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Abstract. Short tandem repeats (STRs) are low-entropy regions in the
genome, consisting of a short (1-6 bp) unit that is consecutively repeated
multiple times. They are known for high mutational instability, due to
so-called stutter-mutations, in which the number of units in the run
increases or descreases. In particular, STRs with repeat unit length of
1-2 bp are prone to mutate even within several cell divisions. The ex-
tremely rapid accumulation of variation makes them interesting phyloge-
netic markers for retrospective single-cell lineage reconstruction. Here we
model their mutational dynamics at the level of individual repeat unit
motif and then aggregate length variations over many STR loci with the
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aim of obtaining a very fast “molecular clock”. We calibrate our model
based on several datasets with known lineage structure prepared from
cultured cells. We find that the mutational dynamics of STRs are reason-
ably consistent for a given cell-line, but vary among different ones. This
suggests that the dynamics are not entirely explained by mutations in
caretaker genes, rather, various other factors play a role — possibly tissue
origin and differentiation state. Further data and research is necessary
to asses their relative effects.

Keywords: short tandem repeats, microsatellites, STR, MS, lineage,
single cell

1 Introduction

Reconstructing the lineage of single cells is a problem of ongoing interest, with
implications in various fields. Most methods typically employed for this purpose,
however, require intensive intervention during the cell division process — either
manipulation of the cells themselves [13], or some modification of their genetic
material [9,/10,/11]. Hence they are not applicable to retrospective lineage re-
construction of human individual samples, where data are by definition limited
to a posteriori observations of naturally-occuring somatic mutations, and inter-
vention in vivo is not possible. While it is possible in principle to use single
nucleotide polymorphisms (SNPs) for this purpose, the resolution of such data
is limited by the comparably low mutations rates, around 10~® per site per cell
division [16], implying that even genome-wide sequencing with high coverage —
and the associated high effort and cost — will capture only a very small num-
ber of somatic mutations |6/18]. A possibly cost-saving alternative is to focus
on “hot-spot” SNPs; however, this results in a panel of SNPs partially driven
by selective pressure, thus invalidating the assumption of independence of mu-
tations and skewing the results [7]. This is particularly relevant in the case of
lineage-tracing of cancer, which is one of the major use-cases [5].

To overcome some of these problems, we have developed an assay for recon-
structing lineage based on sequencing particular regions of the genome known as
short tandem repeats (STRs, also known as microsatellites) [1,/12}/14]. These are
low-entropy regions, where a short (1-6 bp) motif of nucleotides, repeats itself in
direct consecution, with numerous (> 5) copies of the repeat unit following each
other. Due to the low entropy, during DNA duplication, the strands may detach
and reattach at an offset of one or severel repeat units, leading to a so-called
stutter mutation. As a consequence the number of repeat units, also referred to
as the length of the STR, increases or decreases. The rate for these mutations is
several orders of magnitude higher than that of random single point mutations:
estimates range from 1073-107° per site per cell division for di-repeats [17]. In
addition, STRs are considered evolutionary neutral [3]. The extremely rapid ac-
cumulation of differences in repeat length makes STRs, in particular those with
very short units, excellent candidates for tracing single cell lineage. The high
mutability, however, also creates difficulties for the analysis of such data:
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(1) The STR length observable in sequencing data differ from the in vivo state
because the unavoidable amplification steps during library preparation in-
troduce additional stutter mutations.

(2) Mutation rates differ substantially between loci and cell types.

The first point was addressed in a previous work [12]; our goal is to devise
a continuous-time Markov model describing in vivo temporal evolution of STR,
length, focusing on second point. This model may be then used as a fast molec-
ular clock, enabling estimations of distance in cell-divisions between single-cell
samples. This distance can then be used for reconstructing lineage trees of these
cells; the Markov model can also be used directly to asses and maximize the
likelihood of the tree topogies. Such trees, which, in addition to a topological
structure, also have reliable edge lengths, contribute toward a better understand-
ing of the evolution of the analysed tissues.

Our aim is to allow for different rates of evolution at each locus. The size of
our panel, consisting of thousands or tens of thousands of loci, however, makes
it infeasible to optimise all parameters simultaneously. Therefore, we proceed in
two steps. First, we estimate a separate base rate for the evolution of STR length
at each locus, and then we aggregate across groups of loci of the same repeat unit
motif. Then we iteratively repeat these two steps until the estimated parameters
converge. We use eight artificial lineage trees constructed from four different cell-
lines to estimate the evolutionary dynamics of STR evolution. Although there is
coherence between data from the cell types, we also observe significant variations
of the model parameters.

