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Leveraging polymer modeling to reconstruct
chromatin connectivity from live images

Sayantan Dutta,’ Ashesh Ghosh," Alistair N. Boettiger,” and Andrew J. Spakowitz' %"

"Department of Chemical Engineering, Stanford University, Stanford, California; 2Department of Developmental Biology, Stanford University,
Stanford, California; *Department of Materials Science and Engineering, Stanford University, Stanford, California; and “Program in Biophysics,
Stanford University, Stanford, California

ABSTRACT Chromosomal dynamics plays a central role in a number of critical biological processes, such as transcriptional
regulation, genetic recombination, and DNA replication. However, visualization of chromatin is generally limited to live imaging of
a few fluorescently labeled chromosomal loci or high-resolution reconstruction of multiple loci from a single time frame. To aid in
mapping the underlying chromosomal structure based on parsimonious experimental measurements, we present an exact
analytical expression for the evolution of the polymer configuration based on a flexible-polymer model, and we propose an al-
gorithm that tracks the polymer configuration from live images of chromatin marked with several fluorescent marks. Our theory
identifies the resolution of microscopy needed to achieve high-accuracy tracking for a given spacing of markers, establishing the
statistical confidence in the assignment of genome identity to the visualized marks. We then leverage experimental data of locus-
tracking measurements to demonstrate the validity of our modeling approach and to establish a basis for the design of exper-
iments with a desired resolution. Altogether, this work provides a computational approach founded on polymer physics that
vastly improves the interpretation of in vivo measurements of biopolymer dynamics.

SIGNIFICANCE The dynamics of chromatin structure is important for understanding a number of in vivo biological
processes, such as gene regulation and replication of the genetic material. In this article, we develop a polymer-physics-
based method of reconstructing chromatin architecture by finding the most probable connectivity between
indistinguishable spots from live imaging. Combining theory, simulation, and live imaging data, we identify the boundaries
in length scale and timescale where the algorithm functions with high accuracy. This framework, coupled with live imaging
of chromosomes fluorescently labeled at multiple points, establishes a basis for determining the interplay of the polymer
structure, biological processes, and the surrounding medium impacting the dynamics of chromatin.

INTRODUCTION would enable us to interpret how the observed motion re-
lates to the governing chromosomal physics and active bio-
logical processes.

Polymer modeling has emerged as an essential tool for
interpreting experimental measurements of chromosomal
organization and dynamics. Tracking of individual chromo-
somal loci results in complex behavior such as subdiffusive
motion and temporal memory (9-13), which are well
described using classical polymer physics models (14)
adapted to include environmental viscoelasticity (15), active
biological processes (16-21), and architectural looping
(22-24). Extending these experimental methods to the im-
aging (4-6,25) and tracking (26,27) of multiple genomic
loci poses additional challenges for interpreting the motion
and predicting the underlying structure. However, polymer
modeling is well suited to reveal the physical effects driving
the interlocus coordination within the observed behavior

Recent advances in imaging, gene editing, and fluorescent
marking of chromosomal loci enable the study of chromo-
somal organization and dynamics at exquisite detail (1-8).
However, live imaging of chromosomes with different
colored marks remains experimentally challenging due
to spectral overlap between fluorophores, limitations in
orthogonal attachment chemistries, and restrictions in
spatial and temporal resolution of imaging. Fully exploiting
live imaging of chromosomes requires a reliable approach to
reconstruct the dynamic chromosomal architecture from
live images of multiple marks with single colors, which
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(28,29). Genome-scale mapping of genomic contacts using
conformation capture techniques, such as Hi-C (1-3,30),
has provided invaluable insight into the multiscale organiza-
tion of chromosomal DNA, and physical insight into the
driving forces behind compartmentalization and local asso-
ciations is captured by polymer models that incorporate
organizational proteins and epigenetic marks (23,31-42).
Here, we propose an algorithm based on the principles
of polymer physics to assign genomic identity to fluorescent
markers within live images of chromosomes, where the spots
are identically labeled and therefore indistinguishable (Fig. 1
A-F). This approach leverages the statistical behavior of a
flexible polymer for the analysis, as this has been shown to
capture in vivo chromosomal behavior (9-11,24,43). We pre-
sent the analytical solution for the governing statistics that
maps the genomic identity of spots between subsequent im-
ages, providing a basis for spot identification. We demonstrate

