9 eLife

Reviewed Preprint
v1 e March 17,2025

Not revised

For correspondence:

mattia.miotto@roma’.infn.it

Competing interests: The authors

declare no competing interests

Reviewing editor: Jan Brugués,
Technische Universitdt Dresden,

Germany

© 2025, Caudo et al. This article is
distributed under the terms of the
Creative Commons Attribution
License, which permits unrestricted
use and redistribution provided that
the original author and source are

credited.

3'®

Robust assessment of asymmetric
division in colon cancer cells

Domenico Caudo'2, Chiara Giannattasio®', Simone Scalise'2, Valeria de Turris', Fabio Giavazzi?,

Giancarlo Ruocco’?, Giorgio Gosti®, Giovanna Peruzzi', Mattia Miotto'
TCenter for Life Nano & Neuro Science, Istituto Italiano di Tecnologia, Rome, Italy * 2Department of Physics, Sapienza
University, Rome, Italy * 3Department of Medical Biotechnology and Translational Medicine, University of Milan, Milan,

Italy « 4Istituto di Scienze del Patrimonio Culturale, Consiglio Nazionale delle Ricerche, Rome, Italy

eLife Assessment

This study presents a useful method based on flow cytometry to study partitioning noise
during cell division. The evidence supporting the claims of the authors is incomplete, as
the method neglects other sources of noise present in cells. With the theoretical part
extended, this paper would be of interest to cell biologists and biophysicists working on
asymmetric partitioning during cell division.

https://doi.org/10.7554/eLife.104528.1.sa3

Abstract

Asymmetric partition of fate determinants during cell division is a hallmark of cell differentiation.
Recent works suggested that such a mechanism is hijacked by cancer cells to increase both their
phenotypic heterogeneity and plasticity and in turn their fitness. To quantify fluctuations in the
partitioning of cellular elements, imaging-based approaches are used, whose accuracy is limited
by the difficulty of detecting cell divisions. Our work addresses this gap proposing a general
method based on high-throughput flow cytometry measurements coupled with a theoretical
frameworks. We applied our method to a panel of both normal and cancerous human colon cells,
showing that different kinds of colon adenocarcinoma cells display very distinct extents of
fluctuations in their cytoplasm partition, explained by an asymmetric division of their size. To test
the accuracy of our population-level protocol, we directly measure the inherited fractions of
cellular elements from extensive time-lapses of live-cell laser scanning microscopy, finding
excellent agreement across the cell types. Ultimately, our flow cytometry-based method promise to
be accurate and easily applicable to a wide range of biological systems where the quantification of
partition fluctuations would help accounting for the observed phenotypic heterogeneity and
plasticity.

I. Introduction

Asymmetric cell division is referred to as the mechanism by which a mother cell splits into two
daughter cells with distinct cellular fates. As first shown by Edwin Conklin [1], this process is
usually achieved by asymmetric inheritance of intrinsic cell fate determinants, like specific
proteins or RNA, and plays a crucial role during the organisms’ development, favoring cell
differentiation and self-renewal [2, 3].

Increasing evidence is vouching for a more ubiquitous presence of fluctuations in the partitioning
of cellular elements. Indeed, asymmetric segregation has been observed in non-differentiating cell
differential segregation of cellular components has been linked to antibiotic resistance [8].
Similarly, Katajisto et al. [9], studying the partition of mitochondria in mammalian epithelial stem-
like, found that asymmetric segregation of older mitochondria enables cells to protect themselves
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from aging by preventing the accumulation of misfolded proteins. Asymmetric partition of
centrosomes has been observed in human neuroblastoma and colorectal cancer stem cells,
controlled by polarity factors and influenced by the segregation of subcellular vesicles during cell
division [10].

To quantify the strength of fluctuations at division, the common route goes through fluorescence
microscopy measurements of either fixed or live cells, where fluorescent dyes are used as a proxy
for the cellular element of interest. The partition statistics are then estimated by looking at the
fraction of fluorescence intensity inherited by the two daughter cells [11, 12]. This approach is, in
principle, much informative; however, it needs the (often manual) identification of hundreds of
division events to be reliable: a time-consuming procedure that dampens a wide characterization
of the partition statistics of different cell types.

To cope with these limitations, we propose using high-throughput flow cytometry measurements
to quantify the fluctuations in the partitioning of cellular components. In particular, flow
cytometry has already been applied to study asymmetric division in specific cellular systems: Yang
et al. [5], sorted budding yeast cells to analyze the differential segregation of proteins between
daughters cells, while Peruzzi and coworkers first applied multi-color flow cytometry to show that
leukemia cells divide mitochondria and membrane proteins asymmetrically [13]. Here, we
generalized the protocol to adherent cell types and probed its accuracy by comparing the
measured fluctuations to those observed with extensive time-lapse microscopy experiments on a
panel of normal and cancerous epithelial cells.

Our work shows that (i) there is an exact, analytical expression linking the inherited cellular
components distribution dynamic to the specifics of the partition process. Based on this result, we
(ii) proposed an experimental protocol to tag with fluorescent dyes cellular components and
measure the dynamics of fluorescent distribution, whose analysis allows for the accurate
estimates the degree of asymmetry in the partition process. Applying our method to a panel of
both normal and cancerous human colon cells, we found that (iii) different lines of colon
adenocarcinoma display very distinct extents of fluctuations in the cytoplasm partition, that
reflect in (iv) different degrees of asymmetric division of their size.

II. Results

A. Modeling cells population dynamic in presence of partitioning
noise

We look for a theoretical framework able to describe the time evolution of a cell population and its
dependence on the partitioning process. In particular, we consider a population of cells
characterized by a certain initial distribution, P (m), of element m. Monitoring the time evolution
of the abundance of specific cellular elements over multiple divisions in single-cell experiments, it

production and degradation processes along the duration of the cell growth phase; and (ii) non
identical apportioning of the components between the two daughter cells. Here, we will assume
that the components number varies only due to the partition events and look for a quantitative
description of the evolution of the element distribution. Such an assumption allows us to neglect
the time between divisions and reduces the dynamics to a progressive dilution of the components
numbers in subsequent generations. Note that it is possible to model the complete growth and
division process (see for instance refs. [15-17]), but it is more difficult to separate the different
sources of noise.

Each cell i of the population divides into two daughter cells that we can label unambiguously as 2i
and 2i + 1, which inherit respectively m,; and m,;,; components. The process, exactly at division,
must conserve the total number of elements, i.e. m; = my; + my;,q and we call partitioning fraction
the quantity f = Z’ni To model noise in partitioning, we assume that at each division a random
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value for fis extracted from a probability distribution function, II(f). Given these assumptions, we
can write the probability distribution of the components number of a daughter cell m after g
divisions from the mother M as:

1
291

Py(m) = (57 Z / dMP (m|M) P, (M) @

where P, (M) is the components distribution at generation k and it is given by the sum of the
distributions of all siblings cells of the k-th generation. After g generations, the cell lineage
generated from cell i forms a lineage tree composed of ng = 28 cells. Without losing generality, the
division probability can be expressed, as:

P (m|M) = / 5 (m— ) T (£) df. @

Therefore, we can write the probability distribution, P (m), of the daughter cells inheriting a
fraction, f, of the mother elements:

P(m) = [ afadsm— 0 T](4) P (1) @)

As is often the case, it is convenient to characterize the distributions in terms of their moments

mean of the daughter cell 2i components distribution can be expressed as:

poi = Emy] = /P(in) ma; dmy;

:/dfdmi dma; m2i6 (mai — fma) [ ] (F) P (mi) @

— B[f| Blmi] = ps

Where E[-] stands for the average. Note that every computation can be symmetrically done for the
cell 2i + 1. Thus, we have that in a single partition, the mean number of inherited elements of the
daughter cells depends on the asymmetry of the II(f) and on the mean of the P(m;).

In Figure 1(d) 2, we show the evolution of the components number distribution at different

generations. The II(f) chosen for the simulation is a Cauchy distribution with location z, =  and
scale y = 0.7.

The total distribution is the sum of 28 sub-populations which derives from the division process.
For example, if we assume [] (f) = %(6 (f) +d(1— f)), after one division we would have a
population distributed around fi1; and one at (1—f)y;. After two division the populations would
grow to four sub-populations centered in fzyi, fa—ANu; Q- Hfy;and (1 — f)zyi and so on.