2 STR Data

STR data are produced by a specialized assay comprising the following steps:

(1) Following DNA extraction from the sample, whole genome amplification is
performed. Different protocols were used for different datasets: the Repli-G
protocol in the DU145 dataset, the Amplil protocol [2] in the HESC dataset,
and an in-house phi29-based protocol [15] in the two HCT116 datasets.

(2) The amplified DNA is hybridized with a panel of duplex molecular inversion
probes (MIP) that target genomic regions known to harbour a STR with
unique flanking regions. For details about this panel see [14]. In the HESC
dataset and the two HCT116 datasets, OM9 was used. In the DU145 dataset,
OM6 was used.

(3) The selected DNA is then gap-filled, ligated, prepared as standard Illumina
libraries and sequenced [14].

(4) The forward and reverse reads are merged using PEAR [19)].

(5) The paired-end reads are aligned to a custom index comprising the same
loci as the hybridization panel. For each locus, target sequences with dif-
ferent number of repetitive units are enclosed between unalterered flanking
sequences. Each mapped read therefore specifies a locus and STR length.

(6) For each STR locus, a histogram of observed lengths is determined.
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These STR length measurements cannot be used without corrections because
the in vitro amplification steps during library preparation introduce further stut-
ter mutations. The raw STR length data therefore follow a characteristic dis-
tribution. In previous work, a collection of reference distributions for the same
panel of loci was generated for various lengths of the original alleles [12]. The
distributions obtained from the sequencing data are then compared to the refer-
ence distributions taking 1 minus correlation as distance metric. In order to find
the best match, we use k-d tree search [4]. A further difficulty arises for the fact
that the cells of interest are derived of a diploid genome and hence for each lo-
cus there are (usually) two alleles. We therefore estimate a superposition of two
reference distributions. The result of this procedure is the best estimate of the
true in vivo STR length for each allele. In typical samples we assay 3000-8000
loci per sample, translating to 5000-10000 alleles.

Table 1: Overview of STR datasets used for model inference.

Tree # of leaves  # of unique cells Max. depth of leaf
DU145_A4 671 138 8
DU145_A4 _deep 405 84 4
DU145_A4 rest 266 54 7
HCT116 _MSI 80 80 3
HCT116_MSS 92 92 3
WIS_A8 90 35 1
WIS D1 523 438 11
WIS D11 33 15 1

In order to derive a model for converting STR. length data into evolutionary
distances we use a collection of datasets that were specifically prepared to in-
vestigate the use of STR length data. In brief, a culture is grown starting from
a single cell. At predefined time points, single cells are picked from this culture.
Some of these cells extracted and STR lengths data are measures, while other
cells form the seed for new cultures. This process is then repeated for several
generations to produce an artificial lineage tree. See [1] for more details about
the preparation. For the present study we use the following eight datasets:

— a tree origined from a single DU145 cell (prostate cancer, displaying mi-
crosatellite instablity) [1] (DU145_A4) as well as deep sub-clade of this tree
(DU145_A4 deep) and the complement of this sub-clade (DU145_A4 rest)

— a tree origined from a single HCT116 cell (colon cancer, displaying microsatel-
lite instablity) [15] (HCT116_MST)

— a tree origined from a single HCT116 cell with a functional version of the
MMR gene hMLH1 reintroduced [8l[15] (HCT116_MSS)
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— three trees origined from three related (same ampule) single HESC cells (first
published here) (WIS_A8, WIS D1, WIS D11)

Sizes of the datasets are detailed in Tab.[Il For a sketch of the structure of the
trees, see Fig. [S1]

3 Model of STR Length Evolution

We model the temporal evolution of STR length as a continuous-time Markov
chain. A practical difficulty is that STR lengths show large variations across
loci and hence we need to consider a fairly large number of states. For the
data described in the previous section we consider 5 < j, k < 38, i.e., lengths
between 5 and 38. To avoid complicated treatment of “partial” repeat units, we
only count complete repeat units and therefore take the STR length to be an
integer. In order to reduce the number of parameters that need to be estimated
indepenently for each locus we assume that we can decompose the rate matrix
for a given locus ¢ and repeat unit motif 7 in the following simple product form:

R((,7) = p(O)R(7) (1)

Here p(¢) is a single mutation rate specific for each locus £. In contrast, R(7) is
a matrix common to all loci of the same motif that describe the relative rates of
length changes. Note that we allow both p(¢) and R(7) to depend on the cell-line.
These parameters need to be therefore inferred independently for each dataset.
We further constrain the model by two additional plausible assumptions:

(1) The Markov chain is reversible and hence has a stationary distribution;
(2) This stationary distribution coincides with the empirical distribution of STR
lengths in the human genome.

