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Abstract. Trees representing hierarchical knowledge are prevalent in
biology and medicine. Some examples are phylogenetic trees, the hierarchical structure of biological tissues and cell lines. The increasing
throughput of techniques generating such trees poses new challenges to
the analysis of tree ensembles. Some typical tasks include the determination of common patterns of lineage decisions in cellular differentiation
trees. Partitioning the dataset is crucial for further analysis of the cellular genealogies. In this work, we develop a method to cluster labeled
binary tree structures. Furthermore, for every cluster our method selects
a centroid tree that captures the characteristic mitosis patterns of the
group. We evaluate this technique on synthetic data and apply it to experimental trees that embody the lineages of differentiating cells under
specific conditions over time. The results of the cell lineage trees are
thoroughly interpreted with expert domain knowledge.
Keywords: tree clustering, cell lineage tree, centroid tree
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Introduction

Cell lineage trees encode the cell division events over time and can be represented
as binary trees. These trees challenge current machine learning techniques to give
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Fig. 1: Time-lapse microscopy and single-cell tracking of granulocyte-macrophage
progenitor cells (GMPs) differentiating into differentiated granulocytes (G) or
macrophages (M) results in a set of lineage trees [21]. The loss of progenitor state
is monitored by the cellular expression of LysM::GFP marker in the time-lapse
movies allowing to label each cell (i.e. node) of a lineage tree as progenitor or
differentiated cell.
a broader view and a more accurate interpretation of the underlying cell development processes. Our subject of interest is labeled lineage trees from cells of
the blood system as depicted in Figure 1. In this work, we use single-cell data
of time-lapse microscopy experiments encoded as trees with root nodes belonging to blood progenitor cells that differentiate into more specialized cell types
(leaves). In particular, granulocyte-macrophage progenitor cells (GMPs) evolve
into mature macrophages (M) or granulocytes (G). Additionally, we measure a
fluorescence marker (LysM::GFP) that indicates whether a differentiation into
M or G has taken place [21]. However, this marker only implies if a cell has
lost its progenitor state but gives no information about its particular lineage.
Therefore, we aim to find differences in the lineage tree structures between the
two differentiation programs.
The differentiation process can be instructed by additional cytokines leading
to almost exclusively differentiated cells of one lineage [21]. To determine a typical lineage-specific tree we analyze lineage trees instructed to one or the other
lineage and calculate tree distances based on different metrics. Next, we developed a method to assign a representative tree for every condition. This enables
us to distinguish different cell types just by looking at their characteristic representatives. Furthermore, we developed a method to cluster a set of lineage trees
based on k-medoid methods, which unlike k-means, is more robust to noise and
outliers that are common in the real biological datasets like ours. With this technique we partition the data into naturally evolving parts allowing to gain insights
into typical lineage tree structures of differentiating blood progenitor cells.
In short, the contributions of this paper are as follows:
– Tree clustering: We find similarities between a set of trees covering the whole
pedigree of a progenitor cell.
– Representative centroid trees: We are able to generate a set of fitting centroid
trees that represent the characteristics of the underlying clusters.
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– Application and interpretation of cell lineage trees: We apply our clustering
algorithm to the cell division data and comprehensively analyze the results
with expert domain knowledge.
The remainder of this paper is organized as follows: We discuss the related
work in this research field in Section 2. Then we introduce the notation and definitions used throughout this paper in Section 3. Section 4 formally defines the
underlying mathematical problems and describes the algorithms. Section 5 follows with the core part of this work: the evaluation of the descriptive properties of
the algorithms on synthetic data and thorough examination and interpretation of
the results when applied to our real dataset. We conclude this work in Section 6.

