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10.1 Phylogenetic Net work

10.1.1 Limitation of phylogenetic tree

Ford Doolittle [14] said that \Molecular phylogeneticistswill have failed to �nd
the `true tree', not becausetheir moethods are inadequateor becausethey have
chosenthe wrong gens,but becausethe history of life cannot properly be repre-
setnted as a tree."

Therefore,scientists have to comeup with more realistic assumption.

� Evolution is infact more than mutaiton. We have other typesof evolutions.

{ Hybridization: This processhappenswhentwo di�en t speciesproduce
an o�spring that has the genesfrom both parents. E.g. tiger + lion
! tiglion.

{ Horizontal genetransfer or lateral genetransfer. This is the process
of transfer a portion of genomefrom one species(donor) to another
(recipient). E.g. Evolution of in
uenza.

� Phylogenetictree cannot model thosetypesof evolutions.

De�nition 1 Phylogenetic network is a generalization of phylogenetic tree in
whichnodesmay havemore than oneparent. A networkN is a dir ected acyclic
graph (i.e. no cycle) suchthat

� Each node has indegree 1 or 2 (except the root) and outdegree at most 2.

� No node hasboth indegree 1 and out degree 1.

� All nodeswith out degree 0 are distinctly labeled ("leave").

From Figure 10.1,we can seethat X 1; ::; X 4 are the leaves. At the top of the
tree is the root whosein degreeis zero. Someof the internal nodeshave in degree
of 2 from two di�eren t parents, which are called hybrid nodes.

De�nition 2 A network is called galled network whenall cylces in the phyloge-
netic network is node-disjoint.

10-1
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Figure 10.1: An exampleof phylogeneticnetwork

Figure 10.2: A sampleof generalnetwork and galled network

The biological signi�cant of this special caseis described in Gus�eld, Eddhu
and Langleg[15].

� A galled-treede�nes a phylogenetichistory wherethe recombination cycles
are node-disjoint. A network can be consideredas a galled tree if most of
the observable recombinations are recent. In human population, both of
the above condition are believed to hold. Thus using galled tree we can
study our history.

� Another application of galled tree is to help to �nd regionsof the genome
where the subsequencesin a population exhibit moderate recombination.
This is a very helpful information for diseaseassociation studies.

Constructing net work

There are many methods for constructing network

� Median-joining

� Split decomposition (SplitsTree)

� PYRAMIDS

� Statistical parsimony (TCS)

� Molecular-varianceparsimony (Arlequin)
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Figure 10.3: Re�ne two trees into a network

� Reticulogram (T-REX)

� Netting

� NeighborNet

� Perfect phylogeny-basedmethods

� Constructing galled network from triplets

However, in this lecture, our main focus will be on the Maddison method to
build the network.

10.1.2 Maddison metho d

Observ ation 3 Maddison observed that if a phylogenetic network for a set of
species contains a single hybrid node then each gene presenting in the species
must evolveaccording to one of the two treesembedded in the network.

Thus, we de�ne the following problem

� Input : a set of genetrees

� Output : a network which re�nes all genetrees.

In Figure 10.3,we can seethat treesT1 and T2 are re�ned into a new network
N. A new internal node (node in red square) is added to be the parent of X 5

and X 6 of tree T2 in the �nal network N. Other new internal nodes(node in blue
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Figure 10.4: Example of leaf set bipartition, the leaf set partition is
f X 1; X 2; X 3; X 4g and f X 5; X 6g

squareand node in orangesquare)are addedinto the �nal network N so that T1

and T2 agreewith each other.
Unfortunately, constructing a network is an NP-hard problem. However, if

the resulting network is a galled network, there is an polynomial time algorithm
to construct it.

De�nition 4 Given two treesT1 and T2 leaf-labeled by L, T1 and T2 admit a leaf
set bipartition (X, Y) of L if

� There existsa galled network N re�ning T1 and T2.

� The root of N is a tree node.

� If we removethe root of N, N is partition into two subnetworkswhich are
leaf-labeled by X and Y respectively.

In Figure 10.4, if the root is removed, we can easily seethat the network
will be split into two network. The leaf-labeled set for the �rst network is
f X 1; X 2; X 3; X 4g and f X 5; X 6g.

