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Abstract

Comparison of protein sequences via alignment is an important routine in modern biological
studies. Although the technologies for aligning proteins are mature, the current state of
the art continues to be plagued by many shortcomings, chiefly due to the reliance on:
(i) naive objective functions, (ii) fixed substitution scores independent of the sequences
being considered, (iii) arbitrary choices for gap costs, and (iv) reporting, often, one optimal
alignment without a way to recognise other competing sequence alignments. Here, we
address these shortcomings by applying the compression-based Minimum Message Length
(MML) inference framework to the protein sequence alignment problem. This grounds
the problem in statistical learning theory, handles directly the complexity-vs-fit trade-off
without ad hoc gap costs, allows unsupervised inference of all the statistical parameters,
and permits the visualization and exploration of competing sequence alignment landscape.

1 Introduction

A protein is characterised as a sequence over the amino acid alphabet. An alignment
between two amino acid sequences specifies a one-to-one correspondence between their
subsequences. Inferring meaningful alignment relationships is central to deciphering
how, and to what extent, proteins evolve from their common ancestor.

Protein sequence alignment programs are geared towards finding an alignment
that optimises a specified objective function using two key criteria. The first is a
user-specified choice of a substitution scoring matrixz that associates a numeric score
for each pair of matched (corresponding) amino acid letters. The second is the user-
specified gap function parameters to penalise any unmatched gap runs.

The first criterion is defined in the form of an empirically-derived substitution
scoring matrix. Dayhoff [1] computed the original PAM (Point Accepted Mutation)
family of log-odds-ratio-based substitution matrices that model frequencies of sub-
stitutions across varying levels of evolutionary relatedness. For instance, PAM-10
matrix is used when comparing sequences that are 90% similar, PAM-30 when they
are 75% similar, PAM-70, PAM-120, and PAM-250 when sequences are 55%, 37%
and 20% similar respectively [2]. Another commonly used family of scoring matrices
is the BLOSUM series designed by Henikoffs [3]. These computations deal with the
substitution frequencies derived directly from ungapped blocks of conserved protein
sequences, constrained within varying thresholds of sequence similarity. BLOSUM-50
and BLOSUM-62 are commonly used by many aligners for sequences that are 25%
and 30% similar. For a comprehensive summary of substitution matrices, refer [2].

The affine gap penalty function, of the form v(l) = g,+({—1)ge, is commonly used
for the second criterion, where [ is the run-length of any unmatched stretch (gap) of



amino acid symbols in an alignment, while g, and g, are gap penalty parameters that
penalise opening and extending a gap respectively. Unlike the substitution scores,
(9o, ge) parameters are not based on any evolutionary model, but rather tuned by
the user to suit the scoring matrix and sequences being aligned. BLOSUM-50, for
instance, is commonly used with (g,, g.) parameters of (10, 2), BLOSUM-62 commonly
uses (11,1), PAM-70 uses (10,1) and PAM-30 uses (9, 1).

The choices of substitution matrix and gap parameters affect the global protein
alignment accuracy. The field continues to lack a reliable and unsupervised method
of aligning protein sequences across the spectrum of evolutionary relationships. This
motivates the research presented in this paper.

We apply the information-theoretic Minimum Message Length (MML) method
to address the protein sequence alignment problem. MML is a Bayesian method of
inferring promising hypotheses that best explain observed data [4]. A sequence align-
ment is a hypothesis that explains the relationship between two observed sequences.
Formulating the sequence alignment problem in MML is best understood as an imag-
inary communication between a transmitter-receiver pair. The transmitter’s goal is
to communicate to the receiver the observed amino acid sequence pair, (S, T). One
approach is to assume S and T are unrelated and, thus, transmit them independent
of each other. We refer to this as the null model message, and denote its length as:

NULL({S,T)) = NULL(S) + NULL(T) bits. (1)

In contrast, an alignment model attempts to economise the message length using
any shared information between (S, T) via an alignment 4. This model yields a two-
part message. In the first, the transmitter communicates the alignment A. In the
second part, the amino acid symbols of S and T are encoded using A. Denote this
two-part message length as: I(A, (S, T)) = I(A) +I1((S,T)|A) bits.  (2)

~  ———
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The above equation estimates the Shannon information content [5] of various terms as
the negative logarithm of the probability used to state that term: I(-) = —log(Pr(+)).

