
TreeLign: Simultaneous Stepwise Alignment and
Phylogenetic Positioning, with its Application to Automatic

Phylogenetic Assignment of 16S rRNAs

Yuan Li
Department of Electrical

Engineering and Computer
Science

University of Central Florida
Orlando, FL, USA,

32816-2362
liy@eecs.ucf.edu

Aaron L. Halpern
J. Craig Venter Institute

Rockville, MD, USA, 20850
Complete Genomics
2071 Stierlin Court

Mountain View, CA 94043
ahalpern@

completegenomics.com

Shaojie Zhang
Department of Electrical

Engineering and Computer
Science

University of Central Florida
Orlando, FL, USA,

32816-2362
shzhang@eecs.ucf.edu

ABSTRACT
Phylogenetic assignment of 16s rRNA has been frequently
used for taxonomic classification. Recently, high-throughput
sequencing, especially in the context of environmental or
metagenomic sequencing projects, has made fast and ac-
curate taxonomic classification an important goal. Existing
classification methods are either fast, but too coarse-grained
and inaccurate or fine-grained and accurate but too slow for
use in practice. In this paper, we propose a new computa-
tional method, TreeLign, to rapidly and accurately conduct
alignment and phylogenetic assignments for novel sequences,
given a reference phylogenetic tree and an alignment. TreeL-
ign first constructs profiles of every branch on the reference
tree, then, for each query sequence, tries assigning it to every
possible branch, and finally obtains a new tree and a new
alignment which are jointly optimal in terms of Maximum
Parsimony (MP). We tested the accuracy and robustness of
TreeLign on both a large and a small 16S rRNA dataset ex-
tracted from the core set of GreenGenes. The results on the
large dataset show that the assignments of TreeLign are in
general consistent with the phylogenetic tree of the core set
of GreenGenes. And, the results on the small dataset show
that TreeLign achieves comparable accuracy compared with
existing maximum likelihood based methods, but requires
much less computational time.

Categories and Subject Descriptors
I.2.8 [ARTIFICIAL INTELLIGENCE]: Problem Solv-
ing, Control Methods, and Search—Dynamic Programming

General Terms
Algorithm, Theory
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1. INTRODUCTION
Recently, a variety of metagenomics projects [2,14,22–24]

have produced a large amount of 16S ribosomal RNA (16S
rRNA) sequences. In addition, publicly available metage-
nomics databases are emerging [4, 6, 19]. Given this large
amount of environmental sequences, we want to know the
taxonomic groups they belong to. Inferring the phylogenetic
locations of these environmental sequences enables us to sort
these uncultivated sequences into already known taxonomic
clades. Therefore, fast and accurate taxonomic classification
and phylogenetic assessment of these 16S rRNA sequences
have become a challenge for metagenomics. Similar chal-
lenges apply to analysis of other marker genes.

In fact, to taxonomically classify a novel sequence would
be to perform a de novo alignment and phylogenetic infer-
ence (comprising the novel sequence and the reference se-
quences) simultaneously. This will lead to improvements in
both accuracy of the alignment and accuracy of the phy-
logeny [11, 25, 32]. But, in general, such simultaneous de-
termination is computationally intractable. Many heuris-
tic solutions have been employed in rendering practical ap-
proximations for this problem [25, 32]. Typically, multiple
alignment and phylogeny inference are computed separately
(construct an optimal phylogeny based on a fixed alignment
or vice versa). Moreover, even when computed separately,
both problems are still hard [5, 9, 27]. In this case, adding
a novel sequence into a carefully constructed existing align-
ment or phylogeny is a more practical approach.

There are several current state-of-art methods of phylo-
genetic assignment for 16S rRNA sequences. ARB parsi-
mony [16] can add new sequences to a phylogenetic tree
without perturbing its initial topology. However, the overall
sequence alignment has to be constructed before conducting
any phylogenetic analysis, and the quality of the alignment
has great impact on the quality of the phylogenetic analy-
ses that follow. In addition, the construction of the overall
alignment often requires human interaction.