FIGURE 1 A demonstration of the algorithm of
reconstructing chromatin connectivity. (A) Sche-
matic of five different fiducial marks spaced with
spacing An along a genomic sequence. (B) Chro-
mosomal (polymer) configurations at two consecu-
tive time points separated by time At from Rouse
polymer simulations. (C and D) Synthetic images
demonstrating live imaging of fiducial marks
tagged with fluorescent label of the same color.
The colored circles in (C) denote the genomic iden-
tity of spots shown in (A), whereas identity of spots
is unknown at the later timepoint (D). (E) Four as-
signments of spots to different permutations of
genomic positions in order of probability. The
darker connecting lines indicate higher probability.
(F) True assignment of the polymer positions from
the simulated model. The most probable assign-
ment is the same as the ground truth representing
an ideal scenario of tracking.

the quantitative reliability of this algorithm by comparison
with two-spot experimental data. This work provides a basis
for establishing confidence in spot identification as a function
of number of spots, temporal and spatial resolution, and inter-
genomic spacing of labeled marks, opening the door to fully
exploit experimental measurements of chromosomal organi-
zation and dynamics in living cells.

MATERIALS AND METHODS

Probabilistic description of polymer
configuration

We begin our analysis by defining the Rouse polymer model (14) that de-
scribes the physics of a flexible polymer chain subject to Brownian fluctu-
ations in a viscous medium. This polymer model often acts as a basis for
describing the dynamics of chromosome loci (9,15,24,44) at a length scale
significantly higher than the persistence length of chromatin. We define a
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polymer chain as a spatial curve with monomer position n that runs from
0 at one end of the chain to the total chain length N, defined as the number
of Kuhn lengths b in the polymer. In this model, the position of the nth
segment of the polymer 7(n, t) evolves according to the Langevin equation
of motion:

gaf'(n,t) B
o0 b on?

25
SkBTa r(n,t) +fB<n7[)7 (1)

where £ is the coefficient of viscous drag. The Brownian force fB arises
from thermal fluctuations at temperature 7 and is governed by the fluctua-
tion dissipation theorem, written as

(Fa(n,Of g, 1)) = 2ksTES(n — n)o(t — ), (2)

where I is the identity matrix.

This polymer model is often studied as a linear superposition of ortho-
normal modes, which are eigenfunctions associated with Eq. (1) and are
defined as

1 p =20
(pp(n) B \/Ecos(l%) p>0. )

The time-dependent amplitude of the pth mode can be calculated as
)_f],(t) = N7' [§ F(n, 1)@,(n)dn. We derive (17,45) the expression for

‘X t)—the probability density of a normal mode being X at

. . . .20 .
time 7 given the amplitude of the same mode is X, ~ at time zero (Supporting

material, section 1). For p#0, this is given by
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Cy(t) = (Yﬁo) X,) = (ND* [p*n2) exp (— p’t /7z), where g = EN?b?/
(3w%kgT) is the characteristic time of relaxation of the longest wavelength
mode (i.e.,p = 1), often referred to as the Rouse time. N, p are normaliza-
tion constants corresponding to individual modes. For center-of-mass diffu-
sion (i.e., p = 0), the probability Py obeys Gaussian diffusion with a
center-of-mass diffusivity Dcom = kT /(NE).

We now consider a set of marked sites on the polymer chain. At time
zero, there are M(Y) marked sites located at monomer positions n(o where
i = 1,2,...,M© and spatial positions 7} A0 = 7(n © ,0). At time 7, there are
M marked sites located at monomer positions 7;, where i=1,2,...,Mand
spatial positions 7; = 7(n;,t). Frequently, the marked sites remain the same
across time frames (i.e., {n} = {n(®}), but our theory accommodates in-
stances where the mark identities change from one frame to another, such as
marks leaving the frame of view, and coupling of asynchronous imaging of
two different type of marks. The spatial positions are centered by subtract-
ing the center of mass of the marked sites, such that A7, = 7 —
M1 /M: |7 By construction, "7 A7 = 0, leavingM — 1 independent
vectors A7, fori = 1,2,...,M — 1,and AFy = 72171 AF; (similar for
AR,

From the modal decomposition, we find the probability Py, of a set of
monomer segments being at { A7} at time ¢ given the initial monomer seg-
ments were at { A%} at time zero, resulting in the expression:
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We define the centered normal modes Ag,(n;) = @,(n;) — M~!