2

Related work

Trees play an important role for the scientific areas which use tree structures
to describe observations, e.g. computational biology, structured text databases,
natural language processing, web mining, image analysis and computer vision,
pattern recognition as well as compiler optimization [11,4,8]. Especially the mining of web data like xml-files [15,9] and decision tree clustering [19] is widely
discussed in literature.
All discussed clustering methods in this paper require a notion of distance
between trees. Unfortunately, the scientific community does not agree on one established method of finding a metric between trees. One commonly used method
is the Tree Edit Distance (TED) [29]. Similar to Levenstein edit distance, TED
is defined as the minimal number of operations needed to transform one tree
into another. But Arora et al. showed that for unordered labeled trees as considered in this paper the calculation of TED is NP-hard, even MAX SNP-hard
[2]. Also to apply the metrics for ordered labeled trees to unordered trees would
lead to a considerable loss of efficiency. Zhang [28] suggested to use constrained
TED (cTED) to calculate the metrics for unordered trees. cTED is a dynamic
programming method that solves a large optimization problem by breaking it
down into smaller sub-problems. Another suitable method to establish a metric
for the space of unordered labeled trees was suggested by Torsello et al. [25].
This method is based on the computation of a maximal similarity (MaxSimilarity) common subtree between two trees. We will compare cTED and four
MaxSimilarity tree metrics in our evaluations.
Tree clustering for shape recognition was intensively studied in the group
around Torsello and Hanckock. In 2001 Luo et al. used an EM-like algorithm for
clustering 2D binary shapes based on the edit distances of their shock-trees from
the Hamilton-Jacobi skeleton [14]. Since then the group published a number of
methods for tree clustering focusing on pattern recognition of 2D binary shapes.
It was also suggested to cluster trees after embedding them into a so-called union
tree space [24] or into the euclidean space [26].
Graph clustering has gained interest in the last decade in the machine learning community. It is related to the problem discussed in this paper since trees can
be considered as a special case of undirected acyclic labeled graphs. A centroid
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based k-means algorithm was suggested by Jain and Wysotzki [10]. Ferrer et al.
discussed central clustering using k-medoids and k-medians approaches [7]. Some
methods aim to embed graphs into a metric vector space, e.g. the spectral embedding method suggested by Luo, Wilson, and Hancock [13]. These algorithms,
however, are not directly applicable to tree clustering problems as the resulting
mean or median graphs are not necessarily proper trees. Moreover, as graphs are
a more general data structure, algorithms for distance calculation on graphs often
require significantly higher computational costs than their counterparts on trees.
We developed a method for finding centroid trees in a set of unordered labeled trees that has an intuitive interpretation, does not rely on a vector space
embedding, and can be used with different similarity metrics as we will show in
the experimental section.
Finally, we would like to mention that search for frequent common subtrees
in a tree database as a method to obtain a condensed representation of pattern
in trees has gained popularity in recent years [3,18,27]. The search algorithms
are tangential to our current research as they do not lead to clustering. However,
given a group of trees they could help one to find a meaningful interpretation of
the results.

3

Notation and definitions

In this section we introduce the notation used throughout this paper as well as
we formally define the problem of finding a medoid in a set of unordered labeled
trees.
Let T be a metric space with a metric d : T × T → R and let T =
{T1 , T2 , ..., Tn } be a finite set of elements Ti ∈ T , i = 1, . . . , n. We call an element T̂ ∈ T an Lp -centroid if it is a general Fréchet mean on the metric space
[1]:
X
T̂ = arg min
d(T, Ti )p .
(1)
T ∈T

Ti ∈T

We call an Lp -centroid a mean if p = 2 and we call it a median if p = 1. Note
that in this case the Lp -centroid does not belong to an element of the set.
An Lp -medoid is defined as the solution of the problem (1) with the restriction
that the minimizer needs to be from the set T itself:
X
T̂ = arg min
d(T, Ti )p .
(2)
T ∈T

