3 clusters. (c) Correlation
coefficients for the HeLa culture are projected onto the segmentation map at the end of the
experiment. (d) Histogram of the correlation coefficient for all HeLa clusters. (e) When
comparing the population statistics, as a percentage of the population described by the
influence value, it is apparent that 3T3 cells composed of a population with weakly coupled
(low p) clusters, while HeLa cells have a larger tail distribution indicating more, highly
coupled clusters.
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nearer to the cluster have higher growth rates, hinting that the cluster is promoting growth. When
no strong relationship exists, the cell cluster is not “influential”.
We performed the same analysis on a commonly used line of epithelial cells (HeLa cells). The
results of are shown in Visualization 1, Visualization 2, and Visualization 3, showing the phase
map, growth rates, and projection of the magnitude influence. The distribution of the correlation
coefficients for all clusters is shown in Fig. 7(b, d). From Fig. 7, we can see that while most
clusters do not have substantial influence over their neighbors (| ρ|<0.3), several clusters exhibit
substantial correlation coefficients (Fig. 7(a), red) marking them as cells of interest. A typical
cluster has approximately 20 neighbors, which for a ρ = 0.5 implies a 0.95 confidence interval of
[0.04,0.78] [49].
4.

Discussion

In this work, we presented a quantitative analysis to determine influential cells from time-lapse
measurements of cellular dry mass. Due to the high quality of the SLIM images, we can use lowmagnification objectives, enabling us to rapidly digitize large areas with reduced photo-toxicity.
From these data, we can directly measure the mass of individual cells over an entire petri dish
through several cell cycles. Furthermore, as phase maps are interferometrically normalized,
the processing is straightforward with adequate results achieved using simple morphological
operations. Note that such studies on large populations of adherent cells are impossible to
perform using vibrating cantilever techniques. Previous reports showed that fibroblasts respond
to signals from epithelial cells [50]. Studying the co-culture of epithelial cells and fibroblasts are
the subject of current investigation.
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