1y and 80 (17 ) = 0, (1" ) = O] ' (-
We note that converting to centered coordinates and normal modes elimi-
nates the center-of-mass diffusion (i.e., p = 0) from the governing statis-
tical distribution.

Utilizing properties of the Fourier transform and Gaussian integrals (see
Supporting material, section 2), we evaluate the integral in Eq. 5 as

Py({AT}{AF) };1) =

1 1
% exp [— 3 (Arm — B,jArj(2>

< (@), (Ar,ﬁa ~ By; A;»/S?l) ] (6)

where A is a normalization constant, the repeated indices 7,7 run from 1 to
M — 1, andj,; run from 1 to M®) — 1, and the index a sums over the im-
aging dimensions d (i.e., three-dimensional i 1mages Wlth X,y,z data have

d = 3). We deﬁne the matrices g;; = C,(I, — C (C 0)71)” Cfﬁ), and
B = Ci(ﬁ) (C(O) ), , with correlation matrices Whose elements are given by
cy = Z C,(0)Ag, (n;)Ap,(ny),

p=1
o _ Y\ ) )
Y = 3¢, 0)800 ( )A(pp (n], ) %
p=1
0)(,,(0)
= 3 G080, )00 (1),
p=1

The algorithm of spot assignment

The mark positions can be reordered within the set { A7} to iterate through
the genomic assignments of the M marks, and we define the set associated
with the kth assignment as {A7},. If there are M spots imaged, there are M!
permutations of spots assignments to different genomic positions (i.e., k =
1,2,...,M!) that can be considered. We define the probability of assignment
k being the true configuration py, which is proportional to the local proba-
bility density of the corresponding configuration, computed as

P ({AF} [ {87} 1)

Pr = _; — .
W Py ({AF) [{AFO); 1)

®)

We demonstrate the assignment process by using trajectories from nu-
merical simulations of the Rouse model. Given the connectivity of spots



leading to a specific configuration at # = 0 (Fig. 1 C) and positions of spots
at time At without specific connectivity (Fig. 1 D), we aim to find the most
probable connectivity at time Az. Among all possible configurations, we
show four configurations with highest probability (Fig. |1 E). The probabil-
ity of the most probable configuration is significantly higher than all other
configurations, and it corresponds to the ground truth from the dynamic
simulation (Fig. 1 F).

Numerical simulation of Rouse polymer model

To simulate a Rouse polymer, we perform a numerical integration of a
discrete form of the Langevin equation, given in Eq. (1). We nondimension-
alize this equation by scaling the positions with respect to the root mean-
squared end-to-end distance (§ = 7/ \/IW), time with respect to Rouse
time (1 = w*t/7g), and segment position with respect to total number of
Kuhn segments (n = n/N). This results in the expression:

pn,7) _ 3B(n,7) |
61' - anz + (pB(n, T)7 (9)

where the dimensionless Brownian force @z(n,7) has the property
(@p(n,7)-Bg(n',7)) = 28(n — ')6(r — 7 )I. For numerical integration,
we discretize the polymer into N segments represented by (N +1) beads.
We simulate the time evolution of the coordinates of the ith bead in dimen-
sion « as

pi,a(’r + 67) = pi,a(T)

pi*lﬁzx(T) - 2pi,a(T) + pi+1,a(7)
on?

+ oT

20T
—N(0, 1 10
/35,01, (10)

where 6n = 1/N is the normalized spacing between the beads, o7 is the
normalized timestep for integration, and N(0, 1) is taken from a Gaussian dis-
tribution of numbers with 0 mean and unit variance. We generate the initial
configurations of the simulation from an equilibrium distribution of the Rouse
polymer by setting p;,,(0) = p;,(0) + %"N(O, 1). For the simulations
presented in this manuscript, we choose N = 100 and 67 = 10~ 7.