The Ribosomal Database Project (RDP) [28] server em-
ploys the RDP Classifier, a Bayesian classifier, to classify
bacterial 16S rRNA sequences into the higher-order taxon-



omy [12], which is only capable of making hierarchical classi-
fication to the genus level. GreenGenes, an ARB compatible
16S rRNA gene database, also provides taxonomic classifica-
tion tools using multiple published reference taxonomies [6].
It employs a consensus tree built from taxonomies proposed
by several groups [15, 16, 18, 28] and maintains a consistent
multiple sequence alignment of both archaeal and bacte-
rial 16S rRNA genes to facilitate taxonomic placements.
For user-generated 16S rRNA gene sequences, the NAST
aligner [7] is used to align the query sequences to the consis-
tent alignment. In addition, GreenGenes searches the near
neighbors for each query sequence based on sequence simi-
larity. As expected, these sequence similarity based (similar
to BLAST-based) approaches are very fast, but are not that
accurate.

TreePuzzle [20] is a Maximum Likelihood (ML) based soft-
ware for phylogenetic analysis. MLTreeMap [26] is one of
the TreePuzzle based approaches for making phylogenetic
inference. MLTreeMap evaluates the ensemble of topolo-
gies using TreePuzzle and chooses the phylogenetic topol-
ogy with the highest ML score. Due to the computational
cost of TreePuzzle, it can only be applied on small datasets.
RAxML [21] infers phylogenetic trees based on sequential
and parallel ML, by conducting subtree rearrangement. AM-
PHORA [29] is one of the RAxML based approaches, it em-
ploys a methodology similar to that of MLTreeMap, and
uses RAxML to construct the phylogenetic tree. RAxML
is much faster than TreePuzzle because it employs paral-
lel computing and a rapid bootstrapping algorithm. How-
ever, the speed of RAxML is still not satisfying for large
trees regarding phylogenetic inference. In addition, RAxML
employs subtree rearragnement technique for phylogenetic
analysis, and thus does not respect the topology of the ref-
erence tree. On the other hand, we would prefer respect-
ing the reference trees, because most of the reference trees
should have been developed through costly processes (such
as manual analysis) and been extensively studied [30,31].

Here, we propose a new computational tool, called TreeL-
ign, to assign novel 16S rRNA sequences into a reference
phylogenetic tree while updating the multiple alignment si-
multaneously to achieve maximum parsimony. In the re-
mainder of this paper, we describe the algorithm of TreeL-
ign in section 2. In section 3, we evaluate and compare the
accuracy and robustness of TreeLign with existing methods,
and finally give discussions and remarks in section 4.

2. METHOD
Given a reference phylogenetic tree, an alignment of taxa

in the tree and a new novel sequence, we propose here a
method to quickly and accurately conduct phylogenetic as-
signment, putting the new sequence into the given tree and
the given alignment. Let W = {w1, . . . , wn} be a set of
n species. Let Tr = (V, E) be the (arbitrarily) phyloge-
netic tree of W , rooted at node r. For each node v ∈ V ,
we denote the subtree of Tr rooted at v by Tv. For sim-
plicity and without loss of generality, we require T to be a
proper binary tree. Let Σ = {A, T, C, G} be the alphabet
representing the four nucleotide bases and let ‘−’ represent
a gap. Then, Γ = Σ

S

{−} is the complete alphabet. Let
A = {A1, A2, . . . , An} be the multiple sequence alignment
of length L for species in W , where Ai ∈ ΓL represents
the aligned sequence of wi. Let snew denote the molecu-
lar sequence of a novel species labeled wnew . We aim to

construct a new phylogenetic tree T ′ that best explains the
phylogenetic relationships of wnew to all the species in W by
adding wnew to T , and simultaneously generate a new multi-
ple alignment A

′ by aligning snew with A. The construction
is based on the MP principle, so the parsimony score of A