To compute the mean relative to an entire generation, we need to sum over all the different sub-
populations:

1 &
o= 55 DMy ®)

Appendix for the full computation):
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where p is the mean of the initial population. It is relevant to notice, that independently of the
characteristic of I1(f), the mean always halves itself at each generation. This result is simply
understood considering that for each cell that inherits a fraction f’ of the compound, its sisters
inherit a fraction 1 - f’. Hence, at every division, the compound counts is diluted by an average
factor of 2 in the population, and partition distributions with different properties lead to the same

the first moment. We thus moved to consider the second moment, i.e. the variance. Similarly to
what is done for the mean, the variance of the inherited fraction of elements can be expressed as:

U%i =E [mgi] - E[m%]Q
= /df dm; dma; m2,8 (ma; — fm;) H (f) P(m;) — foﬂ? (7)

= B[f? B [m?] — w2 = B[f?] 0? + 2o’

and in turn, the variance of a generation, starting from the consideration of the variance of a
mixture of distributions can be written as (see Supplementary materials for details):

29

1
0§=§;(0§,k+u3)—u3=14g—ﬂ3 ®)

with
A, = ii(& +1d) 9
g9 — 29 - g,k .ug ( )

It is possible to obtain a recursive equation for A, (see Appendices), Ag = Ag_lE[fz] = AOE[fz]g which
leads to a compact form for equation [A8] 3:

o2 = uf (B[4 — (1/2)*) + 3 E[f*)° (10)

distribution for the entire cells population at generation g, to the properties of the II(f). It is
interesting to highlight that there’s no dependence on the symmetric properties of the process. Up
to this order, the only relevant feature that shapes the dynamic is the extent of the fluctuations.
Indeed, as shown in Figure 1(e) @, the same II(f), but with a different variance shows a different
behavior for US. Our analytical results show that the dynamical behavior of the population
variance depends non-trivially on the second moment of the underlining partitioning distribution.
The next section will be devoted to demonstrating, how this condition can be exploited in

experiments to measure the partition noise component.

B. Measuring fluctuations via flow cytometry

As shown by Peruzzi et al. [13] for leukemia cells growing in suspension, it is possible to use flow
cytometry to follow the evolution of properly marked cellular elements in time. Here, we
generalized the protocol considering a panel of colon cell lines, i.e. Caco2, a human epithelial
colorectal adenocarcinoma cell line; HCT116, a human colorectal carcinoma cell line; and CCD-
18Co, a normal human colon fibroblast cell line. To measure the degree of asymmetric division, we
marked cells’ cytoplasm via a fluorescent dye and followed its dilution through successive
generations. As explained in detail in the Materials and Methods section, the experimental

procedure we used is based on the following main steps: staining of the selected compound,
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Fig. 1. Modeling partitioning noise at cell division.

a) Schematic representation of the growth and division process of a mother cell. The cell undergoes an initial phase of
duplication, where its internal elements are multiplied, followed by a division phase, where these elements are partitioned
between the two daughter cells. One daughter inherits a fraction p of the mother elements, while the other receives the
remaining fraction g = 1 - p. b) Idealized behavior of the components number of a cell element over time, considering three
different noise terms: fluctuations in compound counts during growth, uncertainty in the timing of division, and noise in the
compound’s partition fraction. c) Microscopy images of a single cell division event for an HCT116 cell, whose cytoplasm is
stained with Celltrace Yellow. d) Time evolution of the distribution of the components number of a cellular element for a
population of cells subjected only to partitioning noise. The distribution used for the simulation is a Cauchy distribution with
location zo = % and scale y = 0.07. e) Examples of partition distributions I, with increasing coefficient of variation. f) Mean

(1g) and variance (ag) of the components number as a function of the generations, g, for the proliferation of a population
subject to different partition noise distributions. Different colors correspond to distributions with varying coefficients of
variation, as represented in the top panels. The dashed line represents the theoretical behavior obtained from the model.

Dots are colored according to the distributions shown in panel e).
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sorting of the initial population, plating, and acquisition of the distinct populations in the
following days. The sorting allows us to have an initial population with a narrow peak at a specific
fluorescence intensity.

To achieve this, we used fluorescence-activated cell sorting (FACS) to isolate a specific cell
population based on cell morphology and fluorescence intensity. The sorted population is divided
into distinct wells, one per acquisition, in equal numbers and kept under identical growth
conditions to mitigate inoculum-dependent variability among samples [18]. Figure 2(a) 2 shows
an example of the time course dynamics obtained with HCT116 cells (see Methods for details).
Each distribution represents a different acquisition of a whole well at increasing times from
plating (0 to 84 hours from the bottom to the top). It is possible to neatly observe the succession of
peaks associated with different generations that succeed one another and the average decrease of
the fluorescence intensity. Note that different generations can coexist at the same time point. One
can spot the flow of cells towards higher generations and the behavior of the peak heights, which
grow over time, reach dominance and then decay. The shift on the y-axis allows to follow the
evolutionary dynamics while being able to see the overlapping of the same generation at different
time points.

As in each measurement, the distribution of fluorescent intensity is a mixture of distributions
corresponding to different generations:

= ; woP (fg) an

To obtain the necessary information on the properties of each generations we performed a fitting
of the data via a Gaussian Mixture Model (GMM) combined with an Expectation Maximization
algorithm (details are explained in “Materials and Methods”). Indeed, assuming that each
generation is log-normally distributed with mean y, and variance o2 of the corresponding

Gaussian distribution, equation 11 & can be rewritten as :

p(loga (f)) Z myN (loga (fy) [1gs o) -

An example of the outcome of the GMM algorithm is shown in Figure 2(b) & for two acquisitions
(48h and 60 h from plating). Blue-shaded distributions represent experimental data, while the best
solution of the Gaussian mixture is shown with a solid line. Each generation’s fit is identified with
a different color. Upon an overnight, we can identify generations 0, 1, and 2 in both the
acquisitions. One can see that their relative fractions changed: generation 3 became dominant

overnight and generation 4 appeared.

Figure 2(c) @ shows the behaviors of Ug and o, as functions of the generation number g for three

independent replicas of the time course experiments with CaCoZ cells. Dashed 1ines represent the
probability, II(f). The outcomesoftheflttlng procedure on the time course dynamic for all the
replicas of three studied cell lines are reported in Figure 2(d) . In particular, Caco2 and CCD18Co

cells show a higher degree of asymmetry with respect to HCT116 as measured by the division
asymmetry of the corresponding partition distribution.

C. Validation of the method via live fluorescence microscopy

The flow cytometry-based protocol combined with the theoretical model provides insights into the
properties of the cell partition function (see Figure 2(3). To validate our approach, we performed
extensive live time-lapse microscopy experiments to measure the partition fraction of a labelled
compound during proliferation, providing a direct measure of the II(f). Specifically, we aimed to
follow a growing cell colony over time, detect divisions, evaluate the fluorescence intensity of
mother and daughter cells, and calculate the inherited fraction. The detailed experimental

procedure is described in the Materials and Methods. Briefly, cells are stained for the cytoplasm
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Fig. 2. Quantification of partitioning noise via population-level measurements.