Ti ∈T

Similarly to the definitions before, we call the minimizer an L2 -medoid if
p = 2 and we call it an L1 -medoid if p = 1.
Now, we introduce the definition of a general tree and extend it to the kind
of trees we are interested in.
Definition 1 (tree) A general tree is a tuple T = (V, E), where V is a set of
nodes and E is a set of directed edges between the nodes. A node v has a child
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w if there is an edge (v, w) ∈ E. For any two nodes v, w ∈ V, w is called a
descendant of v if there is a path (e1 , e2 , . . . , en ) ∈ En that starts at v and ends
at w. The node v is then called an ancestor of w. If w is a descendant of v, there
is always a unique path connecting them. A node r ∈ V is called the root of a
tree if it has no ancestors and all nodes V\r are the descendants of r.
In our discussion we focus on binary trees, which means that every node can
have at most two children. Unordered labeled trees – the set of trees our real
data corresponds to – are a special case of generalized trees:
Definition 2 (ordered and unordered trees) A tree T = (V, E, ν) is called
ordered if a function ν : V → V × V is defined that maps a node u to a
tuple (v, w) of its children. T is called unordered if the mapping is defined as
ν : V → P2 (V), i.e. the order of children {v, w} is not fixed.
Definition 3 (labeled trees) A tree T = (V, E, ν, σ, Σ) is called labeled if a
function σ : V → Σ is defined that maps every node v to an element of the
alphabet Σ.
Now let T be a space of unordered labeled trees. By extending it with a
metric, we obtain a metric space. Thus, the definitions of mean, median and
Lp -medoids are directly applicable to our case.
Median and mean centroids are popular for problems in geodesic metric
spaces with well studied geometries, e.g. some CAT(k) spaces. Otherwise, the
solution of the problem (1) amounts to application of random search methods
[22,20] that have high computational costs and low rates of convergence. in clustering, that can be avoided by using a medoid.
This motivates us to focus on Lp -medoids in this work. The results discussed
in Section 5 describe the L1 -medoid trees due to their robustness to outliers.
Therefore from here on we will use the terms medoid tree and centroid tree
interchangeably if the context is clear.1

4

A tree clustering algorithm for cell lineages

As explained in Section 3, centroid clustering algorithms require a definition of
a metric space, which is not trivial for a tree space. Therefore, we will start this
section with a brief review of metrics we were considering in this paper. Afterwards, we will describe the underlying optimization problems and give details
to the clustering algorithm in use.
4.1

Tree dissimilarity metrics

Constrained tree edit distance mapping is defined by a triple (M, T1 , T2 ),
where T1 and T2 are two trees and M is a set of ordered tuples (v, w) ∈ V1 ×V2 ,
which satisfies the following conditions:
1

Some literature calls this type of centroids “median trees” as apposed to “generalized
median trees”, which are median trees in our notation.
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1. M is an edit distance mapping
2. ∀(v1 , w1 ), (v2 , w2 ), (v3 , w3 ) ∈ M let T1 [v] := lca(T1 [v1 ], T1 [v2 ]) and T2 [w] :=
lca(T2 [w1 ], T2 [w2 ]), where lca represents the least common ancestor and T [v]
represents a subtree of T induced by a node v. T1 [v] is a proper ancestor of
T1 [v3 ] iff T2 [w] is a proper ancestor of T2 [w3 ].
The first condition means that M should injectively map nodes of T1 to nodes
of T2 maintaining an ancestor-descendant relationship between the mapped nodes.
The second condition ensures that two different subtrees of T1 have to be
mapped on two different subtrees of T2 . This condition is sufficient and even
desirable for many different problems, in particular for the problem discussed
later in this paper, where nodes represent the phases of cell separation.
Finding cTED resolves to a dynamic programming method that solves a large
optimization problem by breaking it down into smaller sub-problems [28].
MaxSimilarity metrics are based on the computation of maximal similarity
common subtree between two trees [25]. Two trees T1 and T2 are called isomorphic if there is an isomorphism φ that maps each node of the tree T1 to each node
of the tree T2 . For two subtrees T1 = (V1 , E1 ) and T2 = (V2 , E2 ) the bijection
φ : H1 → H2 , with H1 ⊆ V1 , H2 ⊆ V2 is called subtree isomorphism iff:
1. ∀u, v ∈ H1 : u adjacent with v ⇔ φ(u) adjacent with φ(v) and
2. both induced subtrees T1 [H1 ] and T2 [H2 ] are connected
The problem
is to find maximum similarity subtree isomorphism φ, so that
P
Wσ (φ) = u∈H1 σ(u, φ(u)) is the largest among all subtree isomorphisms between T1 and T2 . Let σ(u, w) be the similarity function. Then the maximal
common similarity between subtrees T1 [H1 ] and T2 [H2 ] is defined as
X
Wσ (φ∗ ) = min
σ(u, φ(u)).
(3)
φ

u∈H1

∗

Using Wσ (φ ) Torsello at al. define and prove the properties of the MaxSimilarity metrics listed in Table 1.
Metric
cTED
MaxSimilarity
MaxSimilarity
MaxSimilarity
MaxSimilarity