′

on T ′ should be as small as possible (an indel or a mutation
costs 1, with the objective being to minimize the total cost)
while A and T are respected in A

′ and T ′.
The joint cost (the increase in parsimony score for T ′ and

A
′ relative to T and A) of adding wnew to a given branch

of T , assuming a fixed alignment, is computed in the follow-
ing way. Assigning wnew to T along a given branch e(u, v)
is conducted by subdividing the branch e(u, v), adding a
new internal node x between nodes u and v, and attaching
wnew as a descendent node of x. This operation introduces
additional mutations (costs) to the reference tree and the
alignment. For a fixed alignment A

′, the amount of addi-
tional cost can be determined by checking the number of
mutations between snew to the profile of the branch. The
branch profile represents a consensus of all aligned ances-
tral sequences that may possibly occur on that branch: for
each base of snew (or a gap introduced into snew), the cost
is 0 if it matches a possible ancestral sequence at the same
position, and 1 otherwise.

To achieve jointly optimal topology and alignment for
stepwise addition, it remains to find the alignment of snew

to A that results in the minimum score when the sequence
is added to a given branch. If this problem (referred to as
the Profile sequence alignment problem and will be stated
in next subsection) is solved, the decision among the 2n− 2
possible topologies can be made by exhaustively evaluating
every branch, as in typical stepwise-addition approaches to
phylogeny reconstructions. Therefore, we first simply evalu-
ate the cost of assigning the novel sequence to every branch
in the reference tree, then determine the “optimal” branch
that leads to the minimum cost, and finally generate the
topology of T ′. Once snew is aligned with a branch profile,
the pattern of the alignment can be propagated back to all
other nodes without disturbing the reference alignment, ex-
cept for inserting necessary gaps. Consequently, we are able
to construct a new alignment A

′ that achieves the minimal
increase in score in conjunction with the new phylogenetic
tree T ′.

In summary, the procedure of phylogenetic assignment
consists of three phases:

1. Branch profile construction, to construct branch
profiles for all the branches in the reference phylogeny.

2. Profile sequence alignment, to compute the cost of
aligning the novel sequence to every branch.

3. Optimal phylogeny and alignment determina-

tion, to determine the optimal branch that leads to a
minimal increase in MP score, and thereafter generate
a new phylogenetic tree and a new alignment accord-
ingly.

2.1 Branch profile construction
In this section, we describe how branch profiles are con-

structed. By using Fitch’s algorithm [10], we can compute
node profiles of all the interior and exterior nodes based on
the reference phylogeny T and the alignment A. For any
branch e(u, v) ∈ E(T ), we denote the branch profile of e by
puv. puv is the union of bases present at either endpoints
of the branch, and it can be inferred from the profiles of



nodes u and v (denoted by pu and pv). For each column
k, let pk

u, pk
v and pk

uv denote the kth column of pu, pv and
puv respectively. Then, pk

u, pk
v and pk

uv each represents a set
of characters that may occur in the kth column of pu, pv,
and puv respectively. Assume each column of a profile is in-
dependent, then the value of pk

uv should only depend on pk
u

and pk
v , and pk

uv = pk
u

S

pk
v. Clearly, pk

uv ⊆ Γ as pk
u ⊆ Γ and

pk
v ⊆ Γ. For every branch in T , as long as the node profiles

of both endpoints are known, we can construct the profile
of the branch.

2.2 Profile sequence alignment
As stated above, the problem of aligning a novel sequence

to a reference tree along a branch can be turned into the
problem of aligning the sequence to the branch profile of
that branch, where each branch profile represents a set of
all possible sequences on that branch which are consistent
with the MP criterion. From another point of view, each
branch profile can also be considered as a network of L lay-
ers. Each layer has at most five disconnected internal nodes
that are fully connected to the nodes of the adjacent lay-
ers. In this case, the problem of profile sequence alignment
can be seen as a special case of the network matching prob-
lem [13]. Next, we will propose an algorithm that efficiently
determines the optimal alignment of a branch profile and a
sequence and computes the parsimony score.