The message length term I(A, (S, T)), linked with the joint probability of A and
(S, T), allows the comparison of competing alignment hypotheses, and gauge their
statistical significance. Formally, the difference of alignment model message lengths
between any two alignments, A; and As, gives the log-odds ratio of their posterior
probabilities:
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It follows from above that the best alignment hypothesis is one with the shortest
value of 1(A, (S, T)). Furthermore, NULL((S, T)) — I(A, (S, T)) provides a natural
test for the statistical significance of the alignment hypothesis. Alignments whose
estimated I(A, (S, T)) is longer than NULL((S,T)) are rejected.

Previous applications of MML to aligning DNA (nucleotide) sequences include
6, 7, 8]. The work here applies MML to the protein sequence alignment problem



that requires new statistical models for estimation of terms involved in NULL((S,T))
(see Equation 1) and I(A, (S, T)) (see Equation 2) for any given protein sequence pair
(S, T) and their alignment A. We develop methods that find the best A under this
compression framework, and visualise the whole landscape of competing alignment
hypotheses.

2 Methods

2.1 FEstimation of NULL(-)

A string generated from a fixed alphabet X = {z,,... 2} with [R| symbols can
be modelled by a multi-state model. A multi-state model is defined using the corre-
sponding set of multinomial state probability parameters {Pr(z,),...,Pr(z )} The
space of possible probability values these parameters can take defines the standard
(|R| = 1)-simplex with |[X| — 1 free parameters [9]. Given a string of length N from X,
where each z; € N is observed |z;| times, the MML (Wallace-Freeman [10]) estimate
of Pr(x,) is Pr(x;) = Ei&l‘ﬁ 4, 9].

Any protein sequence is a string from the amino acid alphabet. There are 20 nat-
urally occurring amino acids. The Universal Protein resource (UniProt) [11] provides
a large corpus of protein sequences on which the MML null probability estimate,
Pr(x;), for each amino acid symbol z; € X can be computed.

In this work, we model the observed protein sequences as order k = {0,1,2}
Markov chains. For any protein sequence Y, denoted as a string of amino acid codes
(y1Y2 - - - Yn), the null statement of Y involves (i) stating the number of amino acids in
Y over a Wallace-tree code over positive integers [12], taking [iyteger(12) bits, followed
by (ii) the null encoding of each y; € Y (using the order-k MML estimates), taking

La(Y) =>"0  Lun(ys) = D> iy — log(Pr(yi|yi_1 - --yi_1)). Therefore:

NULL<Y) = integer(n> + Inull(Y> = integer(n) + Z Inull(yi) bits. (3)
=1

The null probability estimates need not be transmit-
ted as the computation of these and the data on which
they are computed is common knowledge. Equation 3
in turn gets used for computing the null model encoding
length NULL((S,T)) of any given sequence pair (S, T)
in Equation 1, taking O(|S| + |T|) time.

2.2 Estimation of I(A):

Pr(m|m]

An alignment between any sequence pair (S, T) can be Rigure 1: Alignment be-
represented as a three-state string over m (match), d tween two sequences is a
(delete), or i (insert) states. Communicating an align- string generated by a three-
ment A involves sending its length, |.A|, using the Wallace- Stat¢ machine with match,

. delete and insert states.
Tree code, followed by the three-state string modelled as

an order 1 Markov chain (see Fig. 1).



The transition probabilities out of each state in this machine add up to 1 (see
Fig. 1): Y Pr(xjm) = > Pr(x|d) = > Pr(x|i) = 1,V* € {m,d,i}. Furthermore,
the following transition symmetry between delete and insert states are applied,
reducing the number of free parameters: Pr(m|i) = Pr(m|d); Pr(ijm) = Pr(djm);
Pr(ild) = Pr(d|i); Pr(i|i) = Pr(d|d).