De�nition 5 Given two treesT1 and T2 leaf-labeled by L, T1 and T2 admit a leaf
set trip artition (X, Y, Z) of L if

� There existsa galled network N re�ning T1 and T2.

� The root of N is a split node.

� If weremovethe root and the correspondinghybrid node, N is partition into
three subnetworkswhich are leaf-labeled by X, Y and Z respectively.

In Figure 10.5,if we remove the root nodeand the correspondinghybrid node,
we will get three subnetworks with the leaf setsf X 1; X 2g, f X 3; X 4g and f X 5g.

Key Lamma 6 Consider two trees T1 and T2, supposethey re�ne a galled net-
work than T1 and T2 admit either a leaf set bipartition (X, Y) or a leaf set
tripartition (X, Y, Z).
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Figure 10.5: An exampleof leafsettripartition the leafsettripartition is f X 1; X 2g
, f X 3; X 4g and f X 5g

Figure 10.6: Example for partition leaf set into bipartition

10.1.3 Framew ork

We proposea simple top-down and recursive framework to solve the problem.

1. Partitions L (the set of leaves for T) into two subsets(X, Y) if possible;
otherwise,three subsets(X, Y, Z).

2. For each subsetL' = X, Y or Z, recursively constructs a solution network
for T j L 0.

3. Combine the solutions for T j L 0 to obtain a network for T.

From Figure 10.6,two treescanbepartitioned into two subnetworks(in yellow
and blue square) with the sametwo leaf set bipartitions f X 1; X 2; X 3; X 4g and
f X 5; X 6g.
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Figure 10.7: Constructing network for f X 5; X 6g

Figure 10.8: Constructing network for f X 1; X 2; X 3; X 4g

From Figure 10.8, two subtreesof T1 and T2 can be partitioned into three
subnetworks (in orange,pink and blue) with the samethree leaf set tripartitions
f X 1g, f X 2; X 3g and f X 4g.

We can seethat T1 j f X 2; X 3g and T2 j f X 2; X 3g are proper subtrees. T1 j
f X 1g and T2 j f X 1g are also subtree. T1 j f X 4g and T2 j f X 4g are also subtree.
The subnetworks for two tree is constructedas in the �gure.

10.1.4 Summary

Given two treesT1 and T2, we can �nd a galled network N which re�nes T1 and
T2 in polynomial time. Sincethe gallednetwork is biologicalmeaningful,we have
achieved a signi�cant result on constructing phylogeneticnetwork. However, one
questionwe needto �nd the answer is \Can we have a practically fast algorithm
for building generalnetwork for T1 and T2?"
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Figure 10.9: Constructing network for f T1; T2g

10.2 In tro duction

10.2.1 Ph ylogen tic Tree

Phylogeny, or an evolutionary tree, is a model of the evolutionary history for a
set of species.In the previoustwo lectures,we have learneda number of methods
to contruct phylogeny for the samesetof species,which is oneof the fundamental
task of computational molecularbiology.

10.2.2 Ph ylogen tic Tree Comparison

However, in practice, di�eren t phylogenetic trees are reconstructed in di�eren t
situation. Below disscuss3 main reasons:

� Di�eren t kind of data

The data usedto represent the samespeciesfor tree reconstruction is not
always the same,which will de�nitely lead to di�eren t result. For exam-
ple, di�eren t segments of the genomesare used as the input to the tree
reconstructionalgorithm.

� Di�eren t kind of model

Every phylogenetic tree reconstruction algorithm is basedon somemod-
els (or assumptions),such as: Cavender-FelsensteinModel, Jukes-Cantor
Model etc. There is no consensuswhich model is the best.

� Di�eren t kind of algorithm

We usedi�ern t kind of reconstruction algorithm for a set of species. It is
not surprising that various algorithms do not always give the sameanswer
on the sameinput.
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Figure 10.10: Formation of Restricted Subtree

Surely, the resulting treesmay agreein someparts and di�er on others. Tree
comparisonhelps us to gain the similarit y and dissimilarity information from
multiple trees.

10.2.3 Tree Comparison T yp e

In this lecture, we will discusstwo types of comparisonand the corresponding
techniques.

� Similarit y Measuremen t : The similarit y measurement determinesthe
commonstructure amongthe giventrees. Onepopular similarit y measureis
Maximum Agreement Subtree(MAST). Sinceinformation extractedagreed
amongthe trees, the information is trustable to a certain extends.