At the first step, we need to define the score for aligning
a single column of a branch profile with a single base of a
sequence. Given a branch profile puv and a novel sequence
snew , the cost of aligning the kth column of puv to the hth

base of snew is either 0 or 1, depending on whether the
base sh

new is present at the set of pk
uv (a match) or not (a

mismatch). The cost of aligning sh
new with pk

uv is 0, if sh
new ∈

pk
uv; and 1, otherwise.

score(pk
uv, sh

new) =



0 sh
new ∈ pk

uv

1 otherwise
(1)

Next, we apply dynamic programming to determine an optimal
alignment of puv and snew. Let cost[0..L][0..l] be an (L+1)×(l+1)
array, where L is the length of profile p and l is the length of
sequence s. For each i and j, cost(i, j) is the cost of the optimal
alignment between the sub-profile p1..i and the sub-sequence s1..j .
Let both the gap penalty and the cost of a mismatch be 1, we
have the following recursive formulation.

For boundary conditions,

score(0, 0) = 0
score(0, j) = score(0, j − 1) + 1

score(i,0) =



score(i − 1, 0) if − ∈ pi

score(i − 1, 0) + 1 if − /∈ pi

(2)

For i ≥ 1 and j ≥ 1,

score(i, j) = min

8

>

>

>

<

>

>

>

:

score(i − 1, j − 1) if sj ∈ pi

score(i − 1, j − 1) + 1 if sj /∈ pi

score(i, j − 1) + 1
score(i − 1, j) if − ∈ pi

score(i − 1, j) + 1 if − /∈ pi

(3)

The MP cost of aligning a novel sequence to a branch profile
explains the number of additional mutations introduced to the
phylogeny. If the novel sequence conforms to the profile of the
branch (when it happens to be in the set of all possible aligned
ancestral sequences on that branch), there should be no cost as-
sociated with adding the novel sequence along that branch; oth-
erwise, the cost is equivalent to the cost of aligning the novel
sequence to the profile of that branch.

2.3 Optimal phylogeny and alignment deter-
mination

After the costs of aligning the novel sequence along all the
branches are computed, we can select the branch that gives the
minimal cost. Then, we construct the topology of the new phy-
logenetic tree by subdividing the selected branch and adding the
novel sequence as a descendant node of the internal node that
splits the branch. Further, we generate the new alignment by
propagating the pairwise alignment between the novel sequence
and the branch profile back to each interior and exterior node.
For example, if column i of the branch profile is aligned with
column j of the novel sequence (or a gap), then column i of the
reference alignment should also be aligned with column j of the
novel sequence. Similarly, an insertion of a gap to column i of
the branch profile should lead to an insertion of a gap to every
sequence of the reference alignment. The above procedure de-
scribes how the topology of the resulting phylogenetic tree and
the resulting alignment are constructed in TreeLign.

If branch lengths of the new phylogeny are also in need, one
may resort to dedicated programs such as TreePuzzle for precise
branch lengths assignments. However, for the sake of convenience,
we also provide an approximation to estimate lengths of branches
that are incident to the new internal node. Let e(u, v) be the
branch along which wnew is inserted and x be the new internal
node which splits e(u, v). Let |e(u, v)| be the branch length of
e(u, v). Since, the pairwise distances between any pair of existing
leaf nodes in the reference tree are kept intact, then |e(u, x)| +
|e(x, v)| = |e(u, v)|. And, the ratio of |e(u, x)| over |e(x, v)| is
equivalent to the ratio of the profile divergence between nodes u
and x over the profile divergence between nodes x and v.