The MML estimation of parameters on a multistate distribution (Section 2.1)
is used here to estimate the transition probabilities (denoted as é%ML) with the
alphabet size of 3, and the Markov order of 1. We note that the parameters Q%ML
have to be stated explicitly as a part of the message that encodes and transmits
the string using the stated parameters. Wallace and Freeman [10, 4] approximated
the precision of stating the MML estimates of any d-dimensional parameter vector
OMML ¢ /{Z/ ? Jdet(F(OMMLY) where rq is the d-dimensional lattice constant [13], and
det(F(OMMLY) is the determinant of the Fisher Information matriz (the d x d matrix
of the expected second derivatives of the negative log likelihood function).

The computation of determinant of the Fisher information for multistate distribu-
tion is described at www.allisons.org/11/MML/Discrete/Multistate/. Using this
approach, we compute the length, I(Q%ML), of stating the parameters. The statement
length of A given é%ML is denoted as I(A|(§%ML). Combining all these terms, the
total statement length of transmitting A takes:

I(A) = I(|A|) + I(OMML) 4 1(A|OML) bits. (4)
length 3-state string
eng params -state strin.

This computation takes O(].A]) time.

2.3  FEstimation of I((S, T) |A):

The second part of Equation 2 involves the message-length term required to explain
the sequence pair (S, T) using the knowledge of a given alignment A, communicated
in the first part. In Section 2.2 we have seen that this alignment statement comes in
the form of a three-state string. On receiving A, the receiver can determine the length
of S (= number of ‘m’s plus number of ‘d’s) and the length of T (= number of ‘m’s
plus number of ‘i’s). To complete the communication under the alignment model, the
details of the amino acid symbols that make up (S, T) are sent. To achieve this, the
transmitter can progressively encode, left-to-right, the amino acid symbols associated
with each alignment state. Specifically: m state implies some s; € S is aligned with
some t; € T; d state implies some s; € S remains unaligned; i state implies some
t; € T remains unaligned.

The statement of any s; or ¢; when the alignment is in the ‘d’ or the ‘i’ state
is carried out using the null encoding (Section 2.1), taking lyu(s;) and Iyu(t;) bits
respectively.

However, in the ‘m’ state, there is a pair of amino acids (s;, t;) that are hypothesised
to be related, and can potentially be stated concisely compared to their null encodings.
To encode such matched pairs, we aim for a probabilistic model over pairs of amino
acids that is capable of handling extrapolations of their pairwise relationships across
varying evolutionary distances of their underlying sequences.



2.3.1 Transition probability matrix for matched amino acid pairs.

Relying on alignments of 71 families of closely-related proteins, Dayhoff and col-
leagues [1] modelled the transition probabilities of each amino acid under evolutionary
pressure. Their approach derived a unit Point Accepted Mutation matrix (PAM-1).
PAM-1 (denoted as M!) is a transition probability matrix over amino acid symbols,
where any M*(z,y) gives the transition probability of the amino acid y mutating into
x, Pr(z|y), in one PAM time-step. This is same as the probability that amino acid
y will mutate into x in sequences that have diverged by one unit in PAM distance
terms. (Note, M(z,y) = Pr(z|y) # Pr(y|x) = M (y, z).)

Generalizing, a PAM-n matrix (M"™,¥n > 0) gives the probability of any amino
acid y mutating into any « in n PAM steps. PAM-n (M™) can be derived from PAM-
1 (M*') via matriz exponentiation: (M')" = M. Efficient matrix exponentiation is
derived by storing the eigen-decomposition of M into SAS~!, where S is the matrix
of eigenvectors of M"Y and A is the diagonal matrix of MYs eigenvalues. Thus,
M™ = SA"S~!. Furthermore, as n — oo, M™ should approach the stationary (null
probability) distribution characterised in Section 2.1. (See Table 2(a) in Section 3.)