1
2
3
4

Tree distance
–
d1 (T1 , T2 ) = max(|T1 |, |T2 |) − Wσ (φ∗)
d2 (T1 , T2 ) = |T1 | + |T2 | − 2Wσ (φ∗)
Wσ (φ∗)
d3 (T1 , T2 ) = 1 − max(|T
1 |,|T2 |)
Wσ (φ∗)
d4 (T1 , T2 ) = 1 − |T1 |+|T
2 |−Wσ (φ∗)

Table 1: Different metrics used in this work to calculate distances between trees.

4.2

Clustering as an optimization problem

Clustering by using a k-means or k-medians algorithm
divides the dataset A =
S
{a1 , . . . , aN } into disjoint non-empty subsets Bi , i Bi = A, together with a set
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of centroids ci , with i = 1, . . . , k. This partitioning minimizes the sum of squared
distances between each point aj and the centroid ci of the cluster Bi containing
it. This can be written as a constrained non-linear optimization problem:
min E(W, C) :=

k X
N
X

wij d(aj , ci )p ,

(4)

i=1 j=1

subject to wij ∈ {0, 1},
k
X

wij = 1

for

1 ≤ i ≤ k, 1 ≤ j ≤ N,

(5)

for

1 ≤ i ≤ k, 1 ≤ j ≤ N.

(6)

i=1

A common approach to minimize (4) subject to (5) and (6) is partial optimization for W and C, i.e. alternating minimization with respect to either W
or C while keeping the other one fixed [5].
Similar to (4), (5), and (6), one can formalize the k-medoids problem by applying the additional constraint that centroids should be elements of the dataset:
min E(W, C) :=

k X
N
X

wij d(aj , ci ),

(7)

1 ≤ i ≤ k, 1 ≤ j ≤ N,

(8)

i=1 j=1

subject to

Pk

wij = 1

PN

yj = k,

i=1
j=1

for

(9)

wij ≤ yj

for

1 ≤ i ≤ k, 1 ≤ j ≤ N,

(10)

wij , yj ∈ {0, 1}

for

1 ≤ i ≤ k, 1 ≤ j ≤ N,

(11)

where yj assumes the value 1 if the element aj is selected as one of the centroids
and 0 otherwise.
4.3

Tree clustering using the k-medoids algorithm

The k-medoids problem is classified as NP-hard and state-of-the-art methods use
heuristics to obtain fast near optimal solutions [17]. For our problem we adopted
the optimal partitioning approach suggested by Brusco and Köhn [6] as it offers
an efficient way to solve the optimization problem (7) using heuristics, while
still being able to compute the optimal solution if the heuristics have failed. The
algorithm described below is performed into three steps: the vertex substitution,
the Lagrangian relaxation and the branch and bound step. Since the branchand-bound algorithm is run with an embedded Lagrangian relaxation scheme,
it guarantees the finding of an optimal solution in reasonable time if previous
stages did not succeed.
Stage 1: The vertex substitution heuristic. Starting with a random selection of k elements of A as the initial set C the algorithm starts with computing
the sum of distances between all elements and their nearest centroid.
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f C) =
EH := E(W,

k X
N
X

w
eij d(ci , aj ),

(12)

i=1 j=1


with

w
eij =

1,
0,

if ci = arg minci ∈C d(ci , aj ),
otherwise.

In an iterative process each element in A \ C is evaluated as a substitute for
every centroid in C and (12) is recalculated. At the end of each iteration the
substitution with the greatest reduction of centroids is made permanent. The
iterative process continues until there are no more possible replacements, which
yields to a locally optimal solution.
In our experiments we also followed the recommendation in the original paper
to restart the algorithm 20 times with different initial sets in order to obtain the
upper bound of the global optimal solution.
Stage 2: Lagrangian relaxation. Using Lagrangian relaxation on the constraint (8) and Lagrangian multipliers λ transforms the problem (7) into the
form


N X
N
N
N
X
X
X
min E2 (λ, W, C) :=
wij d(ci , aj ) +
λi 1 −
wij  , (13)
λ,W,C

i=1 j=1

i=1

j=1

subject to (9), (10), (11).
PNNote, that to solve the problem we must choose k elements for which
i=1 min(d(ci , aj ) − λi , 0) is the smallest and then obtain variables wij as

wij =

1,
0,

if yj = 1 and d(ci , aj ) − λi < 0
otherwise.