a) Time evolution of CellTrace-Violet™ fluorescence intensity distribution measured in a flow cytometry time course
experiment for a population of HCT116 cells. Time progresses from the darker shade of blue to the lightest, spanning from [0,
84] hours (bottom line to top). b) Snapshots of the evolution of the distribution of CellTrace-Violet fluorescence intensity
measured in a flow cytometry time course experiment for a population of HCT116 cells. Experimental data are represented by
the light blue histogram, while the best-fit Gaussian Mixture Model is displayed as lines, with different colors representing
different generations. c) Mean (left) and variance (right) of the intensity of the fluorescent markers as a function of
generations, normalized to the initial population values. Each replica of the experiment is identified by a different color and
point marker’s shape. The experiment showed are conducted on Caco2 cells and the points correspond to the mean values

measured via the percentage of the coefficient of variation.
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and are plated at low density (approximately 102 cells/well) on IBIDI cell imaging chambers (u-
Slide 4 and 8 wells). After 24 hours (sufficient time for complete cell adhesion to the slide) the
wells are washed, the media is renewed and live imaging acquisition time-lapse is started.
Multiple fields are followed in each well, and for each field, we acquire a z-stack bright-field and
fluorescence image (a single plane is shown in Figure 3a @) at constant intervals (20 min) for 3
days. The fields are manually selected at the beginning of the acquisition based on cell density and
fluorescence intensity. The recorded time lapses have been then manually analyzed to identify
divisions. A sample outcome of the analysis procedure is shown in Figure 3(b) . The total
fluorescence of the cells is displayed as a function of time, before and after the division. The
mother cell fluorescence decays exponentially over time and at division it halves due to
components partitioning between the two daughters. In this specific case, we can observe that the
fraction of cytoplasm inherited by the two cells is not equal, indicating an asymmetrical division.
To compute the partition fraction f, we fit the fluorescence intensity of the daughters’ cells vs time
with:

log (I2i (t)) = mt + qai 12)

log (I2141 (t)) = mt + ga111 (13)

where I(t) is the fluorescence intensity at time ¢, m accounts for the decaying process and 2i and 2i
+ 1 respectively refer to the two daughter cells. We constrain the slope to be the same between the
two cells. The fraction of inherited fluorescence, f, is obtained as :

6421'

foi = ——————and fai11 = 1 — fo (14)

eq2 + e+l

To ensure the highest possible accuracy, we (i) measured the total fluorescence of the mother cell
and those of the two daughter cells for at least 2 hours before and after the division event to
increase the determination of the fluorescence splitting for each detected mitosis. Moreover, (ii)
we removed all dynamics that showed an absolute Pearson correlation value between luminosity
and pixel size higher than 0.9 as a function of time (see Supplementary Information). In fact, single
cell’s pixel size, which corresponds to the cell size projection on the focal plane, is found to shrink
before mitosis and enlarges after division. Fluorescent intensity is instead proportional to the
number of stained cytoplasmic proteins, which are expected to remain constant (except for a
constant decay of the fluorescence). Therefore, a high correlation between pixel size and

strip plot of the obtained partition fraction, f, for Caco2, HCT116, and CCD18Co cells, randomly
spread on the y-axis, and their corresponding fitted II(f) distributions (top). Note that via
microscopy imaging, it is possible to measure the whole partition distribution and not just its
moments; however, hundreds of events are required to get a reliable estimate. Here, we
characterize it by fitting the data with a double Gaussian distribution of the form:

N(f,o)+ N(1—f o)
2

N(1/2,0) =

that allows for the measure of both < f> and af, =0+ f2 - f-1/4

The fitted distributions clearly show how HCT116 cells are the most symmetric with only one
central and narrow peak, while for CCD18Co and CaCO2 cells two asymmetric peaks are visible,
associated to higher fluctuations. In Figure 3(d) 2, we compare the outcomes of the flow

cytometry vs microscopy measurements. For all three cell lines, the found degrees of asymmetry
are statistically consistent between the two approaches.
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Fig. 3. Quantification of partitioning noise via single-cell measurements.

a) Example of a recorded cell colony of HCT116 cells in brightfield (left) and on CTFR fluorescence (right). b) Cell cytoplasm
fluorescence intensity as a function of time for a cell before and after division. Dark green circles correspond to the
fluorescence intensity of the mother cell up to the division frame, and then to the sum of the daughters’ fluorescence. Lighter
green triangles and squares represent the fluorescence intensity of the daughter cells. Solid lines are the linear fit of the
points. The intercepts of the linear fit are used to compute the fraction of tagged components inherited by the daughter cells.
The time is counted from the start of the experiment. ) (bottom) Strip plot of the distribution of the inherited fraction of
cytoplasm for the different cell lines. The points are randomly spread on the y-axis to avoid overlay. (top) Fit of the inherited
fraction distribution with the sum of two Gaussians with mean symmetric to 1/2. d) Comparison of division asymmetry
obtained with time-lapse fluorescent microscopy measures (striped bars) with the ones obtained from flow cytometry
experiments (plain bars). The flow cytometry bars are obtained as the mean over the multiple conducted experiments.
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D. Size division bias accounts for cytoplasmic fluctuations

To investigate the observed fluctuations in the partition of the cell cytoplasm, we start by recalling
that the used dyes bind a-specifically to cytoplasmic amines. Thus, (i) it is expected to be uniformly
distributed in the cellular cytoplasmic space and (ii) the number of labeled cytoplasmic
components can be considered large. In this framework, the least complex model one can assume
is a binomial one with the parameter p, measuring the bias in the process. Via equation 102 we
got a direct link between the measurable variance of the population and the second moment of the
underlining partition probability distribution, II(f). Henceforth we sought for a relationship

between the second moment of II(f) and the parameters of the binomial distribution.

To begin with, we can write the partition distribution for the fraction of inherited component,
assuming a level of asymmetry p (g =1 - p), as:

[Th=5TI0"+ T, (15)

As we have already observed in the general model, due to symmetry, < f>= 1/2 for any form of the
II(). No information on the system can be obtained by looking at the first moment.

For the second moment, we note that the variance af}’ of a single branch of the II(f) is:

0-2(?) =< f2 >(P) —< f >2(P)

(16)
:/dNiU%N(p)P(Ni)

where P(V}) is the probability distribution of the mother’s components number at the moment of
division, while U;‘ N (), is the variance of the II()P given the number of internal component N;in

the mother cell.

Recalling that my; is the number of inherited intracellular components of one of the two daughter
cells, the partitioning fraction f'can be expressed as f'= m,;/N; which leads to:

J%NI P=< 250 — < f>20)

a7
= 370n V= Nipg = §-
Therefore, by substituting it into equation B2 2 we obtain:
2p) 1
o= = pq dNiFP(Ni)a (18)
1

Which explicitly depends on P (N;) and coherently returns o) = % for P(N}) = §(N; — N).
An equivalent computation can be done for the symmetric branch (6%®)). The variance of the full
distribution is given by:
or=<frP>—<f>?
_1 2 2 1
_E(<f >(P)_<f >(‘Z))_Z (19)
1
:pq/dNiEP(Ni) b2 1

Note that this relationship depends on the integral:

S () = [ aNig-P ()
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which requires the knowledge of the mother element distribution P(N;) to be computed. To get an
idea of its behavior, we observe that assuming a population of cells with a fixed number of
elements before division, i.e. P(N;) = §(N — N;), the integral simply goes as 1/N; in a more realistic
scenario, the elements can be considered log-normally distributed, P(N;) =

L__exp ( —(In(N)—p)*)

202
N; 27m§\,i N;

) . as that the log-normal distribution is the limit distribution for the

product of random variables, similar to what happen to number of tagged components in a cell as
product of the inherited fraction of all the previous divisions. In this case, one gets the following

expression for o:
o2 — 2 2
N2 [ —erp | AT a + P29 e - (20)
\% (2>0Ni 2 4

The quantity o, is obtainable from flow cytometry/microscopy measurements. If the total cell
fluorescence is I and F is the fluorescence intensity of each component, thenI = N; Fand o7 = 0%,

| =

2 _
O'f—

where p =< log(N;) >.

value of £(NV) as a function of N for fixed values of o, one can see that already for N = 100, the
role of £(N) is negligible. In general, for the partitioning of components characterized by a great
components number this factor can be neglected. In this regime, the expression for a?r becomes:

a?:———. 21)

By inverting this relationship, we obtained a general mapping between the variance and the level
of asymmetry of the binomial distribution.

1

me".;lsurements, showing that also for the binomial approximation the two methods are
compatible. CaCO2 cells confirm to be as the most asymmetric among the cell lines and since they
are known for their heterogeneity in cell morphology [19], we explored the hypothesis of shape

of division examined through time-lapse fluorescent microscopy following cytoplasm.

Different time frames are overlaid to depict the entire dynamic at once, with time progressing
from the bottom left to the top right of each image.

We computed the pixel size ratio between the daughters cells in the last studied frame and
compared it with the fraction of inherited cytoplasm from the mother cell. Although pixel size is a
rough proxy for cell volume, we observe that the cell inheriting a larger fraction also displays a
greater size. This finding leads us to conclude that asymmetry in cytoplasm partition is linked to
size fluctuations, where size dictates the observed bias in the segregation processes.

