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o Abstract Cell heterogeneity may be caused by stochastic or deterministic effects. The
» inheritance of regulators through cell division is a key deterministic force, but identifying
12 inheritance effects in a systematic manner has been challenging. Here we measure and
13 analyze cell cycles in deep lineage trees of human cancer cells and mouse embryonic

1 stem cells and develop a statistical framework to infer underlying rules of inheritance.

15 The observed long-range intra-generational correlations in cell-cycle duration, up to

16 second cousins, seem paradoxical because ancestral correlations decay rapidly. However,
17 this correlation pattern is naturally explained by the inheritance of both cell size and

1s cell-cycle speed over several generations, provided that cell growth and division are

19 coupled through a minimum-size checkpoint. This model correctly predicts the effects of
» inhibiting cell growth or cycle progression. In sum, we show how fluctuations of cell

a1 cycles across lineage trees help understand the coordination of cell growth and division.

22

» Introduction

2 Cells of the same type growing in homogeneous conditions often have highly heteroge-
»s  neous cycle lengths (Smith and Martin, 1973). The minimal duration of the cell cycle will
% be determined by the maximal cellular growth rate in a given condition (Kafri et al., 2016).
27 However, many cells, in particular, in multicellular organisms, do not grow at maximum
;s rate, and their cycle length appears to be set by the progression of regulatory machinery
2 through a series of checkpoints (Novak et al., 2007). While much is known about the
s molecular mechanisms of cell-cycle regulation, we have little quantitative understanding
a1 of the mechanisms that control duration and variability of the cell cycle.

» Recently, extensive live-cell imaging data of cell lineages have become available, char-
;3 acterizing, for example, lymphocyte activation (Mitchell et al., 2018; Duffy et al., 2012;
s Hawkins et al., 2009), stem cell dynamics (Filipczyk et al., 2015), cancer cell prolifer-
;s ation (Spencer et al., 2013; Barr et al., 2017; Ryl et al., 2017), or nematode develop-
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s ment (Du et al., 2015). Such studies across many cell types have found that cycle lengths
3 are similar in sister cells, which may be due to the inheritance of molecular regulators
33 across mitosis (Spencer et al., 2013; Mitchell et al., 2018; Yang et al., 2017; Barr et al.,
s 2017; Arora et al., 2017). By contrast, ancestral correlations in cycle length fade rapidly,
« often disappearing between grandmother and granddaughter cells, or already between
s mother and daughter cells.

@ Remarkably, however, the cycle lengths of cousin cells are found to be correlated,
s indicating that the grandmothers exert concealed effects through at least two generations.
« High intra-generational correlations in the face of weak ancestral correlations have been
s Observed in cells as diverse as bacteria (Powell, 1958), cyanobacteria (Yang et al., 2010),
s lymphocytes (Markham et al., 2010) and mammalian cancer cells (Staudte et al., 1984;
« Sandler et al., 2015; Chakrabarti et al., 2018). The ubiquity of this puzzling phenomenon
s suggests that it may help reveal basic principles that control cell-cycle duration.

a9 Theoretical work has shown that more than one heritable factor is required to gener-
so ate the observed cell-cycle correlations in T cell lineage trees, while the nature of these
si heritable factors has remained unclear (Markham et al., 2010). Stimulated by the idea of
2 circadian gating of the cell cycle in cyanobacteria (Mori et al., 1996; Yang et al., 2010), re-
53 cent comprehensive analyses of cell lineage trees across different species have proposed
s« circadian clock control as a source of cell-cycle variability that can produce the observed
s high intra-generational correlations (Sandler et al., 2015; Mosheiff et al., 2018; Martins
s« etal, 2018; Ho et al., 2019); such a model also reproduced observed cycle correlations in
57 colon cancer cells during chemotherapy (Chakrabarti et al., 2018). However, in proliferat-
ss ing mammalian cells in culture, the circadian clock has been found to be entrained by the
o cell cycle (Bieler et al., 2014; Feillet et al., 2014). Moreover, the circadian clock is strongly
0 damped or even abrogated by oncogenes such as MYC (Altman et al., 2015; Shostak
& et al., 2016), yet MYC-driven cancer cells retain high intra-generational correlations (Ry/
e etal, 2017).

