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Overemphasis on 
sensitivity 

• Performance of most multiple alignment programs 
has been evaluated in terms of sensitivity (recall) 
alone

• sensitivity = number of correctly predicted 
homologous positions / number of true pairs of 
homologous positions

• Precision (referred to as specificity in the multiple 
alignment literature), is also very important, if not 
equally important

• Lack of ROC analysis, tunable parameters for 
tradeoff
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AMAP

• Schwartz & Pachter, 2007

• Key ideas:

• Objective function based on PHMM 
probabilities and alignment metric - alignment 
metric accuracy

• Sequence annealing - Alignment constructed 
one match at a time.  Not progressive!
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Partial global multiple alignment

• c1, ... , cm : columns in multiple alignment

• P : the “alignment poset”

• surjective: φ maps at least one sequence 
position to every column ci

• (i, j, ε): position j in sequence i on strand ε

A partial global multiple alignment of sequences !1, . . . ,!k is a partially or-
dered set P = {c1, . . . , cm} together with a surjective function " : S!1,...,!k ! P
such that "((i, j1, #1)) " "((i, j2, #2)) if j1 " j2.
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Partial global alignment example

respectively. A partial global multiple alignment of sequence
characters S ! {s1, . . . ,sk} is a partially ordered set P !
{c1, . . . , cm} together with a surjective function w : S ! P such
that w"sa

i # < w"sa
j # if i < j. The elements of P correspond to columns

of the multiple alignment, and the partial order specifies the order in
which columns must appear. We call P an alignment poset, and note
that unless P is a total order, there are columns of the partial multiple
alignment whose order is unspecified. A linear extension of a par-
tially ordered set P ! {c1, . . . , cm} is a permutation of the elements
c1, . . . , cm such that whenever ci < cj, i < j. A global multiple
alignment is a partial global multiple alignment together with a
linear extension of the alignment poset P (Fig. 1). A similar rep-
resentation using directed acyclic graphs instead of postes is used
by the Partial Order Alignment program (Lee et al., 2002), and has
also been used in the A-Bruijn alignment program (Raphael et al.,
2004).
There is an important (trivial) case of a partial multiple

alignment:
EXAMPLE (null alignment): A null global multiple alignment of k

sequence S ! {s1, . . . ,sk} of lengths n1, . . . , nk is a partial global
multiple alignment MNull where the alignment poset P has sizeP

k nk. Note that in this case P must be a disjoint union of k chains.
Let M be the set of all partial multiple alignments of a set of

sequences S. A scoring function for multiple alignments is a func-
tion f : M ! R which assigns a ‘score’ to each partial multiple
alignment. The problem of specifying biologically realistic scoring
functions that can be evaluated efficiently is an important open
problem that we do not address in this paper. In what follows,
we make use of a scoring function defined for alignments of
pairs of sequences, namely the alignment metric accuracy
(Schwartz et al., 2006). The score of a multiple alignment is defined
to be the sum-of-pairs score for all of the pairwise alignments. This
scoring function has useful properties explained in Schwartz et al.
(2006) most notably that the sum-of-pairs score is meaningful for
producing an alignment ‘close’ to the true alignment.

3 SEQUENCE ANNEALING

The goal of global multiple alignment is to find argmaxM2M (f(M))
where M ranges over all partial multiple alignments and f is a
scoring function. In principle, f can be evaluated at every partial
multiple alignment but this is not feasible in practice, as the setM is
large (Dress et al., 1998).

We formalize a greedy approach to multiple alignment as follows.
Let S be a collection of k sequences of length n1 , . . . , nk and let
L !

P
i ni. A sequence annealing for S with scoring function f is a

nesting of partial global multiple alignmentsML $ML% 1 & & & $Mr

where the alignment poset Pi associated toMi has jPi j ! i for all i,
PL is a null multiple alignment of S and f (Mi+1) ' f(Mi). Note that
each multiple alignment Mi consists of a function wMi : S!P.
By definition, the sequence annealing process can only proceed

by minimal steps that reduce the number of columns in the (partial)
alignment by one. This can only be done by merging two existing
columns cMi(1

k ‚cMi(1

l into cMi
k , such that 8sa

j , wMi"sa
j # ! cMi

k if
wMi(1"sa

j # ! cMi(1

l , or ! wMi(1"sa
j # otherwise. The difficulty in find-

ing a sequence annealing is that not all pairs of columns can neces-
sarily be merged in a partial multiple alignment. However it is
natural to consider the algorithm in Figure 2.
The time complexity of the algorithm depends on (1) the number