2.4 Speed up of TreeLign
The overall time complexity of TreeLign is O(nlL). We can

speed up TreeLign by eliminating the number of branches to as-
sign by using BLAST as a filter and we term this heuristic as
TreeLignB (TreeLign with BLAST filter). Although BLAST is
not that accurate for assigning a query sequence to a reference
phylogenetic tree, it gives an indication of where the best branch
to assign may reside in general. The assumption is that the ideal
branch to assign should be close to, if not exactly incident to,
the leaf node that represents the best hit of BLAST. If there is a
high sequence similarity between the two, it is unlikely the query
sequence will be inserted into the tree along a branch which is far
away from the best hit node. Usually, sequences of nodes that are
distantly away from the best hit node should be greatly different
from the sequence of the best hit node, and also be dissimilar to
the query sequence. Thus, we do not need to try every possible
branch on the reference tree, but only a subset of branches that
reside within a certain distance to the best hit. We can narrow
down the search space by only searching branches that are within
the search radius to the best hit node, and discard all the remain-
ing branches. The radius is defined in terms of the sum of branch
lengths, and it may range from 0 (in which only the best hit node
is examined), to the diameter of the tree (in which all branches
are tried). The time complexity of TreeLignB is O(KlL), where
K is the number of branches within the search space.

3. RESULTS AND DISCUSSION

3.1 datasets
The reference phylogenetic tree and multiple alignment for our

tests were drawn from GreenGenes [6] in order to test if TreeLign
could be used as a de novo approach on a real dataset. We down-
loaded the GreenGenes ARB database from GreenGenes’ web-
site [1], and extracted a core set phylogenetic tree (which is named
tree core set) as well as its corresponding multiple alignment from
the database for our tests. The resulting reference alignment
and tree (which is referred to as “the large dataset”) contains
3730 archeal and bacterial species and has a diameter of 0.6968.
The length of the reference alignment is 3408. We also randomly
picked 200 Proteobacteria from the large dataset, including 2 Ral-
stonia, 12 Burkholderiales and 32 β-Proteobacteria, and extracted



both the corresponding phylogenetic tree and the alignment for
the selected species (referred to as “the small dataset”). The di-
ameter of the resulting tree is 0.3775.

3.2 Measures of observed deviated distance
Following the method used by von Mering et al. [26], we eval-

uated the accuracy of the phylogenetic assignment of TreeLign
based on the deviated distance between the ideal phylogenetic
position where the query species should belong to and the actual
phylogenetic assignment observed. Figure 1 shows the procedures
of removing a clade from a reference phylogenetic tree and assign-
ing a query species to the remaining tree. In tree T0, the subtree
rooted at node D is removed from the overall phylogeny. This
causes B, the parent of D, to be also removed, and the sibling
of D becomes the child of A in place of B to keep bifurcated,
as shown in T1. As we respect the reference phylogeny, for any
removed species, the ideal phylogenetic assignment should be on
the basal position of the new link. Tree T2 represents an observed
phylogenetic assignment, in which a query species X and an new
internal node Y are inserted. We can obtain the actual phyloge-
netic assignment by mapping the position of Y onto the branch
between C and G in T3. The red star on edge e(vA, vE) and the
green star on edge e(vC , vG) in T3 represent the ideal and actual
phylogenetic assigning positions respectively.

A

B C

E F GD

H I
T0

A

B C

E F GD

H I
T1

A

C

E F Y

T2

A

C

E

F G

T3

GX

Figure 1: The removal of a clade from phylogeny

and the assignment of a new node.

The minimum distance between the ideal and actual observed
branch to assign, denoted by Md, is a good measure for deviated
distances. However, there are cases when branch lengths of the
reference tree are absent, or one may only care about the changes
of topology rather than distances. Then, the number of edges
along the path from the original attachment point to the new at-
tachment point, denoted by Mb, provides an alternative measure.
Mb is of more topological meaning than quantitative meaning, it
cares about the number of branches between the ideal and ob-
served assignments, regardless of the actual deviated distance.
Finally, we define Mp, which represents the exact distance be-
tween the ideal (the red star) and the observed (the green star)
points to assign, as the third measure. Let ei be the ideal branch
to assign, eo be the observed branch to assign, and en be any
neighboring branch that shares exactly one endpoint with eo. Md

and Mb are computed as following:

Md(ei, eo) =

(

0, if ei and eo share endpoints
min
en

{|en| + Md(ei, en)} otherwise

Mb(ei, eo) =

(

0, if ei and eo are identical
min
en

{1 + Mb(ei, en)} otherwise

(4)

3.3 Benchmarking procedure

We compared the performance of TreeLign with the aforemen-
tioned approaches on taxonomic assignments. For TreeLign, we
first eliminated the poorly aligned region of the alignment by re-
moving all the columns that were composed of more than 80%
gaps. Due to the limitations of assembly and sequencing tech-
niques, many query sequences are only partial 16S rRNAs se-
quences. In this case, these partial sequences should only be
aligned to part of the reference alignment. Therefore, we used
TreeLign with local alignment for the tests. For BLAST based
approaches, we just selected the best hit of the query sequence out
of all the sequences in the reference dataset. For TreePuzzle based
approaches, the procedure exactly followed MLTreeMap [26] ex-
cept that 16S rRNA sequences were used instead of marker genes.
First, we built a Hidden Markov Model template for the alignment
using HMMBuild [8] and then aligned the query sequence to the
template using Hmmalign and obtained the new alignment. Next,
we used GBLOCKS [3] to eliminate the poorly aligned regions.
Finally, we applied TreePuzzle to compute the ML score of every
topology in the ensemble, and then selected the one that had the
best ML score as the resulting phylogenetic tree. Because TreeP-
uzzle is able to assign branch lengths for the user-defined trees, we
were able to compute all of Md, Mb and Mp. For RAxML based
approaches, the procedures were exactly the same as TreePuz-
zle except that the ensemble of topologies were evaluated and
scored by RAxML. (Note that RAxML is able to generate an
overall phylogenetic topology based on sequence alignment under
certain topological constraints.) Here, we restricted RAxML to
consider user-specified trees that were consistent with the refer-
ence topology. First, we constructed an ensemble of all possible
phylogenetic topologies, which integrated the query speices while
respecting the reference topology. Next, we used RAxML to eval-
uate the likelihood of each user-specific phylogenetic tree to be
a correct representation of the alignment. Since there was no
branch lengths information available, we only benchmarked Md

and Mb for RAxML.

3.4 Performance of TreeLign
In order to evaluate the performance of TreeLign, we want

to know, given an existing well-established reference phylogeny
and its corresponding reference alignment, whether TreeLign can
make fast, accurate and robust phylogenetic assignments for novel
sequences. The first test is to take in a high-quality large align-
ment and phylogeny and see how accurately we can reconstruct
the alignment and assign the phylogenetic position of each se-
quence if we remove it from the reference and apply the algo-
rithm. The second test is to remove different clades of species
from the existing alignment and phylogeny, and then reassign
these removed species back into the remaining tree. The second
test is able to estimate the robustness of TreeLign in the scenario
when closely related species are missing.

3.4.1 Validation of accuracy on the large dataset
In this test, for each species in the large dataset, we simply

removed it from the reference tree and the alignment. After that,
we reassigned each species back to the reference tree and aligned
its sequence with the reference alignment. ML-based methods
were not compared in this larget dataset test, because most of
them are too slow for thousands of species. For example, TreeP-
uzzle requires more than one month to evaluate the ensemble of
all possible topologies generated for assigning ONLY one query
species to the reference phylogeny in the large dataset, not to
mention thousands of queries. In this case, we only compared the
accuracy of TreeLign with the BLAST based method.

Results show that TreeLign performs much better than BLAST,
according to all three measures. TreeLign makes perfect phy-
logenetic assignments for 45.2% species, with average deviated
distances Md = 0.0083, Mb = 2.40, Mp = 0.030; while BLAST
makes perfect assignments for 34.91% species, with average devi-
ated distances Md = 0.015, Mb = 3.65, Mp = 0.056. This proves
that TreeLign is able to make consistent phylogenetic assignments
with the reference phylogeny and thus can be successfully used
as a taxonomic classification tool for de novo datasets.