63 Ultimately, the cell cycle must coordinate growth and division in order to maintain a
« well-defined cell size over many generations. Yeast species have long served as model
s Systems. Here it is generally assumed that growth drives cell-cycle progression, al-
s though molecular mechanisms of size sensing remain controversial (Facchetti et al.,
&7 2017; Schmoller and Skotheim, 2015). By contrast, animal cells can grow very large with-
¢ out dividing (Conlon and Raff, 2003), and recent precise measurements suggest that
ss growth control involves both modulation of growth rate and cell-cycle length (Sung et al.,
7 2013; Tzur et al., 2009; Cadart et al., 2018; Ginzberg et al., 2018; Liu et al., 2018). A mini-
»n mal requirement for maintaining cell size is that cells reach a critical size before dividing,
7 which can be achieved by delaying S phase (Shields et al., 1978).

73 Here, we present a systematic approach to learning mechanisms from measured
72 correlation patterns of cell cycles in deep lineage trees. First, we develop an unbiased
75 statistical framework to identify the minimal model capable of accounting for our experi-
7 mental data. We then propose a biological realization of this abstract model based on
77 growth, inheritance and a size checkpoint, and experimentally test specific predictions of
7 the biological model.
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» Results

» Lineage trees exhibit extended intra-generational correlations

a1 To study how far intra-generational cell-cycle correlations extend within cell pedigrees, we
2 generated extensive lineage trees by imaging and tracking TET21N neuroblastoma cells
& forup toten generations during exponential growth (Figure 1A, Figure 1-video 1, Figure 1-
s source data 1 and Figure 1-Figure Supplement 1A). Autonomous cycling of these cells
s IS controlled by ectopic expression of the MYC-family oncogene MYCN, overcoming the
s restriction point and thus mimicking the presence of mitogenic stimuli (Ry/ et al., 2017).
&7 High MYCN also downregulated circadian clock genes (Figure 1-Figure Supplement 2). The
s distribution of cycle lengths (Figure 1B and Figure 1-Figure Supplement 1B) was constant
s throughout the experiment (Figure 1C and Figure 1-Figure Supplement 1C) and similar
w0 across lineages (Figure 1-Figure Supplement 1D), showing absence of experimental drift
o1 and of strong founder cell effects, respectively. To determine cycle-length correlations
% without censoring bias caused by finite observation time (Figure 1-Figure Supplement 3A;
«s Sandler et al., 2015), we truncated all trees after the last generation completed by the vast
s majority (>95%) of lineages. The resulting trees were 5-7 generations deep, enabling us
ss to reliably calculate Spearman rank correlations between relatives up to second cousins
s (Figure 1D,E and Figure 1-Figure Supplement 3B).

97 Cycle-length correlations of cells with their ancestors decreased rapidly with each
s¢ generation (Figure 1E). However, the correlations increased again when moving down
s from ancestors along side-branches—from the grandmother towards the first cousins and
w0 also from the great-grandmother towards the second cousins (Figure 1E). The correlations
w1 among second cousins varied somewhat between replicates (we will show below that we
12 can control these correlations experimentally by applying molecular perturbations). If cell-
103 cycle length alone were inherited (e.g., by passing on regulators of the cell cycle to daughter
e cells), causing a correlation coefficient of p,,4 between mother and daughter cycle lengths,
s and sisters are correlated by p, then first and second cousins would be expected to
s have cycle length correlation psspfnd and psspfnd, respectively (Staudte et al., 1984). The
17 actually observed cousin correlations are much larger, confirming previous observations
s on first cousins (as summarized in Sandler et al., 2015) and extending them to second
19 cousins. This discrepancy between simple theoretical expectation and experimental data
1o was not due to spatial inhomogeneity or temporal drift in the data (Figure 1-Figure Sup-
w1 plement 3C-E). Thus, the lineage trees show long-ranging intra-generational correlations
n2 that cannot be explained by the inheritance of cell-cycle length.