2.3.2 Encoding the matched amino acid pairs using a given PAM-n.

Given an alignment A of a sequence pair (S, T), let A, denote the subsequence of A
that defines all its matches. Denote the ordered set of matches between amino acid
pairs contained in the subsequence A, to be of the form: (S, T) = ((si,,tj,) s (Sipstjs) s - - -)-
We describe two approaches to encode these amino acid pairs using a given PAM-n
(M™) transition probability matrix:

(i) Amino acid mutation-generation (asymmetric) machine: In this ap-
proach, each matched pair of symbols (s;,, t;,) € (S, T)_, is stated as follows: First s;,

is stated using the null model probability of Pr(s;, ), taking Lyu(s;,) = —log(Pr(s;,))
bits. Then, ¢;, is stated using s;, and PAM-n, taking I(¢;,|s;,, M"™) = —log(Pr(t;,|s;,, M™)) =
—log(M™(t,,s;,)) bits. Thus, over all the set of matches defined by A,, the length
I((S, T), |An, M™) using this machine is:

|An| | An|
I(<Sv T>m ’Amv Mn) - Z - log(Pr(Sik’tjk ’Mn)) = Z Inull(sik) + I(tjk ‘Sikv Mn) (5)
k=1 k=1

This approach is asymmetric, as swapping the order of sequences from (S, T) to
(T, S) can yield (slightly) different encoding lengths. This is because PAM-n transi-
tion probability matrix, as we noted earlier, is not symmetric.

(ii) Amino acid pair-generation (symmetric) machine: This approach over-
comes the problem of asymmetry encountered in the mutation-generation machine by
constructing the average of the (asymmetric) joint probabilities of Pr(s;, ,t;,|M") and
Pr(tjm Sip | M™) as Prv8(s;, , t;, |[M™) = (Pr(si,) Pr(t;, [si,, M™) 4+ Pr(t;, ) Pr(s;,|t;,, M™)) /2
that remains invariant to the order of evaluation of the two sequences. Thus:

Ao e o
I(<SvT>m [ An, M™) = Z _log(Pr(Simtjk‘Mn)) = ZI(Sikvtjk‘Mn) bits.  (6)
k=1

k=1



2.3.3 Estimating the optimal PAM-n (M") for a given alignment:

Given an alignment A over a sequence pair (S,T), we want to select the best n
of PAM-n (M™) such that, I((S,T)_|An, M™) computed using either Equation 5 or
Equation 6, is minimised. Here, we restrict n to be positive integers, and attempt
to find the extremum of I((S,T)_|An, M™) using an iterative quaternary search al-
gorithm over the domain lo = 1 < n < 1000 = hi. For a fized set of matches
A, € A, in each iteration, this algorithm truncates the search domain [lo...hi] to
[lo + L%;ZO)J ...hi] or [lo...hi — L@J] by removing either the first or the last
quarter, after evaluating I((S,T)_ |An, M") at those two quarter points. The value
of lo upon termination is taken to be the optimal estimate of n. This computation

takes O(|Ay|) time and the overall computation of I((S, T) | A) takes O(|.A]) time.

2.4 Search for an alignment that minimises I( A, (S, T))

Equation 2 in Section 1 gives the length of the two-part message, I(A, (S, T)), us-
ing the alignment model. The objective now is to find an alignment A*, and its
associated parameters (OMME, M), that minimises I(A, (S, T)). First, a dynamic
programming strategy to find an optimal alignment for any fixed set of parameters
is discussed, followed by an Expectation-Maximization method to find the optimal
across the parameter space.

2.4.1 Dynamic programming algorithm (DPA)

Substituting Equation 4 in Equation 2 gives the objective function: I(A, (S, T)) =
I(|A]) 4 L(OMMEY L T(A|OYML) L I((S, T) |.A). This objective function is sub-additive,
especially due to the two terms I(|.A]) and I(é%ML). To permit the application of a
DPA, we move these terms outside the objective, and optimise the rest:

I(A, (8, T)) = I(JA]) + 1I(O3M") + I(AIEM") +1((S, T) | A) . (7)
overlookedguring DPA optimised 2iruring DPA

This is justifiable because, for closely competing alignment hypotheses, I(].A]) +
I(é%ML) yields similar values, and hence can be treated as constant during the DPA,
whose precise values can be added at the end. Moreover, for the terms involved in
the DPA, we have I(A|GMML) £ 1((S,T) |A) > I(JA]) 4+ [(EYML).