of iterations of the main loop, (2) the time it takes to check the
condition in line 3 and (3) the time it takes to merge the two
columns. The time for (1) is simply L % r + 1. (3) can be done
inO(k) time, since there are at most k% 1 sequence elements that are
affected by each merge operation. The challenging step of the
algorithm is (2).
In order to perform step (2) efficiently a weight w"cML

k ‚cML
l # is

assigned to each pair of columns in ML. Candidate pairs with posi-
tive weights are placed in a heap in O(Lk log(Lk)) time.1 At every
iteration of the algorithm the candidate pair p with the highest
weight is drawn from the heap in O(1) time. The weight of p is
recalculated to account for merge operations that involve the posi-
tions in p. If the new weight w0 is lower than the weight of the
current top candidate in the heap the edge is reinserted into the heap
with the new weight w0 in O(log(Lk)) time, otherwise merge(p) is
performed.
The merge operation can be done efficiently using an online

topological ordering algorithm. Given a directed acyclic graph
G, the topological ordering problem is to find a function ord:
V ! N such that if i ! j then ord(i) < ord(j). Directed acyclic
graphs are equivalent to partially ordered sets, and the topological
ordering problem is just the problem of finding a linear extension of
the poset (the former terminology is used in computer science, and
the latter terminology in mathematics). It is easy to see that the
topological ordering problem is trivial (Tarjan, 1972). The online
topological ordering problem is the topological ordering problem
where edges appear one at a time. This problem was first considered

Fig. 1. A set of four sequences, an alignment poset together with a linear

extension and a global multiple alignment. The function from the set of

sequence elements to the alignment poset that specifies the multiple align-
ment is not shown, but is fully specified by the diagram on the right. For

example, the second element in the first sequence is s1
2 ! G, and w"s1

2#
corresponds to the fourth column of the multiple alignment.

Fig. 2. A general sequence annealing algorithm.

1Here we assume that the number of candidate pairs with positive weights

per sequence position is of the order O(k).

Multiple alignment by sequence annealing

e25

unaligned 
sequences poset

linear extension 
of  poset

(global multiple 
alignment)

Schwartz & Pachter , 2007
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Sequence annealing algorithm

respectively. A partial global multiple alignment of sequence
characters S ! {s1, . . . ,sk} is a partially ordered set P !
{c1, . . . , cm} together with a surjective function w : S ! P such
that w"sa

i # < w"sa
j # if i < j. The elements of P correspond to columns

of the multiple alignment, and the partial order specifies the order in
which columns must appear. We call P an alignment poset, and note
that unless P is a total order, there are columns of the partial multiple
alignment whose order is unspecified. A linear extension of a par-
tially ordered set P ! {c1, . . . , cm} is a permutation of the elements
c1, . . . , cm such that whenever ci < cj, i < j. A global multiple
alignment is a partial global multiple alignment together with a
linear extension of the alignment poset P (Fig. 1). A similar rep-
resentation using directed acyclic graphs instead of postes is used
by the Partial Order Alignment program (Lee et al., 2002), and has
also been used in the A-Bruijn alignment program (Raphael et al.,
2004).
There is an important (trivial) case of a partial multiple

alignment:
EXAMPLE (null alignment): A null global multiple alignment of k

sequence S ! {s1, . . . ,sk} of lengths n1, . . . , nk is a partial global
multiple alignment MNull where the alignment poset P has sizeP

k nk. Note that in this case P must be a disjoint union of k chains.
Let M be the set of all partial multiple alignments of a set of

sequences S. A scoring function for multiple alignments is a func-
tion f : M ! R which assigns a ‘score’ to each partial multiple
alignment. The problem of specifying biologically realistic scoring
functions that can be evaluated efficiently is an important open
problem that we do not address in this paper. In what follows,
we make use of a scoring function defined for alignments of
pairs of sequences, namely the alignment metric accuracy
(Schwartz et al., 2006). The score of a multiple alignment is defined
to be the sum-of-pairs score for all of the pairwise alignments. This
scoring function has useful properties explained in Schwartz et al.
(2006) most notably that the sum-of-pairs score is meaningful for
producing an alignment ‘close’ to the true alignment.

3 SEQUENCE ANNEALING

The goal of global multiple alignment is to find argmaxM2M (f(M))
where M ranges over all partial multiple alignments and f is a
scoring function. In principle, f can be evaluated at every partial
multiple alignment but this is not feasible in practice, as the setM is
large (Dress et al., 1998).