RESULTS

Dynamics of chromosomal loci is consistent with
Rouse model

We utilize the trajectories of two markers of chromatin
separated by a distance of ~120 kb attached to a mouse
chromosome of length ~160 Mb imaged in two different
channels (46) (Fig. 2 A) to check if the Rouse polymer
model (14) realistically represent the dynamics of chromo-
some loci. We use the quantity mean-squared change in
distance (MSCD), defined as ((AF(r) — AF(0))?), where
AF(r) is the displacement between the two spots at time
t. This quantity is specifically powerful for tracking exper-
imental dynamics as it only considers the relative displace-
ment between the spots and eliminates any experimental
drift or large-scale motion. For a long flexible polymer,
MSCD of two spots in the middle of the chain separated
by a distance of An Kuhn units can be calculated as follows
17):
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FIGURE 2 Polymer model for chromosome dynamics. (A) A schematic
of two loci marked on a chromosome (represented as a flexible polymer)
and the vector denoting their relative displacement (/eft), and the right im-
age shows a magnified version of the same with elaborated microscopic fea-
tures such as helical coiling of chromatin around nucleosomes (right). (B)
Mean-squared change in displacement (MSCD) of two such loci as a func-
tion of time from live imaging data (46) (solid line). The dotted line repre-
sents theoretical predictions of the MSCD using the Rouse model. The
dashed line represents a slope of 0.5 in the logarithmic scale.

((AF(r) — AF(0))*) = 16 f: ACy, 4 (t

> Jsin® {(2;7 + 1)7rAn]7

2N
)

where AC, (1) = (Nb* /p*m?)[1 — exp (— p?t/7r)], Nis
the total number of Kuhn segments in the polymer chain, b
is the Kuhn length, and 75 is the Rouse time of the polymer.

The MSCD calculated from live imaging data is consis-
tent with Rouse polymer dynamics with a 7 scaling in
the early time and saturation in long time (17,29,47)
(Fig. 2 B). Next, to estimate the length and timescale of
the chromosomal dynamics, we fit Eq. (11) to the experi-
mental data with the root mean-squared end-to-end distance
bv/N and the Rouse time 7% as free parameters (Fig. 2 B).
The analysis reveals the value of these two parameters to
be 14.80 um and 2.4 x 103 s, respectively.
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We note that the genomic distance between the two spots
imaged here is significantly higher (~ 103 times) than the
persistence length of DNA and consists of a large number
(~ 10°) of nucleosomes, the units of microscopic models
of chromatin (41,42). Our result suggests that the chromo-
somal dynamics at large length scale (relevant for live imag-
ing) can be captured by a flexible polymer model (Fig. 2 A,
left), whereas features such as semiflexible nature of the
chain and excluded volume effect play a more important
role in the mechanics at smaller length scales (Fig. 2 A, right).

Dynamics of memory of polymer configurations

The probability distribution derived in Eq. (6) takes the form
of a multivariate Gaussian distribution (materials and
methods). The time-dependent matrix B;;({n}, {n'®}, ) lin-
early transforms the configuration at timeOO to the mean
configuration at time ¢ as (Ar;,) = Zﬁl_lBl-jAr;f)a) for
each segment i. The individual elements of the matrix
ai({n},{n»},) denote covariance between the positions
of the polymer segments i and j. The diagonal elements of
the matrix ¢;; represent the variance of individual polymer
segments at ¢ (see Supporting material, section). The mean
and variance of the position of the Mth spot is set by the
other M — 1 spots as (AFy) = wagl YAF), and
(AT — (AR = Efw: ]lzgtllaﬁ/, respectively.

We show the progression of the mean and variance of a
polymer conformation over time in Fig. 3 A. At time t =
0, we generate a polymer configuration from the equilibrium
distribution of a two-dimensional Rouse polymer described
by 100 Kuhn segments, shown in Fig. 3 A. The mean confor-
mation over time is shown as the solid black lines, and the
standard deviation (i.e., square root of the variance) at each
monomer position is indicated by the gray circles. The anal-
ysis shows that the polymer loses the features of the initial
structure with time. With increasing time, only the large-
scale features are retained, and eventually, the mean positions
of all of the segments coincide with the center of mass. The
variance of the positions rises and at ¢ > 7 approaches a
steady state (Fig. 3 A and B). In all time, the variances of
the bead positions decrease from the free ends to the middle
of the chain due to dangling chain ends (Fig. 3 B).