III. Discussions

Cell division is orchestrated by hundreds of molecular interactions, which are intrinsically
stochastic processes [20]. The presence of such stochasticity results in the insurgence of variability
among the cells phenotypes sharing the same genome, as it is the case for cancer cells. In this

such noise sources, proliferating cells are subject to the fluctuations originated by the partition of
cellular elements at division. Analysis of this partition noise highlighted that under some
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circumstances, its contribution exceeds the others in creating heterogeneity [14, 24]. In fact,
asymmetrically dividing cells can produce daughters that differ in size, cellular components, and,
in turn, fate [25]. In this framework, the origin of such asymmetry may be ascribed to the basal
stochasticity of molecular processes taking place at different levels during the division and/or to
specific, evolutionary-conserved mechanisms used by cells to control cell fate and generate
diversity [3, 26]. In fact, asymmetric partitioning of components alters the initial counts of

molecules in the following cell cycle, which can lead the system to a different phenotypic state [27,

Here, we show that an accurate determination of partition fluctuations can be obtained via
standard flow cytometry measurements of properly marked cell populations. Our approach is
easier and faster with respect to the use of microscopy imaging, which requires the acquisition
and analysis of extensive recording of the cells, ultimately limiting the reachable statistics in
contrast to the high-throughput readouts of flow cytometry. Moreover, most of the microscopy-
based approaches use fixed cells and measure the inherited fraction of fluorescence from a single
snapshot of dividing cells. Notably, comparing the degree of asymmetry in the division of the
cytoplasm in the three different analysed cell types, we found that microscopy-derived
fluctuations are systematically higher than those measured by flow cytometry. While this could be
linked to the different used protocols, it seems more probable that the difference is due to a
systematic overestimation of the fluctuations measured by microscopy due to its lower statistics.

From a biological point of view, the segregation statistics among the analysed colon cell types are
neatly distinct. CaCo2 cells exhibits the highest degree of cytoplasmic partition fluctuations, while
HCT116 division is the one with lowest asymmetry. It is interesting to note that normal colon
fibroblasts sit in between, suggesting that the cancer-associated dis-regulation of the normal cell
activities leads to the reactivation of asymmetric cell division in a cancer-specific manner. Indeed,
CaCo2 cells are known to display a markedly heterogeneous distribution of phenotypes [19].

To get insights on the possible mechanisms behind the observed asymmetries, we looked for
specific shape of the partition distribution. Following a maximum entropy approach [20, 29, 30],
we started by considering the distribution that employs the fewest assumptions about the system,
i.e. we consider independent segregation, which directly maps into binomial partitioning. Indeed,
this is a common assumption in segregation models that traces back to the pioneering works of
Berk [31] and Rigney [32]. Notably, our results indicated biased segregations, with colon cancer

cells displaying different biases.

To explain the origin of those biases, we looked at relative sizes between the daughter cells right
after division. The found correlation between daughter sizes and the fractions of inherited
fluorescence vouches size as the origin of the observed biased segregation.

In conclusion, by combining experimental data with statistical modelling, we show how it is
possible to use flow cytometry data to extract reliable estimates of the strength of fluctuations
during cell division. Our approach has the potential to be applied to different cell types where a
quantification of the level of division asymmetries daughter cells can experience may provide new
insights into the mechanisms of asymmetric cell division and its role in cancer heterogeneity and
plasticity.

IV. Materials and Methods
A. Cell Culture

Caco-2, colorectal adenocarcinoma cell line, was purchased from ATCC (Manassas, VA, USA, HBT-
37) and maintained in complete culture media DMEM (D6046) containing 20% FBS,
penicillin/streptomycin plus glutamine, nonessential amino acids (NEAA) and sodium pyruvate, all
1/100 dilution. HCT116 VIM RFP, colorectal carcinoma cell line, was purchased from ATCC
(Manassas, VA, USA, CCL-247EMT) and maintained in complete culture media McCoy’s 5A (M9309)
containing 10% FBS, penicillin/streptomycin plus glutamin.
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CCD-18Co, colon fibroblast cell line, were purchased from ATCC (Manassas, VA, USA, CRL-1459) and
maintained in complete culture media DMEM containing 10% FBS, penicillin/streptomycin plus
glutamin, nonessential amino acids (NEAA) and sodium pyruvate, all 1/100 dilution.

All cells were kept in culture at 37°C in 5% CO2 and passaged according to the experimental
protocol. For all experiments cells were harvested, counted, and washed twice in serum-free
solutions and resuspended in room temperature (RT) PBS w/o salts for further staining.

In detail, to detach cells from culture flasks we used Trypsin EDTA 0.25%. Culture media was
removed and the flasks were washed once with PBS, then Trypsin EDTA was added and allowed to
work for 1 min in an incubator at 37°C. Once the cells appeared detached the flasks were
mechanically agitated to facilitate cells’ loss of adhesion. Trypsin was then inactivated with one
volumes of complete media and cells were collected, pelleted, and washed a second time in PBS. To
determine cell viability, prior to dye staining, the collected cells were counted with the
hemocytometer using Trypan Blue, an impermeable dye not taken up by viable cells.

B. Flow Cytometry and Cell Sorting

To track cell proliferation by dye dilution for establishing the progeny of a mother cell, cells were
stained with CellTrace Violet™ (CTV). The CTV dye staining (C34557, Life Technologies, Paisley,
UK), used to monitor multiple cell generations, was performed according to the manufacturer’s
instruction, diluting the CTV 1/1000 in 0.5-1 ml of PBS for 20 min in a water bath at 37°C, mixing
every 10 min. Afterward, 5x complete media was added to the cell suspension for an additional 5
min incubation before the final washing in PBS.

Labeled cells were sorted using a FACSArialll (Becton Dickinson, BD Biosciences, USA) equipped
with Near UV 375nm, 488nm, 561nm, and 633nm lasers and FACSDiva software (BD Biosciences
version 6.1.3). Data were analyzed using Flow]Jo software (Tree Star, version 10.7.1). Briefly, cells
were first gated on single cells, by doublets exclusion with morphology parameters area versus
width (A versus W), both side and forward scatter. The unstained sample was used to set the
background fluorescence. The sorting gate was set around the max peak of fluorescence of the dye
distribution. In this way, the collected cells were enriched for the highest fluorescence intensity.
Following isolation, an aliquot of the sorted cells was analyzed with the same instrument to
determine the post-sorting purity and population width, resulting in an enrichment > 97 % for
each sample.

To monitor multiple cell division, the sorted cell population was seeded in 12 wells plates (Corning,
Kennebunk, ME, USA) at cell density bewteen [30—70]-103 cells/well, according to the experiment,
and kept in culture for up to 84 h. Each well corresponds to a time point of the acquisition and
cells in culture were analyzed every 24, 36, 48, 60, 72, 84 h by the LSRFortessa flow cytometer. In
order to set the time zero of the kinetic, prior culturing, a tiny aliquot of the collected cells was
analyzed immediately after sorting at the flow cytometer. The unstained sample was used to set
the background fluorescence as described above.

C. Time-lapse Microscopy

To better investigate the cell proliferation dynamics, we performed time-lapse experiments, for up
to 3 days. In our previous paper [13] we verified that cell growth is not affected by different dyes
combination. Therefore, in the present work, we used both CellTrace Yellow™ (C34573 A, Life
Technologies, Paisley, UK) and CellTrace Far Red™ (C34572, Life Technologies, Paisley, UK), to
stain the cytoplasm for microscopy analysis. Low passage cells at around 60 % confluency were
counted and stained with CellTrace dyes 1/500 and plated on IBIDI cell imaging chambers (u-Slide
4 and 8 wells) at low cell density of 103 cells/well. After overnight incubation, the chamber is
transferred to the inverted microscope adapted with an incubator to keep cells in appropriate
growing conditions. Brightfield and fluorescent confocal image stacks were acquired with a 20x
air objective (Olympus, Shinjuku, Japan) and Zen Microscopy Software (Zeiss, Oberkochen,
Germany), every 20 min. Time-lapse images were analyzed using Image] and inhouse Python
programs.

Caudo et al., 2025 eLife 14:RP104528. https://doi.org/10.7554/eLife.104528.1 14 of 31


https://doi.org/10.7554/eLife.104528.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/cancer-biology
https://elifesciences.org/subjects/physics-living-systems

°Pe C Cancer Biology | Physics of Living Systems
v eLife

Data availability

The data that support the findings of this study are available from the corresponding author upon
reasonable request.