We formalize a greedy approach to multiple alignment as follows.
Let S be a collection of k sequences of length n1 , . . . , nk and let
L !

P
i ni. A sequence annealing for S with scoring function f is a

nesting of partial global multiple alignmentsML $ML% 1 & & & $Mr

where the alignment poset Pi associated toMi has jPi j ! i for all i,
PL is a null multiple alignment of S and f (Mi+1) ' f(Mi). Note that
each multiple alignment Mi consists of a function wMi : S!P.
By definition, the sequence annealing process can only proceed

by minimal steps that reduce the number of columns in the (partial)
alignment by one. This can only be done by merging two existing
columns cMi(1

k ‚cMi(1

l into cMi
k , such that 8sa

j , wMi"sa
j # ! cMi

k if
wMi(1"sa

j # ! cMi(1

l , or ! wMi(1"sa
j # otherwise. The difficulty in find-

ing a sequence annealing is that not all pairs of columns can neces-
sarily be merged in a partial multiple alignment. However it is
natural to consider the algorithm in Figure 2.
The time complexity of the algorithm depends on (1) the number

of iterations of the main loop, (2) the time it takes to check the
condition in line 3 and (3) the time it takes to merge the two
columns. The time for (1) is simply L % r + 1. (3) can be done
inO(k) time, since there are at most k% 1 sequence elements that are
affected by each merge operation. The challenging step of the
algorithm is (2).
In order to perform step (2) efficiently a weight w"cML

k ‚cML
l # is

assigned to each pair of columns in ML. Candidate pairs with posi-
tive weights are placed in a heap in O(Lk log(Lk)) time.1 At every
iteration of the algorithm the candidate pair p with the highest
weight is drawn from the heap in O(1) time. The weight of p is
recalculated to account for merge operations that involve the posi-
tions in p. If the new weight w0 is lower than the weight of the
current top candidate in the heap the edge is reinserted into the heap
with the new weight w0 in O(log(Lk)) time, otherwise merge(p) is
performed.
The merge operation can be done efficiently using an online

topological ordering algorithm. Given a directed acyclic graph
G, the topological ordering problem is to find a function ord:
V ! N such that if i ! j then ord(i) < ord(j). Directed acyclic
graphs are equivalent to partially ordered sets, and the topological
ordering problem is just the problem of finding a linear extension of
the poset (the former terminology is used in computer science, and
the latter terminology in mathematics). It is easy to see that the
topological ordering problem is trivial (Tarjan, 1972). The online
topological ordering problem is the topological ordering problem
where edges appear one at a time. This problem was first considered

Fig. 1. A set of four sequences, an alignment poset together with a linear

extension and a global multiple alignment. The function from the set of

sequence elements to the alignment poset that specifies the multiple align-
ment is not shown, but is fully specified by the diagram on the right. For

example, the second element in the first sequence is s1
2 ! G, and w"s1

2#
corresponds to the fourth column of the multiple alignment.

Fig. 2. A general sequence annealing algorithm.

1Here we assume that the number of candidate pairs with positive weights

per sequence position is of the order O(k).

Multiple alignment by sequence annealing

e25

Schwartz & Pachter , 2007

total length of sequences

null alignment

column l of alignment i

score of alignment i
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Sequence annealing 
properties

ML !ML!1 !ML!2 . . . !Mr

Mi associated with poset Pi, where |Pi| = i

f(Mi+1) ! f(Mi)

Mi+1 transformed to Mi by merging two columns,
cMi+1
j and cMi+1

k , into one cMi
l
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Merging columns

• Need to perform two tasks

• Check if two columns can be merged

• Need to update poset after merge

• Solved by using an online topological ordering 
algorithm

• Edges given one at a time
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Choosing columns to 
merge

• Each pair of columns is assigned a weight

• Positively weighted pairs placed in heap

• Heap gives highest weight pair in constant time

• When columns are merged, weights change

• Require that weights decrease on merge

• Don’t need to update weights on merge, only 
calculate new weight on pop from heap
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Alignment metric accuracy

d(hi, hj) = n + m! 2|hi
H " hj

H |! |hi
I " hj

I |! |hi
D " hj

D|

g(hi, hj) = 1! d(hi, hj)
n + m

=
2|hi

H " hj
H | + |hi

I " hj
I | + |hi

D " hj
D|

n + m

Alignment metric:

Alignment metric accuracy:

= fraction of positions aligned the same in both alignments

For multiple alignments:

2.3. COMPARING ALIGNMENTS 25

While these requirements are not satisfied by (2.4), they are satisfied by the
following:

d(hi, hj) = 2|hi
H | + |hi

I | + |hi
D|! 2|hi

H " hj
H |

!|hi
I " hj

I |! |hi
D " hj

D|
= 2|hj

H | + |hj
I | + |hj

D|! 2|hi
H " hj

H |
!|hi

I " hj
I |! |hi

D " hj
D|

= n + m! 2|hi
H " hj

H |
!|hi

I " hj
I |! |hi

D " hj
D|). (2.11)

Proposition 2.10 d(hi, hj) is a finite metric for An,m.

Proof : It is easy to see that d(hi, hj) satisfies requirements (2.7), (2.8), and
(2.9). We need to show that it satisfies the triangle inequality (2.10). Let
Uij = 2|hi

H " hj
H | + |hi

I " hj
I | + |hi

D " hj
D|, and Uijk = 2|hi

H " hj
H " hk

H | +
|hi

I " hj
I " hk

I | + |hi
D " hj

D " hk
D|. Using the fact that Uik ! Uijk # 0 and

Uij + Ujk ! Uijk $ n + m, we have that d(hi, hj) + d(hj , hk) ! d(hi, hk) =
n + m! Uij ! Ujk + Uik = n + m! (Uij + Ujk ! Uijk) + Uik ! Uijk # 0.

Example 2.11 (Metric for A2,2) By Proposition 2.5, there are six dis-
tinct alignments in A2,2. The metric is:

HH HDI DIH IHD DHI DDII
HH 0 2 2 4 4 4
HDI 2 0 4 3 3 2
DIH 2 4 0 3 3 2
IHD 4 3 3 0 4 2
DHI 4 3 3 4 0 2
DDII 4 2 2 2 2 0

Intuitively, the distance between two alignments is the total number of
characters from both sequences that are aligned di!erently in the two align-
ments. Alternatively, the quantity g(hi, hj) = 1 ! d(hi,hj)

n+m is a convenient
similarity measure that can be interpreted as the fraction of characters that
are aligned the same in both alignments. We therefore define the Alignment
Metric Accuracy (AMA) of a predicted alignment hp given a reference align-
ment hr to be g(hp, hr). The intuitive motivation for this accuracy measure
is that it represents the fraction of characters in !1 and !2 that are correctly
aligned, either to another character or to a gap.

AMA can easily be extended to multiple sequence alignments (MSA) by
using the sum-of-pairs approach. Let An1,n2,...,nk be the space of all MSAs
of k sequences of lengths n1 to nk. Given two MSAs hi, hj % An1,n2,...,nk ,

d(hi, hj) =
k!1!

s1=1

k!

s2>s1

d(hi
s1,s2 , h

j
s1,s2), (2.12)

26 CHAPTER 2. COMBINATORICS OF ALIGNMENTS

where hi
s1,s2 is the pairwise alignment of sequences s1, s2 as projected from

the MSA hi with all-gap columns removed. The similarity of two MSAa is
defined to be

g(hp, hr) = 1! d(hp, hr)
(k ! 1)

!k
i=1 ni

. (2.13)

Unlike standard sum-of-pairs scoring, our definition follows from the re-
quirement that our accuracy measure should be based on a metric, and the
multiple AMA retains the desirable properties of the pairwise AMA.

Notes

Alignment posets were first introduced in [Morgenstern et al., 1999]. For
more on Delannoy numbers see [Banderier and Schwer, 2005] and for a gen-
eral discussion on the enumeration of alignments see [Dress et al., 1998]. A
similar representation using directed acyclic graphs instead of posets is used
by the Partial Order Alignment (POA) program [Lee et al., 2002], and has
also been used in the A-Bruijn alignment (ABA) program [Raphael and Pevzner, 2004].
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Expected AMA

Ehr [g(h, hr)] =
1

n + m

!