Characterizing the performance of spot
assignments

Our theoretical framework provides the necessary input to
assign the imaged marks to specific genomic positions
(materials and methods; Fig. ). We evaluate the performance
of assignment for different number of spots M, genomic dis-
tance between spots An, and time lag Az utilizing trajectories
from the numerical simulations. For high genomic distance
and short time lag, the standard deviation of the individual
spots is significantly smaller than the interspot distances
(Fig. 4 A). Furthermore, the ground truth has significantly
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FIGURE 3 Theoretical prediction from our polymer dynamics model.
(A) Evolution of the mean and standard deviations of the polymer bead po-
sitions given a structure at ¢+ = 0 as a function of time. The dark line rep-
resents the mean position of polymer segments. The gray circles represent
the standard deviation of each bead position. (B) Standard deviations of
bead positions as a function of genomic position (n) at different times.

higher probability than all other possible assignments. As
the time lag increases (Fig. 4 B) or the genomic distance be-
tween the spots decreases (Fig. 4 C), the standard deviation
associated with the individual spot position approaches and
eventually surpasses the interspot distances. In those cases,
a number of assignments have similar probability (Fig. 4 B
and C), and often the assignment corresponding to the ground
truth does not have the maximum probability. For tracking
the polymer with high confidence and accuracy, we need to
be in a regime where the relative probabilities among the as-
signments coincide with conditions demonstrated in Fig. 4 A.

To quantitatively assess the confidence of the assignment,
we define the entropy of assignment (48) as § = —
> pi log py. For assignments with high confidence, a single

k
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FIGURE 4 Performance of spot assignment as a function of physical parameters. (A—C) Genomic positions (fop), mean position and standard deviation of
the marks (middle), and relative probabilities of spot assignment (bottom) for different genomic spacing An and time lag Az. (D) Entropy of the spot assign-
ment as a function of An and At for five spots. The specific parameters shown in (A)—(C) are marked with solid circles. The solid line represents the timescale,
when the standard deviation of spot position is comparable to the interspot distances.

assignment has probability close to 1, and the entropy S ap-
proaches 0. On the contrary, conditions where multiple assign-
ments have significant nonzero probability leads to larger
entropy S associated with the uncertainty in spot assignment.
We calculate the entropy of the assignment for a range of
genomic distance and time lag and average it over 100
different equilibrium simulations (Fig. 4 D). The entropy in-
creases as the marks become genomically closer and the
time lag between the frame increases. In all the cases, the en-
tropy S remains small for a significant range of parameters. We
identify the boundary for the low entropy region in the param-
eter space as conditions where the positional variance of indi-
vidual segments approaches the average intergenome distance
between spots. Specifically, we calculate the time lag Ar for
which the mean standard deviation of the spot is equal to
half of the root mean-squared distance between the spots
from the equilibrium statistics of Rouse polymer, evaluated as

1 M—1 A b2
= > aul{n} {n}, A1) = ’1 .12

i=1

The corresponding curve closely represents the boundary
between the high and low entropy regions. Fig. 4 D shows
this boundary for five spots, providing an estimate of the
genomic distances that can be resolved for a given time res-
olution for tracking the polymer. We obtain the same time-
scale for M = 4and M = 6 spots as well. We compare the
boundary location for M = 4, 5, and 6 in Fig. 5. The time-
scale is indistinguishable for different numbers of spots for
small spot distances. However, it reduces with number of
spots for higher spot distances.

Although it is possible to evaluate the relative probabil-
ities of all possible configurations for a small number of
spots, the number of possible assignments increases expo-
nentially with the number of spots, and algorithmic steps
are necessary to render the approach computationally

tractable. For example, an increase in the number of spots
from 5 to 10 results in the number of possible assignments
increasing from 5! = 120 to 10!>3x 10°% For high
genomic distance and low time lag, g;; is effectively a di-
agonal matrix, which makes the probability of individual
spot position independent of others and allows the algo-
rithm to scale polynomially (instead of exponentially)
with the number of spots to find the most probable assign-
ment of spots (49). We show that the spot identification is
of similar accuracy in the corresponding parameter sets
(Supporting material, section 3; Fig. S1).

Tracking trajectories from live imaging

We demonstrate that our polymer-based spot assignment real-
istically represents the dynamics of a chromosome (Fig. 2).
Next, we identify the time resolution of the microscopy in

10_1 T T T
[t
g 1072 L
<
1073 1 1 1
0.05 0.1 0.15 0.2
An/N

FIGURE 5 The timescale where the standard deviation of the spot posi-
tion is comparable to the interspot separation as a function of genomic dis-
tance between spots for M = 4, 5, and 6 spots.
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FIGURE 6 Accuracy of tracking in live imaging
data. (A) A schematic of live imaging of two spots
of a polymer (chromosome) with two different
markers and the corresponding images at two time
points separated by 6t. (B) A schematic of the spot
identification problem: known spot identity at t =
0, two spots with unknown identities at ¢ At,
true assignment (denoted by probability P;), and
false assignment (denoted by probability P,) (from
left to right). (C) For a specific pair of markers, ac-
curacy of spot assignment as a function of time res-