Table 1: Robustness test on the large dataset among BLAST-based mapping, TreeLign and TreeLignB

Methods
Removed Clades

Ralstonia Burkholderiales β-proteobacteria Proteobacteria

Md
BLAST 0.02223 0.03234 0.07381 0.05187
TreeLign 0.01965 0.01192 0.03585 0.01951

TreeLignB 0.02786 0.02297 0.02891 0.01233

Mb
BLAST 3.0 8.522 12.21 11.79
TreeLign 6.5 4.13 7.654 6.584

TreeLignB 8.5 6.391 6.75 5.637

Mp
BLAST 0.04050 0.06899 0.1115 0.10580
TreeLign 0.04708 0.02571 0.06796 0.04778

TreeLignB 0.03716 0.02958 0.04057 0.03143

3.4.2 Estimation of robustness on both the large and
small datasets

The errors of classifications and assignments for species with
low abundance on the reference dataset are much higher than
those with high abundance. We define robustness of phyloge-
netic assignment as the ability to assign a novel sequence, which
has little or no close relatives in the reference phylogeny, accu-
rately. The property of robustness is important for phylogenetic
assignment because although the current phylogenetic tree covers
species of a lot of taxonomic groups, there are still some lineages,
especially those with environmental low abundance or restricted
to poorly-studied environments, remain uncovered. Without ro-
bustness, taxonomic classifications of query species from unrep-
resented clades are usually error prone.

We estimated the robustness of TreeLign by intentionally re-
moving clades that are closely related to the query species from
the reference tree and the alignment, and then evaluating quality
of the phylogenetic assignment of each species in the clade on the
remaining dataset. We selected different levels of clades (Genus,
Class, Order and Phylum) to remove for the test, and compared
the robustness of TreeLign against all the aforementioned meth-
ods. TreeLign and BLAST were tested on both large and small
datasets, while TreePuzzle and RAxML based methods were only
tested on the small dataset.

For tests on the large dataset, the removed clades were Ral-
stonia (Genus), Burkholderiales (Class), β-proteobacteria (Or-
der) and Proteobacteria (Phylum), as in previous tests of ML-
TreeMap [26]. The removed clades contained 2, 23, 52 and 903
species respectively. The average deviated distance between the
ideal and actual assignment was determined using Md, Mb and
Mp. Comparisons among TreeLign and TreeLignB (with radius
0.20) and the BLAST based method are shown in Table 1. TreeL-
ign outperforms the BLAST based method except when Ralsto-
nia, which contains only two species, is removed.

For tests on the small dataset, the removed clades were Ralsto-
nia, Burkholderiales and β-proteobacteria, each containing 2, 12
and 32 species respectively. Comparisons among TreeLign, TreeL-
ignB (with radius 0.16) and aforementioned methods are shown
in Table 2. These results indicate that TreeLign can make robust
phylogenetic assignments even when different levels of closely re-
lated clades are removed. In general, the quality of results gen-
erated by TreeLign is comparable to that of ML-based methods,
but requires much less time. For example, when the clade of
Burkholderiales is removed, on average, the deviated distance Mp

of reassigning the removed species back is equivalent to 0.068 us-
ing BLAST, while it equals to 0.021, 0.019 and 0.014 using TreeL-
ign, TreePuzzle, and RAxML respectively. The deviated distance
of BLAST is almost three folds of those of the other methods, but
the differences in deviated distances among TreeLign, TreePuzzle
and RAxML are slight. Results are similar for Md and Mb. This
is probably because although ML is a better estimation for phy-
logenetic reconstruction, the result of a poor ML search may be
no better than that of a more thorough search under some faster
criterion [17].