Code availability

All codes used to produce the findings of this study are available from the corresponding author
upon request. The code for the Gaussian Mixture algorithm is available at
https://github.com/ggosti/fcGMM & .

Acknowledgements

This research was partially funded by grants from ERC-2019-Synergy Grant (ASTRA, n. 855923);
EIC-2022-PathfinderOpen (ivBM-4PAP, n. 101098989); Project ‘National Center for Gene Therapy
and Drugs based on RNA Technology’ (CN00000041) financed by NextGeneration EU PNRR MUR—
M4C2—Action 1.4—Call ‘Potenziamento strutture di ricerca e creazione di campioni nazionali di
R&S’ (CUP J33C22001130001).

Additional information

Author contributions statement

M.M. and G.G. conceived research; D.C., G.P.,, and S.S. performed cell biology experiment and flow
cytometry measurements. D.C., C.G., V.d.T,, and M.M. performed timelapse microscopy
experiments; F.G. and G.R. contributed additional ideas and helped interpret results; D.C. analyzed
data; M.M. performed analytical calculations; D.C. and G.G. performed numerical simulations and
statistical analysis; all authors analyzed results, and wrote and revised the paper.

Appendix A: General model for the partitioning noise

We assume that at time zero each cell has m; marked compounds, with a certain distribution in the
whole cell population of mean u and variance 2. Each cell in the population, if sufficiently
healthy, will divide in two cells and we would like to follow the evolution of the marker intensity
distribution. The splitting ratio is one of the parameter we want to characterize.

Therefore, by calling mi the number of compounds of the mother cell, my; and my;,, the
compound in the two daughter cell. The probability of finding a cell with m,; marked compounds
at generation g is:

P (mailm;) = /5(m2,» — ) [T (H s
P(massitmi) = [ 6(ms— (0= ym) [ (1) df

(A1)

where II(f) is the distribution probability of the fraction of compound that goes into a daughter
cell.

Since we do not study single cells, but populations, we must deal with distributions. We will omit
the computation for my;,4 since it is equal to my; if fis substituted with 1 - f.
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P (my;) = /dfdmiri(mm — fmi) [T (H) P (ma) (A2)
Hence, the expectation value for m,; is :

poi = E[my) = /df dm; P (ma;) maidma; =

(A3)
/df dm;idmaima;6 (ma; — fm;) H (f) P(mi) = E[f] E[mi] = pyp;
while for my;,q:
poiv1 = Emai] = /df dm; P (maiy1) maip1dmaiy =
= /df dmdmais1mai18 (mais — (L= f)my) [T (£) P (m)
= E[1— f]E[mi] = p—pm
For the variance we can do a similar computation:
g9; = E [m%l] — E[mgi]2
= /df dmdmaim3,8 (my; — fmi) [[ (F) P (mi) — pip? =
(A4)

E[f] B [m?] — uiu;
=E|[fYo?+ ,u?a?

Therefore, both variance and mean of the daughters subpopulations are linked to the variance
and mean of the population of mother cells and to the distribution probability of f.

To be able to compare the model with experimental data we need to compute the mean and
variance of the whole population, which is the sum of coexisting subsequent generations.

1
Pg = 54 Z g (A5)

Where we are assuming that a mother cell always give rise to only two daughters. We can split
ion A5 into two groups, the one that always inherits a fraction E[f] of the mother’s
compounds and the symmetrical one which inherits a fraction E[1 - f].

1 291 29-1
Hg = 29 ZE[f] /’l’];f]—i_ZE[l _f],“lgtl

k=1 k=1
Which can be rewritten as:

12 1

He = 55 Z Hg—1 = 5 Hg-1 (A6)
k=1

Therefore, knowing the initial mean value of the population, y, we have:

1

g9
P = <§> o (A7)
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independent of the underlying process and does not depend on the distribution II(f). Interesting,
although expected, but useless for comparing expectations to experiment.

To obtain a dependence on the partitioning process we need to compute the variance. We want the
variance of a distribution which is given by the mixture of the distribution of all the sub-
populations of daughter cells. It can be demonstrated that the total variance is:

op =5 (00 +uy) — g (A8)

29 2_4]—1 2_{,71
1 2 2 1 E 2 2 E 2 2
Ay = bY) (ogk + 1g) = bY) Ogk + tgr+ Tgk + Py
k=1 k=1 k=1

We can rewrite this formula by recalling the relationships A4 and A3.

29
Ay =3 (o5 +mj)
k=1

29

1
1 21 2 2 9 2 2
= lz E[f*] ogip+ oty 1p + Wikg_1 (A9)
=1
207!
+ ZE [(1 - f)Z] Uz—l,k + U%—f,ufy—m + N%—fﬂz—l,k
k=1

We can notice that the last two elements of every sum can be rewritten as:

Oy g+ WG = E [ 1,
2 2 2 2 _ 2] 2
Y A o T E [(1 —f) ] Ky 1k

Which leads to:

2
Ag = % (Z ‘TZ—M +M31,1c) (E [f2] ) [(1 - f)2])

g—Lk
1
= A1 (1— 205 + 2B [/7)
and considering that up= 1/2.
Ag= A, E[f? (A10)

2
oy = Ag—py = Ag 1 B [f?] — piugy = AcB[f?) — uug =
g (A11)

b (ELPI - i) + ELPY = i (ELPI - (1/2)%) + 3EL)
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Appendix B: Modeling partition as a binomial process

The model we have developed and tested by comparing two sets of independent experiments
allows for a robust characterisation of the partitioning noise. The measures are done via
flowcytometry which allows to obtain a great statistics. The key point of what we have proved up
to now, is that the variance of the partitioning distribution is the main actor in shaping the
population dynamic. In this section we want to propose an interesting case of study, were we make
an assumption on the shape of the partitioning distribution. The reasonable assumption is to
consider the binomial distribution for the partitioning of components. In particular, for the
cytoplasm the high number of tagged components.

Therefore, we want to link the measure of ¢ of the partitionig distribution done with the general
method, to the value of p of the binomial distribution which would lead to the same observed
value.

The binomial model consists in assuming that each cell’s component has a certain probability p of
ending up in one of the two daughter cell, and 1 - p to end up in the other one.

Therefore, the total partition distribution can be written as:

P(f)==(P(HP +P(H). (B1)

1
2
As we have already observed, due to symmetry, the < f>=1/2. But, we are interested in how the

general noise, map into the binomial one.

The variance of a single branch a;(p ), can be computed in the following way:

o2 =< f250) _ < 520

— [ar [awig2p (i) P~ < 1 520
- / dN, / AN 2P (fIN) P(N;) — < f >
_ / dN; (0, P+ < £ 520 ) PN, — < f >

= / dN; (o53, ") P (N;)

Consider initially one of the two daughter cell distributions for example, P(f)(p). Its average value
will be given by:

< f>(P)= /df/dNi fP(fIN;) P(N;) = /dNipP(Ni) =p,
and similarly < f>(@= q. For the variance instead, a?c(p):

0-2(?) =< f2 >(P) — < f >2(P)
— /df/dN,—sz(ﬂNi)P(Ni)— < f>2)
= [an: [anigp (v PV - < £ > -
= /dNi (o2, P+ < F>25 ) P(N) — < f>2

= / dN;(o% PP (N;)
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where the notation o2 N, () indicates the variance of the distribution p as a function of f given a

certain Nj. Recalling that f, the fraction of intracellular components and/or fluorescence, is defined
as f= 3, it follows that:

1 1 pq
0.2 : (p):< f2 >(p) —< f >2(p): _0-2<p) = —_— ipq = —.
Y Ni2 z Ni2 i N, (B3)
Plugging Eq. B3(Z in | B2 (% we get
2(p) 1
o =pa | —P(N;), (B4)

which, consistently, in the case of a delta distribution (i.e., for a single value of N;), results in a2(p)

_m
Ni'

Once the main quantities of the individual distribution have been determined, we consider the
sum distribution (eq. B1 ).