Based on this, we can implement a DPA similar to the one proposed by Go-
toh [14].  Our approach takes O(|S||T|) time, at the expense of storing three DPA
history matrices, denoted as Hist,, Hist; and Histq. Any Hist,(1, j) stores the optimal
alignment derived for the prefixes [s;...s; : ¢ ...t;] ending in the ‘m’ state. Similarly,
Hist;(i,j) and Histg(1,j) store the alignments of those prefixes ending in the ‘i’
and the ‘d’ state respectively. Fig. 2 gives the DPA recurrences on these 3 matrices
using any fized set of alignment parameters, (6, M™). I(A, (S,T)) is computed as
min(Hist,(|S], |T]), Hists (|S|, |T|), Histq(|S|, |T])) + I(JA]) + I(6). A is derived by
tracing back on these history matrices.



Histy(i-1,j-1) + Ig(m|m) + I(s;, t;|M™)
Histy(i,j) = min{ Hist;(i-1,j-1) + Ig(m|i) + I(s;,t;|M"™)
Histq(i-1,3j-1) + Ig(m|d) + I(s;, t;|M™)
Histy(i,j-1) + Ig(ilm) + Inan(t;)
Hist;(i,j) = min { Hists(i,j-1) + I5(i]1) 4+ Inun(t;)
Histq(i,j-1) + I5(i]d) + Inan(t;)
Histy(i-1,3) + Iz(dm) + Thun(ss)
Histq(i,j) = min { Hist;(i-1,3) + I5(d|1) + Lnun(s:)
Hista(i-1,3) + I5(d|d) + Inun(si)

Figure 2: DPA recurrences for optimizing I(.A|@MML) +I((S, T) |A) (see Equation 7).

2.4.2 Expectation-Maximization for optimal values of (é, M™)

We use the Expectation-Maximization (EM) strategy to iteratively optimise parame-
ters (6, M™) that minimise I(A, (S, T)) across the parameter space. In the expectation
step (E-step), we run the DPA described in Section 2.4.1 for some fixed set of param-
cters (6, M™). This yields an alignment A. In the mazimization step (M-step) we
maximise these parameters, keeping the A fixed (Section 2.2 and Section 2.3.3). This
updates the parameters, and the process is repeated until convergence (alignment
does not change). That is, using an initial set of fixed parameters (@0, M™) E-step
returns an alignment A;. The M-step updates these initial parameters to (él, Mm™).
In the next iteration using the updated parameters (ég, M™), E-step return Ay, and
M-step updates to (ég, M™) and so on, until A, _; = At.

2.5 Visualizing the competing alignment landscapes

Existing sequence alignment methods output a single alignment, while ignoring a
host of other closely-competing alignments. It is possible using this MML approach
to visualise the whole landscape of alignments transitioning through every (i, j) cell
in our DPA. This is achieved by running the EM strategy as discussed and memoizing
the resulting history matrices with their associated alignment parameters. Then, the
sequences are each reversed and the DPA is run on these reversed sequences using
the remembered parameters inferred in the forward direction (while accounting for
the fact that the DPA is now running in reverse). By consistently collating the DPA
histories at each (i, j) from forward and backward directions of the sequences, we can
visualise the best DPA transitioning through each (i,j) in the combined histories.

3 Results

We applied the method described in Section 2.1 to infer the MML null probability
estimates on data downloaded from UniProt [11]. The full data contains 130,603
protein sequences with 59,441,063 amino acids. We also infer the same estimates
separately using the proteomes of eight organisms covering the three distinct domains



Table 1: MML (order=0) estimates of amino acids codes from the extended alphabet, inferred
using: All=whole UniProt, and full proteomes of: HS=H. sapiens; EC=E. coli; PW=P. wallikeri;
AT=A. thaliana; MM=M. musculus; DM=D. melanogaster; SC=S. cerevisiae; MJ=M. jannaschii.