� Dissimilarit y Measuremen t : The dissimilarity measurement determines
the di�erence/distance among the given trees. There are three popular
dissimilarity measurements: Robinson-Founds distance, nearest neighbor
interchange(NNI) and subtreetransfer distance(STT).

10.3 Maxim um Agreemen t Subtree

10.3.1 Restricted Subtree

A restricted subtree of a tree is its subtreeformed by restricting the leavesof the
subtreeto a subsetof the leavesof the tree. To derive a restricted substreefrom
a tree, remove all the leaves that are not restricted on and remove all internal
nodeswith a singlechild. Figure 10.10illustrates this process.



Lecture 10: Phylogenetictree comparisonand network 10-9

Figure 10.11: Agreement Subtree

10.3.2 Maxim um Agreemen t Subtree

De�nition 7 Given two trees T1 and T2, an agreement subtree of T1 and T2

is a common restricted subtree derived from both trees. A maximum agreement
subtree (MAST) of two trees is agree subtree of the two trees with the largest
possiblenumber of leaves[1].

Sincean agreement subtreere
ects commoninformation agreedby both trees,
the evolution information represented by the agreement subtreeis more reliable.
Refer to Figure 10.11for an illustration.

10.3.3 Computing MAST by Dynamic Programming

Here, we give an algorithm to compute the MAST of two binary rooted trees
using dynamic programming:

Denote the number of leavesin the MAST of two binary rooted treesT1 and
T2 to be MAST( T1, T2). for a tree T and a node u, de�ne Tu to be the subtree
of T rooted at u.

Using dynamic programming, the MAST of T1 and T2 is computedusing the
following recurrenceformula:

M AST(Tu
1 ; Tu

2 ) = max

8
>>>>>>>><

>>>>>>>>:

M AST(Ta
1 ; Tc

2 ) + M AST(Tb
1 ; Td

2 )
M AST(Ta

1 ; Td
2 ) + M AST(Tb

1 ; Tc
2 )

M AST(Ta
1 ; Tv

2 )
M AST(Tb

1 ; Tv
2 )

M AST(Tu
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2 )
M AST(Tu

1 ; Td
2 )

Figure 10.12illustrates it in details.
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Figure 10.12: Six casesof MAST

� M AST(Ta
1 ; Tc

2 ) + M AST(Tb
1 ; Td

2 ): The speciesappear in both subtreesof
T1 and T2, we try to match the left subtree of T1 with the left subtree of
T2, match the right subtreeof T1 with the right subtreeof T2. In this case,
u and v match.

� M AST(Ta
1 ; Td

2 ) + M AST(Tb
1 ; Tc

2 ): The speciesappear in both subtreesof
T1 and T2, and we try to match the left subtreeof T1 with the right subtree
of T2, match the right subtreeof T1 with the left subtreeof T2. In this case
u and v match.

� M AST(Ta
1 ; Tv

2 ): All the speciesappears in the left subtree of T1, and we
try to match left subtreeof T1 with the tree T2.

� M AST(Tb
1 ; Tv

2 ): All the speciesappearsin the right subtreeof T1, and we
try to match the right subtreeof T1 with the tree T2

� M AST(Tu
1 ; Tc

2 ): All the speciesappears in the left subtree of T2, and we
try to match left subtreeof T2 with the tree T1

� M AST(Tu
1 ; Td

2 ): All the speciesappearsin the right subtreeof T2, and we
try to match right subtreeof T2 with the tree T1

Now we analyze the time complexity of the algorithm. SupposeT1 and T2

are rooted phylogeniesfor n species. We have to compute M AST(T u
1 ; Tv

2 ) for
every u in T1 and v in T2. Thus, we needto �ll in n2 entries. Each entry can be
computed in O(1) time. In total, the time complexity is O(n2).