(14)

b2 we
E2 (λ, W, C) is a lower bound on E. To find the tightest lower bound E
solve the Lagrangian dual problem using sub-gradient method. In the case where
b2 = EH , the vertex substitution solution is proved to be globally optimal.
E
Brusco and Köhn observed that this is often the case, in particular for small
values of k.
Stage 3: Branch-and-bound algorithm. The branch-and-bound algorithm is a widely used technique to solve combinatorial optimization problems
by systematically enumerating all candidate solutions in a solution tree structure and then traversing through this tree and pruning branches with unfeasible
solutions that do not satisfy the lower/upper bounds estimated by some domain
specific heuristic [12]. This leads to the reduction of the solution space.
As the heuristic we use the lower bound estimation the Lagrangian relaxation
method from Stage 2 is used with the modification that the centroids fixed in
the current branch of the solution space cannot be modified by the algorithm.
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Evaluation

We will begin this section by evaluating different similarity metrics using an
artificial dataset generated using a set of Markov models. Afterwards, we will
demonstrate our approach by clustering lineage trees of blood progenitor cells
from mice, based on the cellular genealogies from Rieger et al. [21].
5.1

Artificial data

We generated synthetic data from a stochastic process that satisfies the firstorder Markov property. In every node of a tree the probability mass function
for creating a particular child node or aborting the generating process can be
summarized in a vector: a row of the transition probability matrix P described
below.
Figure 2 illustrates an exemplary state graph of the generating process together with its exemplary realization. We use an alphabet Σ = {1, 2, 3} and add
the state ∅ which symbolizes the end of the generating process. The probability
to abort the generation process is equal to 0.4, while the probability to generate
a node with the same label is 0.3 and with another label is 0.15. Starting at
the root, the generating process samples from this multinomial distribution to
create two child nodes. If a child is not ∅, the process assumes the corresponding
state in the state graph and recursively continues.
For this example the corresponding transition probability matrix looks as
follows:


0.4 0.3 0.15 0.15
(15)
P = 0.4 0.15 0.3 0.15 .
0.4 0.15 0.15 0.3
Our artificial dataset contains 30 trees from three different scenarios (10
each), generated using the following transition matrices:






0.2 0.26 0.26 0.26
0.4 0.3 0.3 0.0
0.2 0.4 0.0 0.4
P1 = 0.2 0.0 0.8 0.0  , P2 = 0.4 0.1 0.1 0.4 , P3 = 0.7 0.0 0.15 0.15 .
0.2 0.0 0.0 0.8
0.4 0.0 0.3 0.3
0.2 0.0 0.4 0.4
We performed the clustering of the dataset using the k-medoids algorithm
for k ∈ {2, 3, 4}. In this experiment we tested constrained TED as well as all
four types of MaxSimilarity metrics (compare Table 1).
To evaluate the quality of the clustering, we estimate the empirical transition
probability matrix: for a given tree we calculate the number of leafs with the
same label and the number of parent-child correspondences with the same labels
for every possible label pair combination from Σ. The entries of the resulting
matrix are then normalized so that the row sum is always equal to 1. This allows
us to estimate the empirical transition matrix P est for a tree or a forest. Now
we can compare the estimated transition matrix with the true transition matrix
used to generate a certain type of trees and calculate the distance between these
two matrices as the Frobenius Norm of their difference.
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Fig. 2: Illustration of the generating process of artificial data. (a): the state model
of a generating process with first-order Markov property. The nodes correspond
to either a state with the corresponding label or the terminating state ∅. Edges
describe the transition probabilities. (b): a tree generated by this model. Note
that nodes labeled as ∅ are hidden.
The distances between the aggregated Piest for all trees from a certain cluster
and the corresponding Pi are as follows:
kP1est − P1 k = 0.397,

(16)

kP2est − P2 k = 0.258,

(17)

kP3est

(18)

− P3 k = 0.250.

