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Amino Acid Substitution Matrices
Dannie Durand

Comparing PAM and BLOSUM Matrices

In the last lectures, we introduced two families of amino acid substitution matrices: the PAM
matrices and the BLOSUM matrices. These matrices assign a similarity score, S[j, k], to a pair of
aligned amino acids, j and k.

We began this endeavor with the goal of deriving substitution matrices that are parameterized
by evolutionary divergence. In other words, for a given alignment, we want a matrix with scores
that are appropriate for the evolutionary divergence of the sequences being compared. In addi-
tion, these scores should implicitly account for multiple substitutions per site, consistent with the
typical evolutionary divergence associated with each matrix in the family. A further goal is that
the matrices should reflect the biophysical properties of amino acids. The scores for amino acid
pairs with similar biophysical properties (i.e., conservative replacements) should be greater than
scores for amino acid pairs with divergent biophysical properties (i.e., non-conservative or radical
replacements).

The PAM and BLOSUM matrices were both constructed in an explicit log-odds framework, with
entries of the form

Sn[j, k] = c log2
qnjk
pjpk

,

where the numerator, qnjk, is the frequency of the amino acid pair (j, k) in alignments of related
sequences with evolutionary divergence, n, and the denominator, pjpk, is the frequency with which
the pair (j, k) will occur if amino acids are sampled according to their background frequencies.
The constant c is a scaling factor chosen for convenience. Multiplying every entry in the matrix
by a constant changes the value of the entries in an absolute sense, but does not change the ratio
between any two entries of the matrix. As a result, the constant does not change the extent to
which one amino acid pair is preferred over another. Scaling a matrix with a constant, c, can be
used to obtain scores in a convenient range, e.g. between 1 and 20.

Although the PAM and BLOSUM matrices have the general log-odds framework in common, they
differ in many aspects of their construction, as summarized in Table 1. In both cases, the frequencies
of amino acid pairs, qnjk, were estimated from amino acid pair counts in “trusted” alignments. The
PAM matrices were constructed from full length alignments of closely related sequences with at least
85% identity. These sequences are assumed to contain no site at which more than one substitution
has occurred. The trusted alignments used to construct the BLOSUM matrices consisted of roughly
2000 blocks of conserved regions representing 500+ groups of proteins. In other words, some protein
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PAM BLOSUM

Evolutionary model Explicit evolutionary model None

Data Full length MSAs Conserved blocks

Bias correction Trees Clustering

Multiple substitutions Markov model: Pn = (P 1)n Implicitly represented in data

Evolutionary distance Markov model: Pn = (P 1)n Clustering

Matrices Transition & log odds scoring matrices Log odds scoring matrix only

Parameter n Distance increases with n Distance decreases with n

Biophysical properties Derived indirectly from data Derived indirectly from data

Table 1: Properties of the PAM and BLOSUM matrices.

families contribute more than one block. In contrast to the PAM alignments, the BLOSUM matrices
are based on locally conserved regions (ungapped blocks) in multiple alignments of sequences that
were not highly conserved along their entire length.

Both matrix families are parameterized by evolutionary divergence, but this is achieved using
very different methods. The PAM matrices are based on a Markov chain that models amino
acid replacement explicitly. The use of a Markov model allowed Dayhoff and her colleagues to
address several challenges in matrix construction. A PAM-1 transition matrix is constructed from
amino acid pair counts obtained from the trusted alignments. The effect of sample bias on these
pair frequencies was mitigated by counting changes on the branches of maximum parsimony trees.
Dayhoff accounted for both evolutionary divergence and multiple substitutions by deriving higher
order Markov chains from the PAM-1 transition matrix. With PAM matrices, the divergence
parameter increases with evolutionary divergence. If n > m, then the PAM-n matrix represents
greater divergence (i.e., more substitutions per site) than the PAM-n matrix. A rough equivalence
between PAMs and percent identity can be determined through simulations, as shown in Table 2.

The BLOSUM matrices have no underlying mathematical model. In BLOSUM matrix construction,
clustering is used to address sample bias and to obtain different degrees of divergence. Sequences
with at least n% identity are placed in the same cluster. Amino acid pairs are only counted across
clusters, not within clusters. In contrast to the PAM matrices, the BLOSUM divergence parameter
decreases with evolutionary divergence. BLOSUM matrices can also be roughly calibrated by
percent identity using empirical methods (Table 2), providing an approximate mapping between
the PAM divergence scale and the BLOSUM divergence scale.

Neither matrix family explicitly considers biophysical properties. The PAM and BLOSUM ma-
trices are constructed from aligned sequences that are conserved because the amino acids in each
column are under selective constraints. Nevertheless, the matrices favor amino acid pairs that share
biochemical properties. Inspection of the BLOSUM62 matrix, for example, shows that alignments
of residues in the same biochemical group tend to have positive log odds scores. These residues are
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Sequence identity PAM BLOSUM

83% 20 -
- 30 -

63% 60 -
- 70 -

43% 100 90
38% 120 80
30% 160 60
25% 200 50
20% 250 45

Table 2: Correspondance between percent identity and the divergence of PAM and BLOSUM
matrices.

more likely to be observed together in alignments of related sequences than by chance. Residues
from different groups tend to have negative scores. These residues are less likely to be observed
together in related sequences than in chance alignments. A score of zero means that this pair of
residues is equally likely in related and chance alignments.