In fact, we can compute MAST of two degree-d rooted treesT1 and T2 with
n leavesin O(

p
dnlog( n

d )) time (Journal of Algorithm 2001). We will not discuss
this algorithm here.
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Figure 10.13: Converting an Unrooted Tree to a Rooted TreeUe at edgee

10.3.4 MAST for Unro oted Trees

In real life, we normally want to compute MAST for unrooted trees. While the
set of evolutionary trees may be large in practice, the trees usually have very
small degrees,typically no larger than three. For unrooted degree-3treesU1 and
U2, MAST( U1,U2) can be computed in O(n logn) time [4]. For generalunrooted
trees U1 and U2, MAST( U1,U2) can be computed in O(n1:5 logn) time [1]. We
wil not cover algorithms for unrooted trees here. However, we will discussthe
MAST relationship betweenunrooted tree and rooted trees.

For any unrooted tree U, for any edgee in U, we denoteUe is as the rooted
tree rooted at the edgee. Figure 10.13illustrates an examplefor converting an
unrooted tree U to a speci�ed rooted tree Ue.

Lemma 8 Lemma For any edge e of U1, MAST( U1, U2) = max f MAST( Ue
1 ,

Uf
2 j f is an edgeof U2)

Pro of : The proof of this lemma is left as an exercise.
The above lemma givesthe relationship from unrooted trees to rooted trees.

Using this lemmawith dynamic programmingalgorithm for �nding MAST of two
rooted trees,we can compute the MAST of two unrooted trees.

10.4 Robinson-F oulds Distance

In the previoussection,we coveredhow to compute the similarit y of two phylo-
genetictrees, including both unrooted and rooted trees. Now we disscusshow to
compute the dissimilarity of two phylogenetictrees. One intuitiv e way to de�ne
the dissimilarity is basedon the number of edgesthat arenot agreedby two trees,
which is called the Robinson-Foulds distance[5]. The Robinson-Foulds distance
metric d de�nes the distance,d(T1; T2) betweenany two trees T1 and T2 as the
smallest number of transformations required to obtain the topology of T2 from
the topology of T1. The metric d has the following properties:

1. d(T1; T2) > 0 if T1 is not identical to T2
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Figure 10.14: The red edgepartition the tree into partition f a,b,cg and f d,eg

2. d(T1; T2) = 0 if T1 is identical to T2

3. d(T1; T2) = d(T2; T1)

4. d(T1; T3) � d(T1; T2) + d(T2; T3)

10.4.1 De�nitions

� Partition of a tree : Each edgeof a tree can partition the speciesinto
two subsets.This de�nition tells us that if we take away an edgefrom the
phylogenetictree, the speciesin the tree is partitioned into two disjoint set
of species.Figure 10.14shows an example.

� Go od and bad edge: Consider two unrooted trees T and T', an edgex
in T is called a good edgeif there existsan edgex' in T' such that both of
them form the samepartitions. x' is also called a good edge. Otherwise,
the edgex is called a bad edge.Figure 10.15illustrates an example.

Lemma 9 Leaf edgesare alwaysgood.

Pro of : As a leaf edgealways divides a tree into two parts, oneis a singleleaf
node and the other is a set of rest nodes. Then in the other tree, there must also
be another edgewhich makesthe samepartition. An exampleis given in Figure
10.16.

Robinson-F oulds (RF) Distance 10 Given two phylogenytreesT and T', the
RF distance between thesetwo trees is: RF distance = (number of bad edgesin
T with respect to T' + number of bad edgesin T' with repect to T)/2.
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Figure 10.15: Edgex partitions T into two partitions f a,b,cg and f d,eg. Edgex'
partitions T' into partitions f a,b,cg and f d,eg. Thus, x and x' form the partition
and we can x and x' the good edges.

Figure 10.16: x and x' are good edges
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From this de�n tion, we can have the criteria for measuringthe similarit y of
two phylogeny trees. We say the two treesare similar whenRF distancebetween
T and T' is small. This is becausethe RF distance is basedon the number of
bad edges.If this distanceis small, it implies that the majorit y of edgesare good
edge,which meansthe two treesaresimilar. In order to havea clearknowledgeof
this de�nition, Figure 10.17givesan example: In this example,there is only one
bad edgein each phylogeny tree. According to the de�nition, the RF distance
is (1 + 1)/2 = 1. Since this value is small, it implies that these two trees are
similar.

When the phylogenetic treesare of degree3, we have the following property
for RF distance.

Lemma 11 When both T and T' are of degree-3, the number of bad edgesin T
with respect to T' = the number of bad edgesin T' with regard to T.