We also tested the contribution of simultaneous optimization,
as compared to simply using MP to score phylogenetic placement

Table 2: Robustness test on the small dataset

among BLAST-based mapping, ML-based map-

pings, TreeLign and TreeLignB

Methods
Removed Clades

Ralstonia Burkho-
lderiales

β-proteo-
bacteria

Md

BLAST 0.06479 0.04105 0.08386
TreeLign 0 0.00809 0.02773

TreeLignB 0 0.01342 0.04744
TreePuzzle 0 0.00330 0.03723
RAxML 0 0.00271 0.039

Mb

BLAST 9.5 6.33 8.562
TreeLign 0 3.33 3.344

TreeLignB 1 3.33 5.625
TreePuzzle 0 2.25 4.594
RAxML 0 2 4.812

Mp

BLAST 0.11830 0.06807 0.1159
TreeLign 0.00704 0.02179 0.05565

TreeLignB 0.02361 0.01907 0.06861
TreePuzzle 0.00642 0.01403 0.06509
RAxML - - -

given a fixed alignment. To evaluate the latter, we conducted a
test similar to that of Table 2 and we used a fixed alignment built
by HMMBuild and HMMAlign rather than allowing optimization
of the alignment for each branch. Run times are predictably much
faster, but the results are considerably worse. Regardless of the
clades removed, the deviated distance is greater than that using
TreeLign by at least 22% in terms of Md and at least 35% in
terms of Mb.

3.5 Time performance
The time performance of BLAST, TreeLign, TreeLignB, TreeP-

uzzle and RAxML on both the large dataset and the small dataset
is shown in Table 3. The machine configurations are 32 bit, 2.4G
Hz Quad-CPU, 3.0 GB memory, Fedora 11 OS. In general, TreeL-
ign needs more time than BLAST but is much faster than the
others; while TreeLignB is even faster than TreeLign, but at the
expense of accuracy. BLAST is the fastest of all but not as ac-
curate as the others because it is designed for finding regions
with local similarity between sequences, while sequence similarity
is not the gold-standard for phylogenetic assignment, especially
when sequences of the species are divergent. The computational
time required by TreeLign is on the order of a thousand times
faster than TreePuzzle for both datasets, and hundreds times
faster than RAxML. ML-based methods such as TreePuzzle and
RAxML require a lot of computational resources for calculating
likelihoods and probabilities, while TreeLign is based on MP cri-
terion. In addition, ML-based methods may not make extensive
use of available information contained in the reference phylogeny,
thus consume a lot of computational time for reference species,
among which, the phylogenetic relationships are well known. In
contrast, TreeLign takes advantage of the established reference



phylogeny and make incremental assignments for novel sequences
without unnecessary re-computation. With the advancement of
sequencing techniques, more genetic sequences of hundreds of
thousands of environmental species will be available. TreeLign
can be used to provide accurate phylogenetic assignments in a
reasonable time.

Table 3: Comparison of time performance

Methods The large dataset The small dataset
BLAST 2 seconds less than 1 seconds
TreeLign 7 minutes 12s 11 seconds

TreeLignB 1 minute 40s 6 seconds
TreePuzzle >1 month 1.1 hours
RAxML 21 hours 21 minutes

In addition, the run time of TreeLign can also largely be im-
proved using Multiple Threading Technique. TreeLign chooses
from all possible phylogenetic assignments the one with mini-
mal cost, while the evaluation of each assignment is independent.
Therefore, the algorithm of TreeLign can be divided into a set
of profile sequence alignment problems, and each problem can be
solved independently using Multiple Threading Technique.

4. CONCLUSION
In this paper, we have developed TreeLign, an automated method

that makes fast and accurate phylogenetic assignments for novel
sequences while improving both the phylogeny and alignment.
TreeLign first constructs profiles of every branch on the reference
tree, then, for each query sequence, tries assigning it to every
possible branch, and finally obtains a new tree and a new align-
ment which are jointly optimal in terms of Maximum Parsimony.
By testing on 16S rRNA sequences, TreeLign is shown to make
accurate assignments that are comparable to ML-based methods,
while requires a lot less computational resources. The program is
freely available at http://www.genome.ucf.edu/TreeLign.
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