The mean value of this distribution is:

1 1 1
<f>=/fP(f)d S (<> +<f>0) = Sp+q =1 (B5)
Therefore, to determine p, it is necessary to estimate the variance o—ff. By definition, it is:
or=<fP>—-<f>%. (B6)
Substituting Eq. B5 X one gets
02—l(< f2><1’>—<f2><q))—l (B7)
D) 4’
from which, adding and subtracting < f>2®), < £>2(@ one gets:
02—1(<f2>< —<f2 +<f> ) + < f2
I (B8)
S0 — < f320 4 < f 520 =
1 1
= 2(}szgmaf()+p +af()+q2) -7 (B9)
and via Eq. B4C3
1 p? +q° 1
2= dN;—P (N;) + ——— — —. B10
aqu/ P+ (B10)

a. Delta Distribution of mother’s components

In principle, P(N;) can have any functional form, even a very complex one, which is not known.
Therefore, let’s start with the simplest case: all mother cells possess the same number of
components Ny, so the distribution P(N;) is a Dirac delta.

2@) will be:

Caudo et al., 2025 eLife 14:RP104528. https://doi.org/10.7554/eLife.104528.1 19 of 31


https://doi.org/10.7554/eLife.104528.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/cancer-biology
https://elifesciences.org/subjects/physics-living-systems

°Pe ° Cancer Biology | Physics of Living Systems
v eLife

1 p2-|—q2 1
2 _ L A i
o} —pq/le Nié(Nl Ny) + 5 , (B11)

2 2 1
0

Since the values of the initial distribution have been considered randomly, each of them will have
the same probability of being selected: P(\V;) = ﬁ Consequently, the integral term in the

variance expression (eq. B12 @) can be simplified as:

1 1 1 In (Nmaz) — In (Npin)
/dNZVzP(NZ) B Nmax - Nmin /dNZVZ B Nmar - Nmin ’ (B13)

and one gets to the final expression:

In(Npaz) — 0 (Npin)  p2+¢> 1
N) =52 = S — B14
Z ( ) Uf P Nmaz - Nmin * 2 4 ( )
Neglecting the integral term, the equation reduces to :
2 2
9P +gq 1
b. Lognormal distribution of mothers’ components
In an even more realistic case, the distribution of the number of internal components of the
mother cells will be given by a log-normal distribution:
—(in(N;)—m)*
202
e Ni
P(Ni) = S ——, (B16)
27TJ?VZ Ni
where u is the average value: u =< log(N) >.
The integral term in this case is given by:
~(in(N;)-1)?)
> (V) = /dN»iP (N;) = 1 /dN‘Le Iy,
= N, i) = Nz . (B17)

2770?Vi i

In general, the distribution of internal components of a cell is not known. However, in microscopy
experiments, it is possible to determine fluorescence distributions. Additionally, a direct
proportionality between the two variables has been assumed: I = N; - F, where F is a constant value
representing the fluorescence of an internal component.

Now, consider the variance of the distribution as a function of the number of internal components:
ok, =01 p =<In(I/F)* > — <In(I/F) >*
=<In(I)—In(F))*>—<In(I)—In(F)>* (B18)

=< (In*(I) > — <In(I) >*= o?

The variance of the distribution as a function of Nj, therefore, coincides with that of the
fluorescence, which can be determined from experimental measurements.
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[4]

[5]

[7]

(8]

[10]

[11]
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Consequently, for a log-normal distribution, the contribution of the integral term to the variance,
integrated over the interval [1, c), will be:

% 1 1 72
E N) = ANj————e¢ N
™) /1 N?

Ni (B19)

= 1602/2’“ (l—erf (U2_M>> ,
2 (2)o

where the variance coincides with that of the fluorescence distribution (eq. B18%) and u =
{log (V).

Substituting the integral term (eq. B19(%) into the complete expression for the variance (B10) for a

log-normal distribution of the mother cells, we obtain:

1 2 02— < log(N) > p’+q¢> 1
2 L —<log(N)> 1— _ =
o =pq 26 2 ( erf( 2o )) + 5 1

(B20)
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Peer reviews
Reviewer #1 (Public review):

Summary:

The aim of this paper is to develop a simple method to quantify fluctuations in the
partitioning of cellular elements. In particular, they propose a flow-cytometry-based method
coupled with a simple mathematical theory as an alternative to conventional imaging-based
approaches.

Strengths:

The approach they develop is simple to understand and its use with flow-cytometry
measurements is clearly explained. Understanding how the fluctuations in the cytoplasm
partition vary for different kinds of cells is particularly interesting.

Weaknesses:

The theory only considers fluctuations due to cellular division events. This seems a large
weakness because it is well known that fluctuations in cellular components are largely
affected by various intrinsic and extrinsic sources of noise and only under particular
conditions does partitioning noise become the dominant source of noise.

https://doi.org/10.7554/eLife.104528.1.sa2

Reviewer #2 (Public review):

Summary:

The authors present a combined experimental and theoretical workflow to study partitioning
noise arising during cell division. Such quantifications usually require time-lapse
experiments, which are limited in throughput. To bypass these limitations, the authors
propose to use flow-cytometry measurements instead and analyse them using a theoretical
model of partitioning noise. The problem considered by the authors is relevant and the idea
to use statistical models in combination with flow cytometry to boost statistical power is
elegant. The authors demonstrate their approach using experimental flow cytometry
measurements and validate their results using time-lapse microscopy. However, while I
appreciate the overall goal and motivation of this work, I was not entirely convinced by the
strength of this contribution. The approach focuses on a quite specific case, where the
dynamics of the labelled component depend purely on partitioning. As such it seems
incompatible with studying the partitioning noise of endogenous components that exhibit
production/turnover. The description of the methods was partly hard to follow and should be
improved. In addition, I have several technical comments, which I hope will be helpful to the
authors.

Comments:

(1) In the theoretical model, copy numbers are considered to be conserved across
generations. As a consequence, concentrations will decrease over generations due to dilution.
While this consideration seems plausible for the considered experimental system, it seems
incompatible with components that exhibit production and turnover dynamics. I am
therefore wondering about the applicability/scope of the presented approach and to what
extent it can be used to study partitioning noise for endogenous components. As presented,
the approach seems to be limited to a fairly small class of experiments/situations.
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(2) Similar to the previous comment, I am wondering what would happen in situations where
the generations could not be as clearly identified as in the presented experimental system
(e.g., due to variability in cell-cycle length/stage). In this case, it seems to be challenging to
identify generations using a Gaussian Mixture Model. Can the authors comment on how to
deal with such situations? In the abstract, the authors motivate their work by arguing that
detecting cell divisions from microscopy is difficult, but doesn't their flow cytometry-based
approach have a similar problem?

(3) I could not find any formal definition of division asymmetry. Since this is the most
important quantity of this paper, it should be defined clearly.

(4) The description of the model is unclear/imprecise in several parts. For instance, it seems to
me that the index "i" does not really refer to a cell in the population, but rather a
subpopulation of cells that has undergone a certain number of divisions. Furthermore, why is
the argument of Equation 11 suddenly the fraction f as opposed to the component number? I
strongly recommend carefully rewriting and streamlining the model description and clearly
defining all quantities and how they relate to each other.

(5) Similarly, I was not able to follow the logic of Section D. I recommend carefully rewriting
this section to make the rationale, logic, and conclusions clear to the reader.

(6) Much theoretical work has been done recently to couple cell-cycle variability to
intracellular dynamics. While the authors neglect the latter for simplicity, it would be
important to further discuss these approaches and why their simplified model is suitable for
their particular experiments.

(7) In the discussion the authors note that the microscopy-based estimates may lead to an
overestimation of the fluctuations due to limited statistics. I could not follow that reasoning.
Due to the gating in the flow cytometry measurements, I could imagine that the resulting
populations are more stringently selected as compared to microscopy. Could that also be an
explanation? More generally, it would be interesting to see how robust the results are in
terms of different gating diameters.

(8) It would be helpful to show flow cytometry plots including the identified subpopulations
for all cell lines, currently, they are shown only for HCT116 cells. More generally, very little
raw data is shown.

(9) The title of the manuscript could be tailored more to the considered problem. At the
moment it is very generic.

https://doi.org/10.7554/eLife.104528.1.sa1

Author response:

Reviewer #1 (Public review):
Summary:

The aim of this paper is to develop a simple method to quantify fluctuations in the
partitioning of cellular elements. In particular, they propose a flow-cytometry-based
method coupled with a simple mathematical theory as an alternative to conventional
imaging-based approaches.