A B C D E F G H I K L M N

All [7.3e-02 [1.4e-07 [1.7e-02 [5.3e-02 [6.7e-02 [3.9e-02 [6.5e-02 [2.4e-02 [5.4e-02 |5.9e-02 [9.6e-02 [2.3e-02 [4.3e-02

HS [7.0e-02 4.5e-08 [2.3e-02 {.8e-02 [7.1e-02 [3.7e-02 [6.6e-02 [2.6e-02 [4.4e-02 |5.7e-02 [1.0e-01 [2.1e-02 [3.6e-02

EC 9.7e-02 [4.2e-07 [1.1e-02 [5.1e-02 [5.7e-02 [3.9e-02 [7.5e-02 [2.3e-02 [6.0e-02 [4.4e-02 [1.1e-01 [2.8e-02 [3.8e-02

PW {.2e-02 [1.4e-06 [2.1e-02 [5.6e-02 [7.4e-02 [4.4e-02 [5.6e-02 [2.3e-02 [7.8e-02 [9.9e-02 [8.3e-02 [2.2e-02 [7.9e-02

AT 16.6e-02 [7.6e-08 [1.8e-02 [5.3e-02 [6.6e-02 |4.3e-02 [6.6e-02 [2.2e-02 [5.4e-02 [6.2e-02 [9.6e-02 [2.5e-02 {.4e-02

MM [7.0e-02 [1.6e-07 [2.2e-02 }4.9e-02 [7.0e-02 [3.7e-02 [6.5e-02 [2.6e-02 4.3e-02 [5.6e-02 [1.0e-01 [2.2e-02 [3.6e-02

FE  [7.4e-02 [2.4e-07 [1.8e-02 [5.3e-02 [6.5e-02 [3.6e-02 [6.2e-02 [2.7e-02 [5.0e-02 |5.7e-02 (9.2e-02 [2.4e-02 |4.7e-02

SC  5.5e-02 [1.8e-07 [1.2e-02 [5.9e-02 [6.6e-02 (4.4e-02 [5.0e-02 [2.2e-02 [6.6e-02 (7.3e-02 [9.5e-02 [2.1e-02 [6.2e-02

MJ 5.9e-02 [1.5e-06 [1.3e-02 [5.6e-02 [8.8e-02 [4.0e-02 [6.7e-02 [1.5e-02 [1.0e-01 [1.0e-01 [9.3e-02 [2.3e-02 |4.9e-02

Continued...

Q
All [1.9e-07 [5.3e-02 [4.2e-02 [5.3e-02 [7.9e-02 [5.5e-02 [2.3e-06 [6.4e-02 [1.2e-02 [1.4e-05 [3.0e-02 [4.2e-08
HS [.5e-08 [6.3e-02 [4.8e-02 [5.6e-02 [8.3e-02 [5.4e-02 [3.4e-06 [6.0e-02 [1.2e-02 [4.5e-08 [2.7e-02 [4.5e-08
EC 14.2e-07 [4.5e-02 [4.4e-02 [5.5e-02 [5.7e-02 [5.4e-02 [2.9e-06 [7.2e-02 [1.5e-02 [1.2e-06 [2.8e-02 {.2e-07
PW [1.4e-06 [2.9e-02 [2.8e-02 @.2e-02 [7.2e-02 |4.8e-02 [1.4e-06 [5.4e-02 [6.9e-03 [5.0e-05 [4.4e-02 [1.4e-06
AT [7.6e-08 [4.7e-02 [3.5e-02 [5.3e-02 [8.8¢-02 [5.1e-02 [7.6e-08 [6.8e-02 [1.2e-02 [7.6e-08 [2.9¢-02 [7.6e-08
MM [5.3e-08 [6.2e-02 (4.8e-02 [5.6e-02 [8.4e-02 [5.3e-02 [3.6e-06 [6.1e-02 [1.2e-02 [6.3e-06 [2.7e-02 [5.3e-08
FF  2.4e-07 [5.3e-02 [5.2e-02 [5.5e-02 [8.2e-02 [5.5e-02 [2.7e-06 [5.9e-02 [9.9e-03 [3.7e-06 [3.0e-02 [2.4e-07
SC [1.8e-07 {.4e-02 4.0e-02 K.4e-02 [9.0e-02 [5.9e-02 [1.8e-07 [5.6e-02 [1.0e-02 [1.8e-07 [3.4e-02 [1.8e-07
MJ [1.5e-06 [3.6e-02 [1.5e-02 K.1e-02 H.3e-02 (4.0e-02 [2.3e-05 [7.1e-02 [6.8e-03 [2.6e-05 K.1e-02 [1.5e-06