«s Correlation patterns are explained by long-range memories of two

# antagonistic latent variables

ns  We used these data to search for the minimal model of cell-cycle control that accounts
ne for the observed correlation pattern of lineage trees (Materials and Methods and Ap-
17 pendix 2). To be unbiased, we assumed that cycle length 7 is controlled jointly by a yet
ns  unknown number d of cellular quantities that are inherited from mother to daughter,
e x = (x,...,x4), such that = = 7(2721 a;x;), with positive weights a. We take x to be a
120 Gaussian latent variable and, generalizing previous work (Cowan and Staudte, 1986),
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Figure 1. Cell-cycle lengths and their correlations captured by live-cell imaging. (A) Live-cell
microscopy of neuroblastoma TET21N cell lineages. Sample trees shown with cells marked that
were lost from observation (dot) or died (cross). (B) Distribution of cycle lengths, showing median
length (and interquartile range). (C) Cycle length over cell birth time shows no trend over the
duration of the experiment. (D) Lineage tree showing the relation of cells with a reference cell (red);
ancestral lineage (light blue), first side-branch (dark blue) and second side branch (green).

(E) Spearman rank correlations of cycle lengths between relatives (with bootstrap 95%-confidence
bounds) of three independent microscopy experiments. Color code as in D. B and C show replicate
rep3.

Figure 1-video 1. Time-lapse movie of dividing TET21N cells (replicate rep3). Parameters: 75h total
time, 6 min per frame, 1 pixel corresponds to 0.4 um.

Figure 1-source data 1. Overview of all time-lapse experiments displayed in the manuscript.
‘Corrected’ refers to the number of fully observed generations; only these were used, in order to
correct for censoring bias. ‘Figures’ refers to main text figures and the respective supplements.
Figure 1-Figure supplement 1. Temporal drift analysis of time-lapse imaging data.

Figure 1-Figure supplement 2. Expression of the circadian clock module depends on MYCN level.
Figure 1-Figure supplement 3. Censoring bias and spatial trend analysis.

Figure 1-source data 2. Raw cell cycle data for lineage trees in TET21N replicates rep1-3.
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Figure 2. Bifurcating autoregressive inheritance models. (A) Coupled inheritance
latent variables x, and cell-intrinsic fluctuations generate cycle lengths. (B) Relativ
evidences calculated for d = 1,2, for the indicated inheritance matrices A =

of d Gaussian
e model

[a,,] and sister coupling

y. Although Model VIl is the most parsimonious for replicates rep2 and rep3 (blue and grey bars),
only Model V with unidirectionally coupled inheritance explains all data well, including rep1

(bordeaux bars). Error bars from Monte-Carlo integration. (C) Model fits for rep1

. Single-variable

inheritance (Model Il) and pure cross-inheritance (V) fails to generate strong intra-generational

correlations; uncoupled inheritance (Il) fails to generate low ancestral correlations;

Model V fits the

data best. Rank correlations of the data shown with bootstrap 95%-confidence bounds (black bars).
Model prediction bands (colored bars) were generated from the range of the parameter sets with
likelihood higher than 15% of the best fit, corresponding to a Gaussian 95% credible region.

(D) Model V, best-fit ancestral autocorrelation functions, for cycle lengths = and latent variables.
Long-range memory in the latent variables is anticorrelated and masked in observed cycle times.