Table 2 shows the minimal distances to Pi matrices. While cTED tends to
assign all trees to the same cluster, the cluster sizes with MaxSimilarity metrics
are better balanced. Especially the normalized similarity metrics MaxSimilarity
3 and MaxSimilarity 4 produce clusters that are reasonably close to the optimum.
5.2

Cellular lineage trees

Here, we apply our clustering to lineage trees of differentiating blood progenitor cells from mice [21,16]. Granulocyte-macrophage progenitor cells (GMPs)
have been tracked using time-lapse microscopy on a single-cell basis resulting in
lineage trees (compare Figure 1). After a cell division two daughter cells arise,
which are prone to differentiate. This process can be described with a binary
tree with two states per node: progenitor (0) or differentiated (1) cell (compare
Figure 1). The differentiation process can be influenced by certain cytokines [21]
(Figure 3). The loss of the progenitor state is experimentally derived by the
fluorescent differentiation marker LysM::GFP.

Centroid clustering of cellular lineage trees

Metric
cTED

MaxSimilarity 1

MaxSimilarity 2

MaxSimilarity 3

MaxSimilarity 4

k
2
3
4
2
3
4
2
3
4
2
3
4
2
3
4

Distances to
P1
P2
P3
0.772 0.308 0.615
0.736 0.308 0.590
0.710 0.233 0.577
0.772 0.308 0.615
0.690 0.239 0.595
0.625 0.239 0.537
0.772 0.308 0.615
0.657 0.308 0.586
0.657 0.308 0.555
0.881 0.332 0.618
0.531 0.303 0.606
0.573 0.271 0.285
0.881 0.332 0.618
0.575 0.289 0.624
0.657 0.271 0.322

11

Clusters’ sizes
29,1
1,1,28
27,1,1,1
1,29
26,3,1
3,1,24,2
29,1
1,4,25
1,1,24,4
5,25
17,9,4
6,4,10,10
5,25
9,17,4
4,12,6,8

Table 2: Clustering of data from artificial Markov models using our k-medoid
method with different metrics. The artificial data includes three different groups
with 10 trees each. The metrics MaxSimilarity 3 and MaxSimilarity 4 show the
best cluster recovery properties (top results highlighted).
In this application we first want to investigate whether the differentiation
process of GMPs into differentiated macrophage (M) or granulocytes (G) substantially differs based on their lineage trees structures. Therefore, we use lineage
trees of GMPs treated by either granulocyte or macrophage colony-stimulating
factors (G-CSF or M-CSF) instructing the GMPs to differentiate into their respective lineage almost exclusively (compare Figure 3). We use these two conditions to learn and describe a typical G- or M-lineage tree. Additionally, we use
lineage trees of cells treated with both cytokines (G+M-CSF) allowing GMPs
to differentiate into both lineages. With this dataset we are able to perform our
k-medoids clustering to reveal potential subgroups and to determine the centroid
trees of each group.
First, we calculate the centroid tree based on MaxSimilarity metric 4 (see
Table 1) of the G-CSF dataset containing 51 lineage trees with more than one
cell division (Figure 4 (a)). In the centroid tree we find a fast differentiation from
GMP into G lineage already after the first cell division. This is in accordance
with the reported instructive behavior of G-CSF [21].
Similarly, we then calculate the centroid tree of M-CSF treated cells based on
105 lineage trees (Figure 4 (b)). This tree substantially differs from the G-CSF
centroid tree and shows an asymmetric structure. There are cells that are not
yet differentiated even after two generations, but there are also some differentiated cells after the first cell division. However, this results does not indicate that
M-CSF leads to asymmetrically fated trees, since the method only determines
the tree which is closest to all other trees in the dataset. Further investigation of
the data showed that only about 15% of all trees are asymmetrically fated. After
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Model