Pro of : As both trees are of degree3, we know that they have the same
number of edges.Also we know that the number of good edgesin T with respect
to T' is equal to the number of good edgesin T' with respect to T.

Sincethe number of bad edgeis equal to the number of total edgesminus the
number of good edges,the lemma follows

10.4.2 Brute-force algorithm

For every edgee in T, if the partition formed by e is the sameas the partition
formed by someedgee' in T', e is a good edge.

This is a generalalgorithm for �nding the set of good edges.We just do an
exhaustive search for all the edgesof T and T'. After �nishing the search, a set
of good edgesin T with respect to T' is found.

For the time analysis,note that for every edgee in T, the algorithm check ev-
ery edgee' in T' to determinewhethereand e' from the samepartition of species.
Such checking takesO(n) time. Sincethere are n edgesin T, the algorithm takes
O(n2) time.

As the phylgeny tree can be quite huge, such time complexity is far beyond
acceptable.The we needsomefaster algorithm to solve this problem.

10.5 Day's algorithm

As described in the previous section, the brute-force algorithm to �nd the set
of good edgestakesO(n2) time. In 1985,W. H. E. Day proposedan algorithm
which can �nd the set of good edgesin T with respect to T' with using O(n)
time [6].
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Figure 10.17: The computation of RF distancebetweenT and T'
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Figure 10.18: Step 1: Two degree-3T1 and T2

10.5.1 Problem description

� Input : Two unrooted phylogeniesT1 and T2 for the sameset of species.

� Output : The set of good edgesT1 with respect to T2.

The ideaof Day's algorithm is to build a special data structure which enables
constant time checking whether a particular partition of leavesexists in T1.

10.5.2 Day's algorithm

� Step 1: Root T1, T2 at the leaf specieswith number n
Figure 10.18shows the two trees T1 and T2, and Figure 10.19shows the
procedureto label treesT1 and T2. Time complexity for this step O(n).

� Step 2: Relabel the leavesof the trees
Relabel the leaves of T1 in increasingorder. And changethe labels of T2

correspondingly. Then for every internal node x of T1, the set of leaf labels
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Figure 10.19: Example: Label all leavesof T1 and T2

in the subtreeof x froms an interval [i..j] . Figure 10.20and 10.21show the
relabelled treesT1 and T2. Time complexity for this step is O(n).

� Step 3: Create a hash table to store the intervals
For every node x in T1, we store the corresponding interval [i x ::j y] in H [i x ]
or H [j x ]:

{ Store [i x ::j x ] in H [j x ] if x is the leftmost child of its parent in T1;

{ Otherwise,store the interval [i x ::j x ] in the entry H [i x ].

Figure 10.22 shows the hash table for the given example. It takes O(n)
time to construct this hash table.

The problem is that whether we will store two intervals in the sameentry H[i]
in the hash table H. If we use the method stated above, below lemma implies
that collision is impossible.

Lemma 12 If we store the intervals according to the rules stated above, we wil l
store at most one interval in each entry in H.

Pro of :

� By contrary, supposeH[i] contains two intervals which are represented by
internal nodesx and y.
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Figure 10.20: Relabel all leavesof T1 in increasingorder
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Figure 10.21: Example: Relabel all leavesof T1 in increasingorder
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Figure 10.22: Example: Hash table to store interval for internal nodesin T1
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Figure 10.23: Example: Relabeledall leavesof tree T1 in increasingorder

� By de�nition, i should be the endpoints of the intervals represented by x
and y. Thus, x and y should satisfy the ancestor-descendent relationhip.
WLOG, assumex is the ancestorof y. Then y's interval should be the
subinterval of x's interval.

� So,we can have either

1. x's interval = [j::i ] and y's interval = [j 0::i ] for j < j 0; or

{ This meansthat both x and y are the leftmost children of their
parents.

{ The right endpoint of x's interval should not be i.
{ Sowe get a contradiction!

2. x's interval = [i..j] and y's interval = [i::j 0] for j > j 0. Similar to the
above case,we can arrive at a contradiction.

� In conclusion,we can store at most one interval in each entry in H.

Given the hashtable H, we can check whether an interval [i..j] exists in T1 by
checking H [i ] and H [j ]. If oneof them equalsto [i..j], then the interval [i..j] does
exist in T1.

� Step 4: Traversetree T2 to �nd the good edges.