The first assumption is clearly an approximation since STR that become too
short will not behave like STRs any more. Since the data we actually measure
are far away from this limit, it is nevertheless a safe assumption to make in our
setting. The short time-scale of stutter mutations strongly suggests that their
length distributions are equilibrated in the human genome.

In order to reduce the number of parameters that need to be estimated we
use a simple model for the relative rates R;, of a transition from length j to
k, and assume that these values depend only on the length of the STR and the
change in length. We first construct a symmetric, doubly-stochastic rate matrix
as following:

s . Jexp(y+alj+k)—Aj—k]), j#k
R, = - , (2)
{_Zi;éjRji? J=k

The parameter v is a scaling parameter. Such a symmetric rate matrix will
lead to a uniform stationary distribution. It can be adjusted to enforce a given
empirical stationary distribution by setting

R, (1) := s; ' Rjp(7) (3)
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Fig.1: Stationary distribution of STR length for the repeat unit motifs
T € {A,AC, AG, AT} in the reference genome hg38.

where s;(7) is the proportion of STRs of repeat unit motif 7 of length j in the
genome. A short derivation of this correction can be found in The
empirical distributions for the human genome are shown in Fig.

In order to efficiently fit the model to the observed STR count data for a given
sample, we proceed iteratively. We start with a uniform matrix of transition rates
R =J — NI, where I is the identity matrix, J is the matrix with entries 1, and
N is the size of the matrices (in our case 34). For this transition rate matrix,
we have the following closed-form solution for the probabilities S5 that j is
substituted by k after time ¢:

Su(t) = 5= = 1 (1~ exp(~N1))
" ()
Sik(t) =85 = i (I+ (N —1)exp(—Nt)) ifj#k

We aim to use the maximum-likelihood estimator to obtain p(¢) for each locus.
To this end, we compare the STRs in each pair of leaves u and v in the known
trees. We write d(u,v) for their divergence in the tree measured as the number
of generations, more precisely, passages of the cultures separating the two cell
colonies, plus 2 for the divergence of each sample from the founder of its colony.
For two cells within the same colony, this number is still taken as 2; a short
derivation of this can be found in Now we substitue the time
as t = p(f)d(u,v) in the above solution. Moreover, we write n—(¢,u,v) and
nx(¢,u,v) for the number of equal and distinct alleles between the two samples,
respectively. Note that n=(¢,u,v) + nx(¢,u,v) = 2 if v and v have two alleles
each for locus ¢, and n=(¢,u,v) + nx(¢,u,v) = 1 otherwise. The likelihood L(¥)
of observing a set pairs of STRs at given locus ¢ thus takes the form

log L(1) = 3 n (£, u,v) log S (ud(u, v)) + ns(¢,u, v) log S 4 (u(€)d(u, v)) (5)

u,v

A Newton-Rhapston search is sufficient to determine maxlog £ as a function of
14

Given the estimated values of u(¢), we proceed by refining the model for the
rate matrices R(7). We estimate a single matrix for all the loci of each repeat
unit motif £ € £(7). Again this is done for each tree separately. For a given locus
¢ and two samples u,v, we count the number a; (¢, u,v) of transitions j — k
from allele length j in u to allele length k in v, as follows:
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— If both v and v have a single allele, we count the single transition u; — v;.

— If both u and v have two distinct alleles, we order them as u; < us,v1 < va,
and count two transitions u; — vy and ugy — vs.

— If u has two alleles and v has one, we count a single transition of the allele
of u closer to the one in v, i.e. denoting i = minarg{|us — v1|, |u; — v1|} we
count u; — vg.

— If w has one allele and v has two, we count a single transition of the allele of
u to the one in v closer to it, i.e. denoting i = minarg{|u; — v1|, |Ju1 — va|}
we count u; — v;.