Figure 2-Figure supplement 1. Gaussian model predictions.
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121 describe its inheritance by a generic model accounting for inter-generational inheritance
122 as follows: In any given cell i, x' is composed of an inherited component, determined
123 by x in the mother, and a cell-intrinsic component that is uncorrelated with the mother.
124 The inherited component is specified by an inheritance matrix A, such that the mean of
s x' conditioned on the mother’s x is (x’|x) = Ax (Figure 2A). The cell-intrinsic component
126 Causes variations around this mean with covariance ((x’ —Ax)(x' —Ax)"|x) = I, where, with
127 appropriate normalization of the latent variables, I is the unit matrix. Additional positive
128 correlations in sister cells may arise due to inherited factors accumulated during, but
129 not affecting, the mother’s cycle (Arora et al., 2017; Barr et al., 2017; Yang et al., 2017);
130 additional negative correlations may result from partitioning noise (Sung et al., 2013).
11 These are captured by the cross-covariance between the intrinsic components in sister
2 1and 2, ((x! — Ax)(x* — Ax)"|x) = yIL In total, d(d + 1) parameters can be adjusted to fit
133 the correlation pattern of the lineage trees: the components q,,, of the inheritance matrix
13« A, the weights «; and the sister correlation y. Together, these inheritance rules specify
135 bifurcating first-order autoregressive (BAR) models for multiple latent variables governing
136 cell-cycle duration.

137 To determine the most parsimonious BAR model supported by the experimental data,
133 we employed a standard Bayesian model selection scheme. Selection is based on the
139 Bayesian evidence, which rewards fit quality while naturally penalizing models of higher
1o complexity (defined as being able to fit more diverse data sets; for details see Appendix 2,
w1 Evidence calculation). Specifically, we evaluated the likelihood of the measured lineage
12 trees for a given BAR model, used it to compute the Bayesian evidence, and ranked BAR
13 models accordingly (Figure 2B).

144 The simplest model that generated high intra-generational correlations was based
s on the independent inheritance of two latent variables (Model lll; Figure 2C, cyan dots),
1 Whereas one-variable models failed to meet this criterion (Model I, Figure 2C, blue dots
w2 and Model I). However, Model lll consistently overestimated ancestral correlations and
s hence its relative evidence was low (<10% for all data sets). To allow additional degrees of
s freedom, we accounted for interactions of latent variables. The most general two-variable
150 model with bidirectional interactions (Model VI), overfitted the experimental data and con-
151 sequently had low evidence. The models best supported by the data had unidirectional
12 coupling, such that x, in the mother negatively influenced x, inherited by the daughters,
13 I.e. with a;, < 0 and a,; = 0 (Figure 2B, Models IV, V and VII). Among these, Model VII,
15« With a single inheritance parameter a,,, is simplest, but was not compatible with exper-
155 imental replicate rep1 as it could not generate second-cousin correlations (Figure 2B).
155 Both Models IV and V were compatible with all replicates; however Model V, with only
17 one self-inheritance parameter for both variables (a,; = a,, > 0) was preferred (Model V,
158 Figure 2B,C, orange dots). Model V produced a remarkable inheritance pattern (Figure 2D):
19 Individually, both latent variables had long-ranging memories, with ~50% decay over 2-3
10 generations. However, the negative unidirectional coupling cross-correlated the variables
11 negatively along an ancestral line, resulting in cycle-length correlations that essentially
12 vanished after one generation. Nevertheless, strong intra-generational correlations were
13 reproduced by the model due to long-range memories of latent variables together with
164 positive sister-cell correlations (y > 0). We conclude that the coexistence of rapidly decay-
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s iNg ancestral correlations and extended intra-generational correlations can be explained
166 by the inheritance of two latent variables, one of which inhibits the other.