"
#

(i,j)!hH

P[!1
i ! !2

j |!1,!2] +
#

i!hD

P[!1
i ! "|!1,!2] +

#

j!hI

P[" ! !2
j |!1,!2]

$

%

• Using Pair HMM to give posterior 
probability of true alignment hr we can 
calculate the expected alignment metric 
accuracy:

• This is the pairwise expected AMA, the 
multiple alignment expected AMA is simply 
the sum-of-pairs version
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AMAP objective functionin Alpern et al. (1990) and Marchetti-Spaccarnela et al. (1996).
Significantly for our application, the problem admits efficient algo-
rithms. We omit a detailed complexity analysis in this paper and
refer the reader to Ajwani et al. (2006). In our implementation we
adopted the algorithm of Pearch and Kelly (2004), which has good
time complexity and is relatively easy to implement.
The correctness of the algorithm requires that the weight function

w(p) has the property that merging a pair with positive weight will
result inMi!1 for which f(Mi!1) " f(Mi). In addition, a good weight
function should be correlated with d # f(Mi!1) ! f(Mi), such that
pairs that have a higher potential contribution to the objective func-
tion will be merged earlier in the sequence annealing process. Since
w can change after each merge operation, a naive algorithm will
have to update the weights for all the affected pairs after every such
operation and reinsert them to the heap with the updated weights. To
reduce the complexity of the algorithm we currently restrict w to be
independent of merge operations or to have the property that the
weight of a pair can only be reduced after a merge operation.
The second property allows for a rapid evaluation of w. Only
when a pair pi is fetched from the top of the heap, its
weight w0(pi) is recalculated. Since w0(pl) $ w(pl), w

0%pl& #
maxpk2Hfw

0%pk&g if and only if w0(pl) " w(ph), where ph is the
next top candidate pair in the heap H.
In order to specify a weighting function w, we first need to define

an objective function for the global multiple alignment problem.
Such an objective function should be derived from the quality
measures used to evaluate alignments. The most widely used accu-
racy measure for multiple sequence alignment is the developer
score (fD) (Sauder et al., 2000), which is equivalent to the sum-
of-pairs score (SP) (Thompson et al., 1994). fD is a sensitivity
measure, defined as the number of correctly aligned residue
pairs in the evaluated alignment divided by the number of aligned
residue pairs in the reference alignment. In Schwartz et al. (2006)
we show that use of fD to derive the objective function leads to the
over alignment problem, in which many unrelated positions are
aligned without much support, resulting in low specificity,
especially when aligning unrelated sequences or sequences with
unalignable regions. Moreover, sine most alignment programs are
compared based on fD alone, programs that are considered to be
very accurate can actually produce poor alignments that do
not distinguish between related (homologous) and unrelated
sequence-regions.
To solve this problem we introduced in Schwartz et al. (2006) a

new accuracy measure for global multiple sequence alignment
named alignment metric accuracy (AMA), which is based on a
metric for multiple alignments. AMA is defined as the fraction of
residues that are aligned correctly to another residue or to a gap,
summed over all sequence pairs. We refer the reader to the original
paper for a formal definition of the alignment metric, the AMA
score, and further discussion about their properties.
Given a probabilistic model for pairwise alignments, the match

posterior probabilities P%s1
i 's2

j js1‚s2‚!& assign a probability to
the event that s1

i is aligned to s2
j given the probabilistic model

specified by the parameters ! and the data (Durbin et al., 1998).
Although gap posterior probabilities P%s1

i ' ! js1‚s2‚!& and
P% ! 's2

j js1‚s2‚!& are not discussed in Durbin et al. (1998),
they are important and easy to derive.
A key point is that there is a family of objective functions, based

on posterior decoding, that can be used to optimize the expected fD

score, as well as the expected AMA score:

f Gf %M& #
X

sa‚sb j a6#b

 
X

f%j‚ k& jwM%sa
j &#wM%sb

k&g
P%sa

j 's
b
k js

a‚sb‚!&

( Gf

X

fj j 8sb
kw

M%sa
j & 6#wM%sb

k&g
P%sa

j ' ! jsa‚sb‚!&

( Gf

X

fk j 8sa
j w

M%sa
j &6#wM%sb

k&g

P%! 'sb
k js

a‚sb‚!&
!
: %1&

In fact, these objective functions can be used to obtain a wide
range of alignments, from the most specific to the most sensitive.
When the gap-factor parameter Gf is set to 0, f 0 evaluates the
expected fD score. f 0.5 evaluates the expected AMA score. In
general, setting Gf to higher values results in alignments with
higher specificity, while reducing the value of Gf results in higher
sensitivity.
We propose two weight functions that are derived from f as

defined in (1). Both have a static and a dynamic version. The static
weights are computed once using the null alignment and stay con-
stant during the sequence annealing process, while the dynamic
weights are recomputed (rapidly) for each top candidate column
pair (ck, ci):