The likelihood function for a tree then takes the form

log L(7;7,a,\) = Z Z Zaj’k(&u,v)logSjk(u(E)d(u,v))

u,v LEL(T) jk (6)
with S(t) = exp(tR(7y, o, \))

For each value of the three parameters v, «, and A we can calculate the rate
matrix, and from it the transition probability matrices for the required time
points, in order to evalute log £. Optimization of log £ over the parameter space
is done using L-BFGS-B [20]; finding the maximal log-likelihood value, we obtain
the optimal parameters and our estimation of the rate matrices R(7).

We now proceed to re-estimate the rate coefficients of p(¢) based on the
newly estimated rate matrices. The expression for the likelihood

log £(6) = > > " a; (¢, u,v) log Sk ((¢)d(u, v)) .
u,v g,k 7

with S(t) = exp(tR(7(()))

is somewhat more involved than in , but still analytical and therefore a
Newton-Rhapston search can again be used. After re-estimating u, the rate ma-
trices R(7) are re-estimated as well using @ again. We observe that a third
iteration of estimation of y leads to no further noticable changes.

4 Results

In the top row of Fig. [2] we can see a density plot of the distributions of the
locus-specific rates pu, for the eight datasets listed in Sect. [2l They are grouped by
cell-line: the three DU145 trees (one tree and two subtrees), the two HCT116 trees,
and the three HESC trees. We note that all curves have a similar form, suggesting
some underlying common distribution, with varying parameters. We also note
some skews of the center of this distribution, corresponding to a difference in
the base rate of mutation.

For a more detailed comparison of the rates we computed linear regressions of
shared loci for each pair of trees. We begin by taking the correlations (R-values)
as a measure of similarity of the distributions (Fig. |3} left panel). Comparing rate
estimations for trees of different cell-lines, we observe a substantial difference,
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Fig.2: Distribution of locus-specific rates p estimated independently for the
eight datasets, and grouped by cell-line: the three DU145 trees are subsets of
the same tree; the three HESC trees are separately generated; the two HCT116
trees are grouped together, despite a genetic modification in the cell-line seeding
HCT116-MSS. See also [I} Top row are the raw coefficients; bottom row they are
scaled by the slope coefficients of linear regression within each group.

reflected through low correlations. Comparing the rate estimates for the same
cell-lines, however, we observe very high correlation for each pair DU145 trees
and each pair of HESC trees, respectively. The locus-specific rates for two HCT116
trees exhibit a lower correlation than the DU145 and HESC data. This is consistent
with the fact that these are two related cell-lines, but with a major genetic
modification concerning mismatch repair (MMR) . However the R-values are
still higher than the R-values computed by comparing completely different cell-
lines. This suggests that the common origin of the two variants of HCT116 still
plays a significant role.

Using the slope of the linear regression as an estimation for overall scaling of
rate (Fig. [3] right panel), we continue to the scaling of the rates estimated for
trees of the same cell-line. We note that the rates for the DU145 trees have very
little scaling, as would be expected since the three trees are essentially subsets of
the same tree. A 2.2-fold scaling of the rates of HCT116_MSI as compared to the
HCT116_MSS tree is also as expected, since the variants displaying microsatellite
instability should indeed be more quickly mutating. The large factor between one
of the HESC trees (WIS_D1) and the two others (WIS_A8, WIS_D11), of respectively
4.7 and 3.1, is somewhat surprising, but might be an artifact arising from the
shallowness of the two latter trees, which allows proper calibration of only the
faster-evolving loci. This might also explain the lower correlation compared to
DU145.

Scaling the locus rate distributions by the these slopes, we obtain the bottom
row of Fig. 2] For DU145 there is no large difference, but they are more closely
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Fig. 3: Linear regressions of the locus-specific rate parameters p(¢) between pairs
of samples: R-values (left) and estimated slopes (right). The slopes are column
against row, so that a higher-than-1 slope means the tree of the column mutates
more quickly than that of the row.
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Fig.4: Optimised rate-matrix model parameters, estimated separately for each
tree and repeat unit motif.

aligned. For HESC this successfully corrects the shift seen in the top row, aligning
the peaks of the density plot, and we can see the close relation of these distri-
butions, despite the scaling on both axes. For HCT116 the peaks are not aligned,
but the center of the distribution is. This highlights their lower correlation.

Let us now turn to the motif-specific parameters v, a, and \, as seen in Fig. [4
These were independently estimated for each repeat unit motif, and we consid-
ered only data for the four motifs 7 € {A, AC, AG, AT}. Although the parameters
have a straightforward interpretation in in the symmetric rate model f{, they
are confounded by the stationary length distributions in Fig.[1} Even though the
negative values of « appear to suggest that the mutation rate decreases with
repeat length, we observe that R in fact contains higher values for large lengths.