« Cell size and speed of cell-cycle progression are antagonistic herita-
w ble variables
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Figure 3. The growth-progression model. (A) Scheme of the growth-progression model with
heritable variables relating to cell size s and cycle progression timing p. (B) Measured and simulated
cell-cycle length distributions (upper). Model distribution resolved by the division-limiting process
(lower). (C) Measured and modeled correlation pattern with Spearman rank correlation coefficient
and bootstrap 95%-confidence bounds. (D) Proportion of simulated cells limited by growth or
progression. (E) Correlation of simulated mother-daughter cycle lengths colored by their division
limitation: both by z, (gray), both by z, (green), mother z, - daughter z, (magenta), mother z, -
daughter ¢, (cyan). Percentage of cells in each subgroup and their correlation coefficients are
shown. (F) Correlation of simulated cousin-cousin cycle length colored by the limitation of the
common grandmother: by z, (orange) or z, (blue). (G) Autocorrelations along ancestral line of cycle
length 7, growth time z, and the progression time z,, and the cross-correlation z,z,.

Figure 3-Figure supplement 1. Parameterized growth-progression model generates long-range
memory.

Figure 3-source data 1. Best-fit parameter values of the growth-progression model for all exper-
iments shown, obtained from ABC-simulations. Cell size was assumed to increase exponentially
except for MYCN-inhibited cells, which were modelled by a logistic growth process with a fixed nor-
malised maximum cell size s, equal to 20 times the threshold division size. The bottom two rows
show the parameters used for simulated perturbations of growth cycle progression, respectively.

169 During symmetric cell division, both cell size and regulators of cell-cycle progression are
o passed on from the mother to the daughter cells (Spencer et al., 2013; Yang et al., 2017;
1w Arora et al., 2017; Barr et al., 2017). We now show that simple and generic inheritance
12 rules for these two variables provide a physical realization for BAR Model V.

173 To divide, cells need to both grow to a minimum size (Shields et al., 1978) and receive
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7a  license to progress through the cell cycle from the regulatory machinery (Novak et al.,
s 2007). Indeed, growth and cell-cycle progression can be separately manipulated experi-
76 mentally in mammalian cells (Fingar et al., 2002). In particular, cells continue to grow in
177 size when regulatory license is withheld, e.g., in the absence of mitogens, and growth is
s not otherwise constrained, e.g., by mechanical force or growth inhibitors (Fingar et al.,
179 2002; Conlon and Raff, 2003).

180 While growth and cell-cycle progression are separable and heritable processes, they
w1 also interact. At the very least, the length of the cell cycle needs to ensure that cells grow
12 to a sufficient size for division. This interaction alone implies an effect of one inherited
183 variable, cycle progression, on the other, cell growth, that anti-correlates subsequent cell
18 cycles (as required by BAR model V): If a delayed regulatory license prolongs the mother’s
s cell cycle, it will grow large. By size inheritance, its daughters will be large at birth, reach a
16 Size sufficient for division quickly and hence may have shorter cell cycles. Thus, despite
w7 inheritance of growth and cell-cycle regulators mothers and daughters may have very
18 different cycle lengths due to this interaction.

189 Based on these ideas, we formulated a simple quantitative model of growth and
0 cell-cycle progression on cell lineage trees. We introduced the variables “cell size” s, mea-
11 suring metabolic, enzymatic and structural resources accumulated during growth, and p,
192 characterizing the progression of the cell-cycle regulatory machinery. Unlike the latent
193 variables of the BAR model x; and x,, their mechanistic counterparts s and p, respec-
14 tively, are governed by rules reflecting basic biological mechanisms (Figure 3A, Appendix
195 3). Size s grows exponentially and is divided equally between the daughters upon di-
w6 vision. We found that under some experimental conditions generating long cell cycles
17 (downregulation of MYCN, see below), stable cell size distributions required feedback
s regulation of growth rate, as seen experimentally (Sung et al., 2013; Tzur et al., 2009); we
199 implemented this as a logistic limitation of growth rate at large sizes for these conditions.
20 The progression variable p determines the time taken for the regulatory machinery to
2 complete the cell cycle, which is controlled by the balance of activators and inhibitors of
22 cyclin-dependent kinases. These regulators are inherited across mitosis (Spencer et al.,
w3 2013; Yang et al., 2017; Arora et al., 2017; Barr et al., 2017) and hence the value of p is
24 passed on to both daughter cells with some noise. Cells divide when they have exceeded
25 a critical size, requiring time z,, and the regulatory machinery has progressed through
206 the cycle, which takes an approximately log-normally distributed time (Ry/ et al., 2017,
27 Mitchell et al., 2018) modeled as 7, = exp(p). Hence the cycle length is z = max(z,, 7,).
28 Apart from requiring a minimum cell size for division, the growth-progression model
20 does not implement a drive of the cell cycle by growth and thus allows cells to grow large
20 during long cell cycles. By this mechanism, the cell size variable s is influenced by cycle
an progression, analogous to the BAR variable x,. By contrast, the progression variable p is
22 not influenced by cell size, analogous to the variable x, in the BAR model.