Let Pmatch #
X

fsa
i 2w!1%ck&g

X

fsb
j 2w!1%cl&g

P%sa
i 's

b
j js

a‚sb‚!&‚

and let Pgap #
X

fsa
i 2w!1%ck&g

P%sa
i ' ! jsa‚sb‚!&

(
X

fsb
j 2w!1%cl&g

P% ! 'sb
j js

a‚sb‚!&‚

then

w
Gf
maxstep%ck‚cl& #

Pmatch ! GfPgap

jw!1%ck&w!1%cl&j
if ck 6# cl and !1 otherwise‚

%3&

and

w
Gf

tgf %ck‚cl& #
Pmatch

Pgap
! Gf if ck 6# cl and !1 otherwise:

%4&

The first weight function w
Gf
maxstep assigns the highest weight to

the pair of columns pmax, for which the increase in the objective
function f Gf divided by the number of new matched pairs is
maximal. It is easy to see that this weight function satisfies the
requirement that weights can only decrease following a merge
operation, since it is calculated by averaging over all newly matched
residue pairs.
While w

Gf
maxstep is a good hill-climbing heuristic and is useful for

finding a local maxima of f Gf at the final alignment Mr, it has no
guarantees for the alignments produced during the sequence anneal-
ing process. The second weight function w

Gf

tgf addresses this issue. It
is motivated by the empirical observation that when the optimal
pairwise alignment is found using dynamic programming, 99.8% of
the pairs that are matched in alignments that use higher gap-factor
values for increased specificity also appear in alignments that use
lower gap-factors for better sensitivity. Sequence annealing
with wtgf emulates the process of slowly reducing the temperature

A.S.Schwartz and L.Pachter

e26

• Family of functions, parameterized by Gf 

(“gap-factor”)

• Gf = 0 : maximize fD score (sensitivity)

• Gf = 0.5 : maximize expected AMA score

• Gf > 0.5 : higher specificity, lower sensitivity
13



Weight functions
• With the following definitions:

• Define two possible weight functions:

Pmatch =
!

!a
i !"!1(ck)

!

!b
j!"!1(cl)

P[!a
i ! !b

j |!a,!b]

Pgap =
!

!a
i !"!1(ck)

!

!b
j!"!1(cl)

P[!a
i ! "|!a,!b] + P[" ! !b

j |!a,!b]

w
Gf

maxstep(ck, cl) =
Pmatch !GfPgap

|!!1(ck)||!!1(cl)|

w
Gf

tgf (ck, cl) =
Pmatch

Pgap
!Gf

14



Comparison of AMAP
(gap-factor in our analogy), allowing pairs of columns whose
weights become positive to align. Therefore at any step of the
sequence annealing process the scoring function that is being opti-
mized is f temp(M), where temp ! w

Gf

tgf "pmax# $ Gf .

The following lemma shows that w
Gf

tgf can only decrease after a
merge operation.

LEMMA: If x1, . . . , xn and y1, . . . , yn are positive numbers then

max
k

xk
yk

%
P

k xkP
k yk

:

PROOF: We may assume without loss of generality thatP
k xk !

P
k yk ! 1. If xk < yk for all k, then

P
k xk <

P
k yk,

which is a contradiction. &

4 RESULTS

We implemented sequence annealing by extending our existing
protein alignment software that already performs posterior decoding
based alignments. The new program, AMAP 2.0, is abbreviated to
AMAP in this paper2.
The following variations of AMAP were tested:

& AMAP—the program with its default settings. w ! w0:5
tgf with

dynamic weights.

& AMAPsn—adjusted to maximize sensitivity. w ! w0
maxstep with

static weights and two rounds of consistency transformations.
This version of the program is best suited for comparison with
existing multiple alignment programs that focus on maximizing
sensitivity.

& AMAPsp—adjusted for better specificity. w ! w4
tgf with

dynamic weights.