Strengths:
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The approach they develop is simple to understand and its use with flow-cytometry
measurements is clearly explained. Understanding how the fluctuations in the cytoplasm
partition vary for different kinds of cells is particularly interesting.

Weaknesses:

The theory only considers fluctuations due to cellular division events. This seems a large
weakness because it is well known that fluctuations in cellular components are largely
affected by various intrinsic and extrinsic sources of noise and only under particular
conditions does partitioning noise become the dominant source of noise.

We thank the Reviewer for her/his evaluation of our manuscript. The point raised is indeed a
crucial one. In a cell division cycle, there are at least three distinct sources of noise that affect
component numbers [1] :

(1) Gene expression and degradation, which determine component numbers fluctuations
during cell growth.

(2) Variability in cell division time, which depending on the underlying model may or may
not be a function of protein level and gene expression.

(3) Noise in the partitioning/inheritance of components between mother and daughter cells.

Our approach specifically addresses the latter, with the goal of providing a quantitative
measure of this noise source. For this reason, in the present work, we consider homogeneous
cancer cell populations that could be considered to be stationary from a population point-of-
view. By tracking the time evolution of the distribution of tagged components via live
fluorescent markers, we aim at isolating partitioning noise effects. However, as noted by the
Reviewer, other sources of noise are present, and depending on the considered system the
relative contributions of the different sources may change. Thus, we agree that a
quantification of the effect of the various noise sources on the accuracy of our measurements
will improve the reliability of our method.

In this respect, assuming independence between noise sources, we reasoned that variability
in cell cycle length would affect the timing of population emergence but not the intrinsic
properties of those populations (e.g., Gaussian variance). To test this hypothesis, we
conducted a preliminary set of simulations in which cell division times were drawn from an
Erlang distribution (mean = 18 h, k=4k = 4k=4). The results, showing the behavior of the mean
and variance of the component distributions across generations, are presented in Author
response image 1. Under the assumption of independence between different noise sources,
no significant effects were observed. Next, we plan to quantify the accuracy of our
measurements in the presence of cross-talks between the various noise sources. As suggested,
we will update the manuscript to include a more complete discussion on this topic and an
evaluation of our model’s stability.
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Author response image 1.Variance and mean of the distribution of fluorescence intensity as a function of
the generation for a time course dynamic with cell-cycle length variability. We repeated the same
simulations as the one in figure 1 of the manuscript, but introducing a variable division time for each cell. The
division time of each cell is extracted from an Erlang distribution (mean = 18 h and k = 4). As it is possible to
observe in the plots, the results of our theoretical framework are not affected from the introduction of this
variability. Hence, the Gaussian Mixture Model is still able to give the correct results even in a noisy environment.

(1) Soltani, Mohammad, et al. "Intercellular variability in protein levels from stochastic
expression and noisy cell cycle processes." PLoS computational biology 12.8 (2016): e1004972.

Reviewer #2 (Public review):
Summary:

The authors present a combined experimental and theoretical workflow to study
partitioning noise arising during cell division. Such quantifications usually require time-
lapse experiments, which are limited in throughput. To bypass these limitations, the
authors propose to use flow-cytometry measurements instead and analyse them using a
theoretical model of partitioning noise. The problem considered by the authors is
relevant and the idea to use statistical models in combination with flow cytometry to
boost statistical power is elegant. The authors demonstrate their approach using
experimental flow cytometry measurements and validate their results using time-lapse
microscopy. However, while I appreciate the overall goal and motivation of this work, I
was not entirely convinced by the strength of this contribution. The approach focuses on
a quite specific case, where the dynamics of the labelled component depend purely on
partitioning. As such it seems incompatible with studying the partitioning noise of
endogenous components that exhibit production/turnover. The description of the
methods was partly hard to follow and should be improved. In addition, I have several
technical comments, which I hope will be helpful to the authors.

We are grateful to the Reviewer for her/his comments. Indeed, both partitioning and
production turnover noise are in general fundamental processes. At present the only way to
consider them together are time-consuming and costly transfection/microscopy/tracking
experiments. In this work, we aimed at developing a method to effectively pinpoint the first
component, i.e. partitioning noise thus we opted to separate the two different noise sources.

Below, we provide a point-by-point response that we hope will clarify all raised concerns.
Comments:

(1) In the theoretical model, copy numbers are considered to be conserved across
generations. As a consequence, concentrations will decrease over generations due to
dilution. While this consideration seems plausible for the considered experimental
system, it seems incompatible with components that exhibit production and turnover
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dynamics. I am therefore wondering about the applicability/scope of the presented
approach and to what extent it can be used to study partitioning noise for endogenous
components. As presented, the approach seems to be limited to a fairly small class of
experiments/situations.

We see the Reviewer's point. Indeed, we are proposing a high-throughput and robust
procedure to measure the partitioning/inheritance noise of cell components through flow
cytometry time courses. By using live-cell staining of cellular compounds, we can track the
effect of partitioning noise on fluorescence intensity distribution across successive
generations. This specific procedure is purposely optimized to isolate partitioning noise from
other sources and, as it is, can not track endogenous components or dyes that require
fixation. While this certainly poses limits to the proposed approach, there are numerous
contexts in which our methodology could be used to explore the role of asymmetric
inheritance. Among others, (i) investigating how specific organelles are differentially
partitioned and how this influences cellular behavior could provide deeper insights into
fundamental biological processes: asymmetric segregation of organelles is a key factor in cell
differentiation, aging, and stress response. During cell division, organelles such as
mitochondria, the endoplasmic reticulum, lysosomes, peroxisomes, and centrosomes can be
unequally distributed between daughter cells, leading to functional differences that influence
their fate. For instance, Kajaitso et al. [1] proposed that asymmetric division of mitochondria
in stem cells is associated with the retention of stemness traits in one daughter cell and
differentiation in the other. As organisms age, stem cells accumulate damage, and to prevent
exhaustion and compromised tissue function, cells may use asymmetric inheritance to
segregate older or damaged subcellular components into one daughter cell. (ii) Asymmetric
division has also been linked to therapeutic resistance in Cancer Stem Cells [2]. Although the
functional consequences are not yet fully determined, the asymmetric inheritance of
mitochondria is recognized as playing a pivotal role [3]. Another potential application of our
methodology may be (iii) the inheritance of lysosomes, which, together with mitochondria,
appears to play a crucial role in determining the fate of human blood stem cells [4].
Furthermore, similar to studies conducted on liquid tumors [5][6], our approach could be
extended to investigate cell growth dynamics and the origins of cell size homeostasis in
adherent cells [7][8][9]. The aforementioned cases of study can be readily addressed using
our approach that in general is applicable whenever live-cell dyes can be used. We will add a
discussion of the strengths and limitations of the method in the Discussion section of the
revised version of the manuscript.

(1) Katajisto, Pekka, et al. "Asymmetric apportioning of aged mitochondria between daughter
cells is required for stemness." Science 348.6232 (2015): 340-343.

(2) Hitomi, Masahiro, et al. "Asymmetric cell division promotes therapeutic resistance in
glioblastoma stem cells." JCI insight 6.3 (2021): e130510.

(3) Garcia-Heredia, José Manuel, and Amancio Carnero. "Role of mitochondria in cancer stem
cell resistance." Cells 9.7 (2020): 1693.

(4) Loeffler, Dirk, et al. "Asymmetric organelle inheritance predicts human blood stem cell
fate." Blood, The Journal of the American Society of Hematology 139.13 (2022): 2011-2023.

(5) Miotto, Mattia, et al. "Determining cancer cells division strategy." arXiv preprint
arXiv:2306.10905 (2023).

(6) Miotto, Mattia, et al. "A size-dependent division strategy accounts for leukemia cell size
heterogeneity." Communications Physics 7.1 (2024): 248.

(7) Kussell, Edo, and Stanislas Leibler. "Phenotypic diversity, population growth, and
information in fluctuating environments." Science 309.5743 (2005): 2075-2078.
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(8) McGranahan, Nicholas, and Charles Swanton. "Clonal heterogeneity and tumor evolution:
past, present, and the future.” Cell 168.4 (2017): 613-628.