Again, we see a similar pattern of coherence between cell types. The param-
eters for each given 7 are very close among the DU145 trees, among the HESC
trees, and also between the two HCT116 trees. Remarkably, the parameters for
the HCT116 trees are significantly more similar to each other than the locus rates
are. This suggests that the common origin indeed plays a role in the length
transition rates, and that the modification in MMR gene hMLH1 might affect
certain loci more than others, but not so much the per-motif transition rates.
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5 Concluding Remarks

The main application for estimating the rate models described in the previous
section is retrospective single-cell lineage reconstruction, in particular of sam-
ple sets consisting of various healthy cells and cancer cells of various stages.
The variations in mutational behaviour among cell-lines, in particular the low
correlation of locus specific mutation rates, however, suggest that cells of dif-
ferent differentiation states might also vary in their mutational behaviour. This
presents a problem when attempting to reconstruct a tree composed of heteroge-
nous samples, which would require a unified model of mutation.

The datasets we analysed in this contribution provide us with limited insight
as to the factors governing this difference in locus specific rates and of length
transition rates. This is due to the fact, that they all belong to different individ-
uals as well as different cell types. In order to further investigate those factors,
we will require datasets controlling for these various factors — trees originat-
ing from the same cell type in different individuals, and trees originating from
various cell types within a single individual. Such datasets may allow us to de-
termine some commonalities and possibly develop a collection of models suitable
for reconstructing lineage of various datasets. This will require in addition the
development of a framework for estimating the likelihood of topologies which
include shifts between mutational models.

In addition to the lineage reconstruction concerns, a better understanding of
the factors determining the mutational behaviour of STRs might be of interest
as of itself. Microsatellite instability (a marked increase in the mutation rate of
STRs) is a well-studied phenomenon in cancer research, and further results of
our method might contribute to this research.
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Appendix A
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for a row vector p, denote by diag (p)_1 the diagonal matrix with entries p; .

One easily checks that p diag (p)f1 =1.

Lemma 1. Let R be a symmetric rate matriz satisfying R1 = 0, let p be a
strictly positive (row) vector and set R := diag (p)flR, Then p is a (left) eigen-
vector of exp(tR) with eigenvalue 1 for all t.

Proof. Symmetry of R implies 1R = 0. The definition of R yields pR =
pdiag (p)flR = 1R = 0. We compute

exp(fR)=p» R =pI+pR > R '=
pexp(tR) pkiok! pl+p 23 P
- ==

i.e., p is indeed an eigenvector of exp(tR) with eigenvalue 1. a

In particular, therefore, if p is a strictly positive probability distribution, it is
a stationary distribution of the continuous time Markov chain with rate matrix
R = diag (p)flR, where R is any symmetric rate matrix.

Appendix B

The expected STR distance of two randomly selected cells in a culture can be
estimated by assuming a constant duplication rate. Recall that each culture is
started from a single cell in the experiments described in Sect. .
Assuming all divisions are symmetric, the culture forms in the n-th genera-
tion (considering the seed cell a zeroth generation) a complete binary tree with
27+ — 1 cells of which 2™ are leaves. In this case a given extant cell (leaf of the
tree) has 2" other extant cells within its clade of height A, and thus 2"~! cells
of distance exactly 2h. Thus, denoting the depth of the entire colony as n, the
sum of all distances is: 2>, _, h2" =1 = (n—1)2"*1 42, and hence the expected
distance (divided by the number of other leaves, 2™ — 1) is 2(n — 1) + O(n2™").
Since we measure time in terms of passages of the culture, not replications, we
obtain an average distance of 2 (1 — %) up a finite size correction of order 27 ™.
For estimated n values of 10-30 this is close enough to be taken as 2.
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Appendix C

DU145_A4

DU145_A4_deep

WIS_A8 WIS_D11

17(9) 47.(9) 18 (9) 26(8)

Fig. S1: Sketches of DU145 and HESC trees. Nodes represent colonies. The num-
ber of extracted samples is annotated in each node. The value in brack-
ets gives the number of unique extracted cells. For DU145, the entire tree is
DU145_A4, the marked clade is DU145_A4 deep, and the tree excluding that clade
is DU145_A4 rest. See also Tab. |I| for an overview of the trees.
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