We compared the performance of AMAP with other alignment
programs on the SABmark 1.65 datasets (Van Walle et al., 2005).
SABmark includes two sets of reference alignments with a known
structure from the ASTRAL (Brenner et al., 2000) database. The
Twilight Zone set contains 1740 sequences with <25% identity
divided into 209 groups based on SCOP folds (Murzin et al.,
1995). The Superfamilies set contains 3280 sequences with
<50% identity divided into 425 groups. In addition, each dataset
has a ‘false positives’ version, which contains unrelated sequences
with the same degree of sequence similarity in addition to the
related sequences. Programs tested include Align-m 2.3 (Van
Walle et al., 2005), CLUSTALW 1.83 (Thompson et al., 1994),
DIALIGN-T 0.2.1 (Subramanian et al., 2005), MUSCLE 3.52
(Edgar, 2004), ProbCons 1.1 (Do et al., 2005) and T-Coffee 3.84
(Notredame et al., 2000). Our main results are as follows:

& The sensitivity of AMAPsn averaged over all positions in both
SABmark datasets (with and without false-positives) is higher
than all tested programs and is achieved with the highest
specificity of all tested programs. Remarkably, the specificity

of AMAPsn is almost three times higher than the closest
competitors in sensitivity, when false positives are introduced.

& Both AMAP and AMAPsp get better modeler and AMA scores
than all other programs, including Align-m, which is designed
to optimize specificity rather than sensitivity.

& The running time of AMAP is comparable to (and in some
cases faster than) that of DIALIGN-T, MUSCLE, ProbCons
and T-Coffee. This was achieved without any optimization
for speed in the current prototype.

These results are detailed in Tables 1 and 2 that show the
performance of all the alignment programs we tested measured
with the developer, modeler and AMA accuracy measures on the
SABmark 1.65 datasets without and with false positives, res-
pectively. The developer score (fD) measures sensitivity and the
modeler score (fM) measures specificity. The AMA measure, dis-
cussed earlier in the paper, provides a balanced assessment of the
overall accuracy of an alignment.
It is important to note that all programs except for Align-m aim at

maximizing sensitivity at the expense of specificity. It is therefore
not surprising that these programs clearly have better fD scores
than fM scores. On the other hand, AMAP allows to control the
sensitivity/specificity tradeoff and is able to achieve best results
on both measures. This is clear by examining Figure 3, which
shows sensitivity and specificity of AMAP at various stages of
the sequence annealing on the SABmark dataset with no false-
positives (averaged over all positions). All the points on the
AMAP curve were produced with AMAP, except for the most
sensitive point, which was produced by AMAPsn. The figure depicts
one crucial difference between AMAP and all the other current
alignment programs. While every other program produces a single
point, the sequence annealing method used in AMAP produces
a series of alignments, starting with very specific alignments
with low sensitivity and ending at very sensitive alignments with
lower specificity. It is clear that the AMAP line dominates all
other programs, since for every alignment produced by some
other program, there is a point on the AMAP line that has better
sensitivity and specificity.
Although we disagree that alignment programs should be eval-

uated based on sensitivity alone, we will note that the fD scores of

Fig. 3. Comparison of different alignment programs with AMAP.

2AMAP uses the ProbCons parameters with a single pair of gap states to

generate pairwise posterior probabilities. The latest version of ProbCons
uses two additional gap states, which we do not use in the current version

of AMAP. We also slightly modified the initial state probabilities to {pmatch,

pinsert, pdelete} ! {0.4,0.3,0.3}.
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AMAPsn are comparable to ProbCons, which is arguably the most
accurate program in terms of sensitivity. This is not surprising since
AMAP and ProbCons use similar posterior probabilities. While
ProbCons has slightly better sensitivity than AMAPsn on the sets
without false-positives when scores are averaged over alignments,
AMAPsn has a slightly better score when the scores are averaged
over all positions in all alignments together. This indicates that the
sequence annealing method finds better alignments when the total
number of residues in an alignment increases. The same trend is
evident in the false-positives sets, in which AMAPsn achieves better
scores than ProbCons on all measures and datasets. This is again due
to the fact that the false-positives sets are larger and therefore
the alignments are less robust to errors made in early stages of
the progressive alignment procedure used in ProbCons. Even
more striking is the fact that while both programs achieve very
similar fD scores, AMAPsn has much better fM and AMA scores
than ProbCons (81.1 AMA compared with 54.2 on the false-positive
sets averaged over all alignments), even though it is tuned to
optimized sensitivity alone. Again, this can be explained by the
fact that sequence annealing takes the smallest step in the space
of multiple alignments and fixes matches based on their overall
contribution to the objective function score. In progressive align-
ment, once two sequences are chosen to be aligned, their entire
alignment is determined without regard to the fact that the align-
ment of some residues may be unclear until later in the procedure.