(9) De Martino, Andrea, Thomas Gueudré, and Mattia Miotto. "Exploration-exploitation
tradeoffs dictate the optimal distributions of phenotypes for populations subject to fitness
fluctuations." Physical Review E 99.1 (2019): 012417.

(2) Similar to the previous comment, I am wondering what would happen in situations
where the generations could not be as clearly identified as in the presented experimental
system (e.g., due to variability in cell-cycle length/stage). In this case, it seems to be
challenging to identify generations using a Gaussian Mixture Model. Can the authors
comment on how to deal with such situations? In the abstract, the authors motivate their
work by arguing that detecting cell divisions from microscopy is difficult, but doesn't
their flow cytometry-based approach have a similar problem?

The point raised is an important one, as it highlights the fundamental role of the gating
strategy. The ability to identify the distribution of different generations using the Gaussian
Mixture Model (GMM) strongly depends on the degree of overlap between distributions. The
more the distributions overlap, the less capable we are of accurately separating them.

The extent of overlap is influenced by the coefficients of variation (CV) of both the
partitioning distribution function and the initial component distribution. Specifically, the
component distribution at time t results from the convolution of the component distribution
itself at time t-1 and the partitioning distribution function. Therefore, starting with a narrow
initial component distribution allows for better separation of the generation peaks. The
balance between partitioning asymmetry and the width of the initial component distribution
is thus crucial.

As shown in Author response image 2, increasing the CV of either distribution reduces the
ability to distinguish between different generations.
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Author response image 2. Components distribution at varying CVs of initial components and partitioning
distributions. Starting from a condition in which both division asymmetry and wideness of the initial components
distribution are low and different generations are clearly separable, increasing either the CVs leads to distribution
mixing and greater reconstruction difficulty.

However, the variance of the initial distribution cannot be reduced arbitrarily. While
selecting a narrow distribution facilitates a better reconstruction of the distributions, it
simultaneously limits the number of cells available for the experiment. Therefore, for
components exhibiting a high level of asymmetry, further narrowing of the initial
distribution becomes experimentally impractical.

In such cases, an approach previously tested on liquid tumors [1] involves applying the
Gaussian Mixture Model (GMM) in two dimensions by co-staining another cellular
component with lower division asymmetry.

Regarding time-lapse fluorescence microscopy, the main challenge lies not in disentangling
the interplay of different noise sources, but rather in obtaining sufficient statistical power
from experimental data. While microscopy provides detailed insights into the division
process and component partitioning, its low throughput limits large-scale statistical analyses.
Current segmentation algorithms still perform poorly in crowded environments and with
complex cell shapes, requiring a substantial portion of the image analysis pipeline to be
performed manually, a process that is time-consuming and difficult to scale. In contrast, our
cytometry-based approach bypasses this analysis bottleneck, as it enables a direct population-
wide measurement of the system's evolution. We will provide a detailed discussion on these
aspects in the revised version of the manuscript.

(1) Peruzzi, Giovanna, et al. "Asymmetric binomial statistics explains organelle partitioning
variance in cancer cell proliferation.” Communications Physics 4.1 (2021): 188.

(3) I could not find any formal definition of division asymmetry. Since this is the most
important quantity of this paper, it should be defined clearly.
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We thank the Reviewer for the note. With division asymmetry we refer to a quantity that
reflects how similar two daughter cells are likely to be in terms of inherited components after
a division process. We opted to measure it via the coefficient of variation (root squared
variance divided by the mean) of the partitioning fraction distribution. We will amend this
lack of definition in the reviewed version of the manuscript.

(4) The description of the model is unclear/imprecise in several parts. For instance, it
seems to me that the index "i" does not really refer to a cell in the population, but rather
a subpopulation of cells that has undergone a certain number of divisions. Furthermore,
why is the argument of Equation 11 suddenly the fraction f as opposed to the component
number? I strongly recommend carefully rewriting and streamlining the model
description and clearly defining all quantities and how they relate to each other.

We are amending the text carefully to avoid double naming of variables and clarifying each
computation passage. In equation 11 the variable f refers to the fluorescent intensity, but the
notation will be changed to increase clarity.

(5) Similarly, I was not able to follow the logic of Section D. I recommend carefully
rewriting this section to make the rationale, logic, and conclusions clear to the reader.

We will update the manuscript clarifying the scope of section D and its results. In brief,
Section A presents a general model to derive the variance of the partitioning distribution
from flow cytometry time-course data without making any assumptions about the shape of
the distribution itself. In Section D, our goal is to interpret the origin of asymmetry and
propose a possible form for the partitioning distribution. Since the dyes used bind non-
specifically to cytoplasmic amines, the tagged proteins are expected to be uniformly
distributed throughout the cytoplasm and present in large numbers. Given these assumptions
the least complex model for division follows the binomial distribution, with a parameter that
measures the bias in the process. Therefore, we performed a similar computation to that in
Section A, which allows us to estimate not only the variance but also the degree of biased
asymmetry. Finally, we fitted the data to this new model and proposed an experimental
interpretation of the results.

(6) Much theoretical work has been done recently to couple cell-cycle variability to
intracellular dynamics. While the authors neglect the latter for simplicity, it would be
important to further discuss these approaches and why their simplified model is suitable
for their particular experiments.

We agree with the Reviewer, we will discuss this aspect in the revised version of the
manuscript.

(7) In the discussion the authors note that the microscopy-based estimates may lead to
an overestimation of the fluctuations due to limited statistics. I could not follow that
reasoning. Due to the gating in the flow cytometry measurements, I could imagine that
the resulting populations are more stringently selected as compared to microscopy.
Could that also be an explanation? More generally, it would be interesting to see how
robust the results are in terms of different gating diameters.

The Reviewer is right on the importance of the sorting procedure. As already discussed in a
previous point, the gating strategy we employed plays a fundamental role: it reduces the
overlap of fluorescence distributions as generations progress, enables the selection of an
initial distribution distinct from the fluorescence background, allowing for longer tracking of
proliferation, and synchronizes the initial population. The narrower the initial distribution,
the more separated the peaks of different generations will be. However, this also results in a
smaller number of cells available for the experiment, requiring a careful balance between
precision and experimental feasibility. A similar procedure, although it would certainly limit
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the estimation error, would be impracticable In the case of microscopy. Indeed, the primary
limitation and source of error is the number of recorded events. Our pipeline allowed us to
track on the order of hundreds of division dynamics, but the analysis time scales non-linearly
with the number of events. Significantly increasing the dataset would have been extremely
time-consuming. Reducing the analysis to cells with similar fluorescence, although
theoretically true, would have reduced the statistics to a level where the sampling error
would drastically dominate the measure. Moreover, different experiments would have been
hardly comparable, since different fluorescences could map in equally sized cells. In light of
these factors, we expect higher CV for the microscopy measure than for flow cytometry’s
ones. In the plots below, we show the behaviour of the mean and the standard deviation of N
numbers sampled from a gaussian distribution N(0,1) as a function of the sampling number
N. The higher is N the closer the sampled distribution will be to the true one. The region in
the hundreds of samples is still very noisy, but to do much better we would have to reach the
order of thousands. We will add a discussion on these aspects in the reviewed version of the

manuscript.
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Author response image 3.Standard deviation and mean value of a distribution of points sampled from a
Gaussian distribution with mean 0 and standard deviation 1, versus the number of samples, N. Increasing
N leads to a closer approximation of the expected values. In orange is highlighted the Microscopy Working Region
(Microscopy WR) which corresponds to the number of samples we are able to reach with microscopy experiments.
In yellow the region we would have to reach to lower the estimating error, which is although very expensive in
terms of analysis time.

(8) It would be helpful to show flow cytometry plots including the identified
subpopulations for all cell lines, currently, they are shown only for HCT116 cells. More
generally, very little raw data is shown.

We will provide the requested plots for the other cell lines together with additional raw data
coming from simulations in the Supplementary Material.

(9) The title of the manuscript could be tailored more to the considered problem. At the
moment it is very generic.

We see the Reviewer point. The proposed title aims at conveying the wide applicability of the
presented approach, which ultimately allows for the assessment of the levels of fluctuations
in the levels of the cellular components at division. This in turn reflects the asymmetricity in
the division.

https://doi.org/10.7554/eLife.104528.1.sa0
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