213 We fitted this model to the measured lineage trees by Approximate Bayesian Compu-
24 tation (Figure 3-Figure Supplement 1A and Figure 3-source data 7). The parameterized
25 model yielded a stationary cell size distribution (Figure 3-Figure Supplement 1B) and
26 reproduced the cycle-length distribution (Figure 3B and Figure 3-Figure Supplement 1C)
27 as well as the ancestral and intra-generational correlations (Figure 3C and Figure 3-Figure
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28 Supplement 1D). Thus the dynamics of cell growth and cell-cycle progression, coupled
219 only through a minimum-size requirement, account for the intricate cycle-length patterns
20 in lineage trees.

21 To gain intuition on the inheritance patterns of cycle length, we first considered an-
a2 cestral correlations, focusing on mother-daughter pairs. Individual cell cycles in the
23 model are either growth-limited, i.e. division happens upon reaching the minimum size,
24 Of progression-limited, i.e. the cell grows beyond the minimum size until the cycle is com-
2s  pleted (Figure 3D and Figure 3-Figure Supplement 1E). If both mother and daughter are
26 progression-limited (i.e., the threshold size is exceeded by both), their cycles are positively
27 correlated (Figure 3E, green dots). As in this case size inheritance is inconsequential, this
28 positive correlation is explained by the inheritance of the cell-cycle progression variable p
29 alone. By contrast, all mother-daughter pairs that involve at least one growth limitation
20 show near-zero (Figure 3E, cyan dots) or negative correlations (Figure 3E, magenta and
an  black dots). This pattern is explained by the anti-correlating effect that daughters of
22 longer-lived and hence larger mother cells require on average shorter times to reach
a3 the size threshold. Next, we considered intra-generational correlations, focusing on first
24 cousins (Figure 3F). While cousins are positively correlated overall, this correlation is car-
25 ried specifically by cousins that descend from a grandmother with a progression-limited
26 cell cycle (Figure 3F, blue dots), whereas cousins stemming from a growth-limited grand-
27 mother are hardly correlated (Figure 3F, orange dots). Since progression-limited cells can
28 grow large, this observation indicates that cousin correlations are mediated by inheritance
29 Of excess size, as is confirmed by conditioning cousin correlations on grandmother size
20 (Figure 3-Figure Supplement 1F). Size inheritance over several generations is also evident
21 in the autocorrelation of the time required to grow to minimum size, z, (Figure 3G and
22 Figure 3-Figure Supplement 1G, black dots). The autocorrelation of the progression time
23 7, is also positive (but less long-ranging; Figure 3G and Figure 3-Figure Supplement 1G,
24 green squares), while the negative interaction with growth is reflected in the negative
us Cross-correlation (Figure 3G and Figure 3-Figure Supplement 1G, red triangles). In sum,
s the long-range memories of cell-cycle progression and cell growth are masked by negative
a7 coupling of these processes, causing rapid decay of cell-cycle length correlations along
28 ancestral lines (Figure 3G and Figure 3-Figure Supplement 1G, orange triangles). These
a9 inheritance characteristics of the growth-progression model mirror those of BAR model V
0 (see Figure 2D).