of life: Eukaryota, Prokaryota and Archea. Table 1 gives the Markov order 0 MML
estimates. (Order 1 and 2 Markov parameters are available on request.)

Among the parameters that our MML-based approach automatically infers when
aligning any sequence pair is the n of PAM-n. Recall from Section 2.3.3 that PAM-n
(M™) is the amino acid transition probability matrix, giving the probability of one
amino acid mutating into another in n PAM (evolutionary) steps. We also noted
that as lim,, ., M™, the matrix approaches the stationary (null probability) distribu-
tion. Table 2(a) shows the Kullback-Leibler divergence between the distribution of
probabilities of each amino acid (i.e., each column of PAM-n) with our inferred MML-
estimates of the null probabilities, for the values of 0 < n < 1000. The convergence
to the null distribution we inferred is evident from this plot.

To compare the effectiveness of our alignment method, we downloaded all the
630 pairwise alignments from the manually-curated HOMSTRAD database [15]. We
realigned each sequence pair from this set using our MML-based inference algorithm,
under both symmetric and asymmetric machine models (described in Section 2.3).
The same pairs were also realigned using popular aligners, ClustalW2 [16] and MUS-
CLE [17], in pairwise alignment mode. Furthermore, we implemented Gotoh’s algo-
rithm [14] using any given scoring matrix under the affine-gap penalty function of
the form v(I) = g, + (I — 1)g., and ran this program using BLOSUM-{30,62,90} and
PAM-{10,100,250} scoring matrices with the (g,, g.) penalty values of (10,1). The
alignments generated by all these methods are compared in terms of the compression
gained. To enable this comparison, for every alignment across various methods, we
maximise the parameters using the M-step described in Section 2.4.2. This allows us
to compute the compression gained for any given alignment of a pair of sequences as
NULL((S,T)) — I(A, (S, T)), using both the symmetric and asymmetric alignment
models described in Section 2.3.



Table 2: (a) Kullback-Leibler divergence between each amino acid distribution under PAM-n
(M™) and the stationary (null) distribution of amino acids, for varying values of n. Our MML-based
method infers the value of n and other alignment parameters automatically (see Section 2.4.2).

(b) Comparison of alignments using 630 HOMSTRAD datasets across various sequence aligners.
The alignments generated by various programs are measured in terms of the amount of compression
gained (NULL((S,T)) — I(A, (S, T))) in bits under both the symmetric and asymmetric models
described in Section 2.3. Presented are the 1st (Q1), 2nd (Q2=median) and 3rd (Q3) quartile
statistics of compression of alignments generated by various methods. The cells highlighted in bold

are the ones that yield maximum compression across all the methods considered.

Convergence of PAM-77 to MML estimates
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v Gotoh-PAM-250 3.7 |75.5 |228.1 2.2 |72.9 |227.6

(b)

(a)

Table 2(b) presents the quartile statistics of compression, using both symmetric
and asymmetric models, over all the 630 alignments generated by various methods.
This table shows that the alignments inferred using our MML-based approach yields
most compression, consistently across all quartile marks.

Our MML approach is distinguished from other methods not only because it is
fully unsupervised in its inference of the evolutionary distance (n of PAM-n) and other
alignment parameters, but also for its ability to provide powerful visualizations of
competing alignment hypotheses in the form of alignment landscapes. Such landscape
plots (see Fig. 3) can visually show the relationship between the optimal alignment
and other closely-competing alignments in the same context.
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