Both AMAP and AMAPsp get better fM and AMA scores than all
other programs, including Align-m, which is designed to optimize
specificity rather than sensitivity. AMAP achieves high specificity
while still producing respectable sensitivity scores. On most data-
sets, AMAPsp has better AMA scores than AMAP, despite the fact
that AMAP is tuned to optimize the AMA scores. This can be
explained by the fact that the parameters used to produce the poster-
ior probabilities do not fit the SABmark data very well and probably
underestimate the gap probabilities.
AMAP compares favorably with most other programs in terms

of running time, as well. It takes only 13.5 seconds on average to
align a group of sequences from the false-positives sets with current
version of AMAP, which is still a prototype that has not yet
been optimized for speed, compared with 19.2 seconds per query
with MUSCLE, which is known to be optimized for fast running
time. In fact, most of AMAP’s running time is spent on computing
the posterior probabilities and not on the actual sequence
annealing. Using sequence annealing also allows AMAP to
produce in one run of the algorithm a range of multiple sequence
alignments, ranging from very specific to very sensitive
alignments, since at every point of the algorithm a valid multiple
sequence alignment can be produced from the current
(partial) alignments. This allows users to see how the alignment
is being built and decide which alignment looks best for their
purpose.

Table 1. Comparison of protein alignment programs on the SABmark datasets with no false-positives

Twilight (209) Superfamilies (425) Overall by alignments Overall by positions Average time

Program fD fM AMA fD fM AMA fD fM AMA fD fM AMA Seconds

Align-m 21.6 23.6 51.7 49.2 45.6 56.9 40.1 38.3 55.2 35.2 45.4 56.6 12.7
CLUSTALW 25.6 14.7 24.9 54.0 38.1 43.8 44.7 30.4 37.6 33.6 19.5 28.2 0.4

DIALIGN-T 21.3 19.8 45.5 49.9 44.9 54.8 40.4 36.6 51.7 33.9 38.6 52.5 1.4

MUSCLE 27.3 16.4 27.6 56.3 40.3 46.4 46.8 32.4 40.2 37.5 22.5 31.7 2.1

ProbCons 32.1 21.1 37.4 59.8 44.4 51.8 50.7 36.7 47.0 43.0 34.3 47.0 4.5

T-Coffee 26.7 18.1 35.2 56.5 42.8 50.3 46.7 34.7 45.3 39.4 31.5 44.5 11.3

AMAPsn 30.9 22.4 40.9 58.8 45.3 53.3 49.6 37.8 49.2 43.3 39.1 51.9 2.4

AMAP 24.0 28.3 51.2 52.8 54.6 59.5 43.3 45.9 56.8 32.5 59.7 59.6 1.7

AMAPsp 14.5 41.5 56.5 38.7 69.4 60.2 30.7 60.2 59.0 20.7 78.1 58.9 1.4

Entries show the average developer (fD), modeler (fM) and AMA scores. Best results are shown in boldface. All numbers have been multiplied by 100.

Table 2. Comparison of protein alignment programs on the SABmark datasets with false-positives

Twilight-FP (209) Superfamilies-FP (425) Overall by alignments Overall by positions Average time

Program fD fM AMA fD fM AMA fD fM AMA fD fM AMA Seconds

Align-m 17.8 6.4 81.5 44.8 16.8 77.5 35.9 13.4 78.9 28.6 17.6 83.3 158.9

CLUSTALW 20.4 2.4 35.5 50.9 7.4 37.0 40.8 5.7 36.5 31.2 4.0 34.2 1.7
DIALIGN-T 17.0 4.5 74.1 46.7 14.0 71.5 36.9 10.9 72.4 30.2 13.5 78.5 5.7

MUSCLE 19.4 2.3 37.1 49.7 7.5 38.9 39.7 5.8 38.3 30.7 4.1 35.7 19.2

ProbCons 26.8 4.4 55.6 56.0 10.9 55.0 46.4 8.8 55.2 34.8 6.5 54.2 28.5
T-Coffee 13.0 2.3 56.5 42.5 9.3 56.6 32.8 7.0 56.6 26.7 6.6 62.6 61.2

AMAPsn 27.3 6.6 68.3 56.1 14.1 63.8 46.6 11.6 65.3 35.7 17.7 81.1 13.5

AMAP 19.2 9.8 84.4 46.4 27.0 84.2 37.4 21.4 84.2 27.4 30.1 88.5 11.2

AMAPsp 12.7 17.3 91.0 35.7 45.9 91.1 28.1 36.5 91.1 19.1 50.3 91.4 10.0

Entries show the average developer (fD), modeler (fM) and AMA scores. Best results are shown in boldface. All numbers have been multiplied by 100.
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