»  Effects of molecular perturbations on cell-cycle correlations are cor-

» rectly predicted by the model

3 If the growth-progression model captures the key determinants of the cell-cycle patterns
4 in lineage trees, it should be experimentally testable by separately perturbing growth
s versus cell-cycle progression. We first derived model predictions for these experiments.
6 Intuitively, if growth limitation were abolished by slowing cell-cycle progression, only
27 progression would be inherited and therefore mother-daughter correlations of cycle time
s could no longer be masked. As a result, we expect intra-generational correlations to be
9 reduced relative to ancestral correlations when inhibiting cycle progression; conversely,
20 inhibiting growth (and thereby increasing growth limitation) should raise them. Indeed,
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21 Using the model to simulate perturbation experiments (Figure 3-source data 1), we found
%2 that growth inhibition increased cousin correlations relative to mother-daughter correla-
3 tions, whereas slowing cell-cycle progression decreased these correlations (Figure 4A).
264 To test this prediction, we slowed cell-cycle progression experimentally by reducing
s MYCN, exploiting the doxycycline-tunable MYCN gene integrated in the TET21N cells. Cells
26 grew to larger average size (Figure 4B, blue lines) over longer and more variable cell cycles
27 (Figure 4C). These data show that lowering MYCN slowed cell-cycle progression while
s allowing considerable cell growth. Further consistent with this phenotype, expression of
0 MTOR, a central regulator of metabolism and growth (Fingar et al., 2002), was not lowered
20 (Figure 4-Figure Supplement 1A). In a separate experiment, we inhibited cell growth by
an - applying the mTOR inhibitor rapamycin, which reduced cell size by a small but repro-
22 ducible amount (Figure 4B, red lines). This treatment also lengthened the cell cycle slightly
23 (Figure 4C) but without changing MYCN protein levels (Figure 4-Figure Supplement 1B).
a2 Thus lowering MYCN and inhibiting mTOR are orthogonal perturbations that act on cell-
a5 cycle progression and cell growth, respectively. As predicted by the growth-progression
2 model, these perturbations resulted in markedly different cycle-length correlation pat-
27 terns within lineage trees (Figure 4D,E and Figure 4-Figure Supplement 1C,D): Lowering
22 MYCN decreased intra-generational correlation and, in particular, removed second-cousin
29 correlations. By contrast, rapamycin treatment strongly increased intra-generational
20 correlations and caused ancestral correlations to decline only weakly. Collectively, these
2 findings support the growth-progression model of cell-cycle regulation.

» Cousin correlations reflect active cell-size checkpoint

23 We then asked whether the cycle-length correlation patterns experimentally observed
24 in lineage trees contain information about the underlying regulation. To this end, we
s fitted the BAR and growth-progression models to MYCN and rapamycin perturbation
26 data. We again obtained good agreement with the data (Figure 4C,D and Figure 4-Figure
27 Supplement 1C-E,G-J). MYCN knockdown cells grew larger; to obtain a stable cell-size
28 distribution for the corresponding model fits, we implemented logistic regulation of
20 growth rate at large cell sizes. When we applied, for comparison, this regulation to the
20 control and rapamycin treatment data, the model fits (Figure 4-Figure Supplement 2)
2 Were not noticeably affected compared to purely exponential growth. This result indicates
22 that growth rate regulation affecting large cells, as found experimentally (Ginzberg et al.,
203 2018), is compatible with long-range intra-generational correlations in cell-cycle length.
294 In terms of fit parameters of the model, MYCN inhibition caused considerable slowing
25 Of cycle progression and also a moderate decrease in growth rate (Figure 3-Figure Supple-
ws ment 1A, parameters u and k, respectively). As a result, the vast majority of cell cycles were
27 progression-limited (Figure 4F and Figure 4-Figure Supplement 1F). For the rapamycin-
28 treated cells, we estimated growth rates that were lower than for the control experiments
29 ON average, as expected (Figure 3-Figure Supplement 1A, parameter k). Also, correlations
a0 in cell-cycle progression increased in mother-daughter and sister pairs (p