Experimental conditions
G-CSF

Progenitor
cell
Differentiated
cell

M-CSF

GMP

G

G+M-CSF
GMP

GMP

M

G

M

G

M

GMP

G

M

Fig. 3: In the blood stem cell differentiation model granulocyte-macrophage progenitor cells (GMPs) can differentiate into granulocytes (G) or macrophages
(M). This differentiation process is highly dependent on the present cytokine
[21]. Granulocyte colony-stimulating factor (G-CSF) instructs G differentation
and macrophage colony-stimulating factor (M-CSF) instructs M differentiation.
In the presence of both cytokines progenitor cells may differentiate into both
lineages.
clustering the M-CSF data by our method with k = 2, we reveal two emerging
subpopulations. One group shows a fast differentiation and the other stays in its
progenitor state over several generations. To visualize the high-dimensional data
ISOMAP was used as dimension reduction preserving the distance between trees
[23]. Here, the asymmetric centroid tree lies between the two groups and is not a
good representative of this heterogeneous dataset (Figure 4 (b)). A preliminary
study has shown that the calculation of centroid trees using different metrics
(see Table 1) results in similar tree structures.
Finally, we apply our k-medoid tree clustering to the set of lineage trees
treated by G+M-CSF cytokines (n = 133). Since we expect to find two subgroups originating from the two different cytokines, we set k = 2. Again, we
represent the high-dimensional data in 2D using ISOMAP [23] and embed the
distances based on MaxSimilarity metric 4 in 2D (Figure 5). The centroid tree of
the first (red) cluster shows progenitor cells maintaining their progenitor state
over 4 generations. The second (blue) cluster shows similarities to the centroid
tree of G-CSF data with a symmetric transition to differentiated cells in the
second generation. We hypothesize that the simultaneous treatment of the two
contradictory cytokines softens the instructive behavior and slows down differentiation leading to lineage trees with higher proportions of progenitor cells.

6

Conclusion

Concluding, we presented a fast and robust clustering algorithm to partition the
cellular lineage trees into similar groups. We estimated the representative centroid tree of each subsets based on different tree distance metrics. We compared
these metrics thoroughly on synthetic data. On our real dataset we achieved a
good estimation of how lineage trees of cells emerge and what cell types are in-
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Fig. 4: Tree distance metrics allow calculating a representative tree (i.e. centroid tree). (a) The centroid tree of G-CSF treated progenitor cells based on
MaxSimilarity metric 4 (see Table 1) shows a lineage tree with a fast transition
to differentiated cells in a symmetric manner. (b) M-CSF treated cells show an
asymmetric centroid tree (black). Our clustering with k = 2 reveals two subpopulations with a differentiating (red) and a none differentiating (blue) structure
placing the centroid tree between both populations. Every dot represents one
tree of the dataset embedded in the two dimensional space using ISOMAP [23].
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Fig. 5: Lineage trees of differentiating progenitor cells in G+M-CSF conditions
can be separated into two clusters using the k-medoid tree clustering. Every dot
represents one tree embedded in the two dimensional space using ISOMAP [23].
The centroid trees are depicted. Due to the conditions used in this experiment
one set of trees (red cluster) emerges showing progenitor cells staying in their
state over up to four generations. The other cluster contains lineage trees which
differentiate after one to two generations.
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cluded in the data. Further, we stated a fitting hypothesis for the two cytokines
G-CSF and M-CSF.

Availability
We provide Python code of the tree clustering method for reproducing our results
at https://github.com/mlocs/lineage-trees-clustering.
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25. A. Torsello, D. Hidović-Rowe, and M. Pelillo. Polynomial-time metrics for attributed trees. IEEE Transactions on Pattern Analysis and Machine Intelligence,
27(7):1087–1099, 2005. cited By (since 1996)35.
26. B. Xiao, A. Torsello, and E. R. Hancock. Isotree: Tree clustering via metric embedding. Neurocomputing, 71(10-12):2029–2036, 2008.
27. M. Zaki. Efficiently mining frequent embedded unordered trees. Fundamenta
Informaticae, 66:33–52, 2005.
28. K. Zhang. A constrained edit distance between unordered labeled trees. Algorithmica, 15(3):205–222, 1996.
29. K. Zhang and D. Shasha. Simple fast algorithms for the editing distance between
trees and related problems. SIAM J. Comput., 18:1245–1262, 1989.