{ For T2, by traversing the tree, for each internal node u in T2, we can
�nd

1. the minimum (min u) and the maximum (maxu leaf labels
2. the number of leaves(sizeu) in the subtreerooted at u.
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Figure 10.24: Example: Compute minimum, maximum leaf labels and number
of leaves

{ If maxu � min u + 1 = sizeu, then we canknow that the leaveslabelsin
the subtreeof node u form an interval [min u::maxu]. Then we check
whether H [min u] or H [maxu] equals[min u::maxu ]. If yes,(u, v) is a
good edgewherev is the parent of u in T2.

Figure 10.24 shows the results of computing the min u; maxu and sizeu.
Time complexity for this step is O(n).

� Time complexit y analysis : All 4 steps can correctly recover the good
edges,and they canbecomputedin O(n) time. Sothe total time complexity
is O(n).

10.6 Nearest Neigh bor In terc hange Distance (NNI)

Given two unrooted binary trees T1 and T2, the distanceN N I (T1; T2) between
thosetreesis the smallestnumber of nearestneighbor interchanges(NNI) required
to transform onetree into another [13].

De�nition 13 Below de�nes the NNI operation and the NNI distance

� NNI Operation : A NearestNeigbor Interchnage(NNI) is the interchange
of two of the subtrees incident to an internal edge (=br anch) in a binary
tree. Tow such interchangesare possiblefor each internal edge. Figure
10.25 givesan exampleof the two possibleNNI operations acrossan edge.
Nodesx and y are adjacent to the edgee, nodesa and b are incident to node
x, and nodesc and d are incident to node y. Interchangingnodesb and c
resultsin the top tree and interchangingnodesb and d resultsin the bottom
tree.

� NNI Distanc e: Given two unrooted, degree-3 tree T1 and T2, the NNI
Distance is de�ned as the minimum number of NNI operations required to
convert T1 to T2, which is notated as NNI-dist( T1, T2). Figure 10.26shows
an example.
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Figure 10.25: NNI Operation example

Figure 10.26: NNI Distanceof T1 and T2 is 2
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Below shows someproperties of NNI-dist.

Lemma 14 NNI-dis(T1, T2) = NNI-dist( T2,T1)

Pro of : Sincethe nearestneighbor interchange(NNI) distancemeasuresthe
minimum number of NNIs required to changeT1 into T2. If oneNNI is required
to convert T1 to T2, then obviously oneNNI is requiredto convert T2 to T1, hence,
the lemma follows.

Lemma 15 NNI-dist( T1, T2) � number of bad edgesin T1 with respect to T2

Pro of : To remove onebad edge,we required at least oneNNI-operation.
Computing NNI-dist is NP-hard. However, there exists a polynomial time

O(logn)-approximation algorithm. This approximation amkesuseof certain merge
sort technique, which will not be discussedin this lecture.

10.7 Subtree Transfer Distance (STT)

De�nition 16 Below de�nes the STT operation and the STT distance

� STT Operation : Given an unrooted, degree-3 tree T, a subtree transfer
operation is the operation of detachinga subtree and reattaching it to the
middle of another edge. There are a few di�er ent methods to charge the
STT operation. In this lecture, the STT operation is charged by the number
of nodesthe subtree is transferred. Figure 10.27 givesan exampleof STT
operation.

� STT Distanc e: Given two unrooted, degree-3 trees T1 and T2, the STT
Distance is de�ned as the minimum cost of STT operations required to
transfer T1 to T2, which is notated as STT-dist(T1, T2).

Below we show a property of STT distance.

Lemma 17 STT � dist(T1; T2) = N N I � dist(T1; T2).

Pro of :

� STT � dist(T1; T2) � N N I � dist(T1; T2) becauseeach NNI operation is an
STT operation.

� STT � dist(T1; T2) � N N I � dist(T1; T2) becauseeach STT operation of
cost k can be simulated by k NNI-operations.
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Figure 10.27: The cost of above STT operation is 2

Figure 10.28: Supertree

Basedon the previousproperty of STT-dist, the STT-distanceequalsNNI dis-
tance. Therefore,computing STT-dist(T1; T2) is also a NP-hard problem. How-
ever, there also exists a polynomial time O(log n) approximation algorithm to
computeSTT-dist(T1; T2).