(o3 D accuracy olution. The overlaid dotted lines represent the same
for configurations taken from equilibrium distribu-
05 06 07 08 09 1
tion of the Rouse model. (D) Accuracy as a function
of genomic distance and time resolution for config-
1 i urations from equilibrium distribution of the Rouse
' PRI 104 model. The solid line represents a contour map for
0.9 e 80% accuracy, and the dotted line represents a line
.".o, with slope m = 2.
@’
2 0.8 . —
© » 10
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real units for accurate tracking. We utilize the same live imag-
ing data shown in Fig. 2 with two marks separated by 120 kb
labeled with two different channels situated on a ~ 160-Mb-
long mouse chromosome for this purpose. We show that
when the distance between spots is significantly smaller than
the chain length (ie., An/N = 7.5x 107* < 1), the
expression of probability density becomes only a function of
interspot distances and is insensitive to exact spot position
on the genome (Supporting material, section 4; Fig. S2). We
utilize this approximation and the physical parameters esti-
mated in Fig. 2 B to evaluate the performance of our algorithm
on the experimental data, and we calculate the relative proba-
bilities of the two possible assignments given the spot posi-
tions at an earlier time point (Fig. 6 A).

Specifically, we quantify the accuracy by calculating
the fraction of cases where the ground truth (i.e., the cor-
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rect assignment of spots marked by green and purple) has
greater probability than the second possible assignment
(i.e., Py >P;) (Fig. 6 B). For time resolution less than
100 s, we achieve accuracy more than 80% (Fig. 6 C).
For the same basepair distances, we calculate the theoret-
ical accuracy by considering the initial points from an
equilibrium distribution of the Rouse model and the final
point from the probability distribution from the long-chain
approximation of Eq. (6) for the same configuration
(Fig. 6 C). We found that the accuracy for the experi-
mental trajectories closely matches the theoretical accu-
racy, suggesting again that our model results are
consistent with the dynamics of a chromosome in a living
cell. Using this theoretical framework, we determine the
variation of the accuracy with both the genomic distance
between the spots and the time resolution of the



microscopy. The analysis reveals that to achieve a con-
stant accuracy, the required time resolution scales with
the square of genomic distance (Fig. 6 D).

DISCUSSION

In this article, we show that the physical behavior of a
flexible polymer is consistent with the chromosomal dy-
namics observed in live imaging data (Fig. 2). Next, we
derive a probabilistic description of temporal memory of
the configuration of a flexible polymer (Fig. 3). We pro-
pose an algorithm for finding the most probable connec-
tivity of fiducial marks on chromosomes based on their
relative position at another time point. This algorithm
leads to the reconstruction of the dynamics of chromatin
architecture from live-cell imaging data (Fig. 1). Using
numerical simulations, we show that the algorithm is
capable of tracking configurations of polymers with high
confidence in time steps for which the displacement due
to fluctuation is significantly less than the interspot dis-
tances (Figs. 4 and 5). Finally, analyzing the live trajec-
tories of fluorescent spots on chromosomes, we find the
appropriate time resolution in real units for mammalian
chromosomes for assignment of spots separated by a
given genomic distance (Fig. 6).

We demonstrate and test the proposed algorithm for a
flexible free polymer subjected to Brownian fluctuations.
We would like to point out, however, that the theoretical
framework is also designed to take into account several
biologically relevant events connected to chromosome
dynamics. For example, active forces by molecular motors
can be included in this model (17). On the other hand,
looping of chromosomes mediated by cohesin (22-24)
can be taken into account by adding constraints on the
distances between two polymer segments. Summarily
this model is adaptable to incorporate existing experi-
mental knowledge into tracking. Future work will
examine at what time and length scale it is necessary to
incorporate these specific physical factors for accurate
tracking.

We test our algorithm with live imaging data of two fluo-
rescent spots and identify the time resolution where we can
track the spots accurately. Given the quantitative accuracy
in spot assignment of two spots, our algorithm forms the
basis for systematic assignment of multiple fluorescent
spots. This will enable us to reconstruct the live dynamics
of chromatin architecture with more detail, leading us to
gain a deeper understanding of chromosomal physics and
the associated biological processes that drive chromosomal
motion.

SUPPORTING MATERIAL
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