As we can seefrom the de�nition of STT distance, the STT approach of
phylogenetic tree comparisonmainly depends on the cost mechanism of STT
operation. According to our current cost mechanism, we have the property that
STT distance equals NNI distance. If we use di�eren t cost mechanism, this
property may not hold. This is also the reasonthat we needboth NNI and STT
approach.

Supertree

Currently, no method can �nd the phylogenetic tree for all species. To �nd the
phylogenetic tree for all species,we have to combine a number of phylogenetic
trees. Figure 10.28shows an example for combining two trees. The combined
tree is called supertree. The di�culties of this problem is to resolve the con
icts
amongthe trees.



Lecture 10: Phylogenetictree comparisonand network 10-23

References

[Lam 2000] M. Y. KAO, T. W. LAM, W. K. SUNG, H. F. TING,"Ca vit y match-
ings, label compressions,and unrooted evolutionary trees.", SIAM Journal
of Computing, 30(2):602-624,2000.

[Finden] C. R. FINDEN, A. D. GORDON, "Obtaining commonpruned trees."
Journal of Classi�cation, 2:255-275,1985.

[Lam 2001] M. Y. KAO, T. W. LAM, W. K. SUNG, H. F. TING, "Fast labeled
Tree Comparisonsvia UnbalancedBipartite Matchings", Journal of Algo-
rithm, 40(2):212-233,2001.

[Lam 1997] M. Y. KAO, T. W. LAM, W. K. SUNG,T. M. PRZYTYCCKA, H. F.
TING, "General techniquesfor comparingunrooted evolutionary trees.", In
Proceedingsof the 29th Annual ACM Symposium on Theory of Computing
(STOC 1997),pages54-65,1997.

[Robinson1981] D. F. ROBINSON, L. R. FOULDS, "Comparisonof phylogentic
trees.", Mathematical Biosciences,53:131-147,1981.

[Day 1985] W. H. E. DAY, "Optimal algorithms for comparingtreeswith labeled
leaves.", Journal of Classi�cation, 2:7-28,1985

[Tromp 1996] M. LI, J. TROMP, L. X. ZHANG, "Some notes on the nearest
neighbour interchangedistance.", Journal of Theoretical Biology, 182:463-
267,1996.

[Gupta 1999] B. DAS GUPTA, X. HE, T. JIANG, M. LI, J. TROMP, L. ZHANG,
"On the linear-cost subtree-transferdistance betweenphylogenetic trees.",
Algorithmica, 25(2):176-195,1999.

[Gupta 1997] B. DAS GUPTA, X. HE, T. JIANG, M. LI, J. TROMP, L. ZHANG,
"On distancebetweenphylogenetictrees.", In Proceedingsof the 8th Annual
ACM-SIAM Sumposium on DiscreteAlgorithms (SODA), 427-436,1997.

[Hein 1990] J. HEIN, "Reconstructing evoluiton of sequencessubject to recom-
bination using parsimony.", Mathematical Biosciences,98:185-200,1990.

[Hein 1993] J. HEIN, "A heuristic method to reconstructthe history of sequences
subject to recombination.", Journal of Molecular Evolution, 36:396-405,
1993.

[Moore 1973] G. W. MOORE, M. GOODMAN, J. BANABAS, "An iterativ e
approach from the standpoint of the addtitiv e hypothesisto the dendrogram
problemposedby moleculardata sets.", Journal TheoreticalBiology, 38:423-
457,1973.



Lecture 10: Phylogenetictree comparisonand network 10-24

[Moore 1971] D. F. ROBINSON, "Comparison of labeled trees with valency
three.", Journal of Combinatorial Theory, 11:105-119,1971.

[Doolittle 1999] W. FORD DOOLITTLE, "Phylogenetic Classi�cation and the
UniversalTree" ScienceVolume284,Number 5423Issueof 25 Jun 1999,pp.
2124- 2128

[Gus�eld 2003] D. Gus�eld, S. Eddhu, C. Langley Proceedingsof the 2003IEEE
CSB Bioinformatics Conference.

[Trinh] TRINH N. D. HUYNH, J. JANSSON, N. B. NGUYEN, W. K. SUNG.
Constructing a Smallest Re�ning Galled Phylogenetic Network. In RE-
COMB, 265-280,2005.


