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Supplementary methods

Phylogenetic Sequence ReconstructionAncestral sequences were stochastically sampled for
each internal node of a phylogeny relating the search sequences (see Figure 1). An empirical
Bayesian approach was adopted in which calculation of the posterior probabilities was condi-
tioned on point estimates for the phylogeny, branch lengths, and model parameters1. MrBayes
v3.1.12 was used to obtain a Bayesian consensus tree (τ ), posterior expectation of branch lengths
(v), and substitution model parameters (θ). MrBayes was run for 1 million cycles with a single
Markov chain using an RNA doublet model derived from the Schöniger and von Haussler model3

for paired sites (stems) and the general-time-reversible model4 for unpaired sites (loops). The all-
compatibility consensus tree and posterior expectations (v andθ) were obtained after excluding
the first 500,000 cycles as burn-in.

Ancestral states are stochastically sampled from the posterior distribution at each internal
node of the consensus tree. Specifically, the probability ofthe ancestral statei for sitek is calcu-
lated as,

Pr(yk = i | xk, τ̂ , v̂, θ̂) =
lk,iπiI(yk = i)

∑

j∈ψk
lk,jπjI(yk = j)

(1)

wherelk,i is the conditional likelihood,πi is the frequency ofi,ψk is the possible set of states at site
k, andxk is a column vector of the observations at sitek. If site k is a doublet thenψk contains 16
possible states (A·A,A·C,A·G, · · · U ·G,U ·U ), otherwise,ψk is the set of 4 possible nucleotides.
A prior is used to constrain sampled ancestral states using the indicator functionI(yk = i),
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I(yk = i) =











q sitek is a doublet,i = WC or GU
1 − q sitek is a doublet,i 6= WC or GU
1 sitek is a singleton.

(2)

where,q is the observed frequency of Watson-Crick (WC) or wobble (GU) pairs at sitek.

The purpose of using reconstructed sequences to enhance homology searches rests on ex-
panding the search sequence diversity in a way that capturesthe diversity in unidentified orthologs.
Unfortunately, when the diversity of search sequences is low ancestral reconstructions alone are
unlikely to capture divergent homologs. In order to expand search sequence diversity a posterior
predictive method was developed to simulate more divergentsearch sequences (see Supplementary
Figure 1).

Using samples of the model parameters from the posterior (asdescribed above) a predictive
sequence is sampled by simulating an imaginary lineage originating from each internal node of the
search sequence phylogeny. In the absence of an estimate of the evolutionary distance from the
internal node to the tip of the imaginary lineage each branchis assigned ana priori length,λ, that
has been optimized for the level of divergence among a largersubset of orthologs. The probability
of observing a state at the tip of the new lineage is the product of the probability of sampling a
state at an internal node and the probability of changing from one state to another along the lineage.
Formally, sequences are simulated by stochastically sampling from the following distribution,

Pr(zk = j | yk = i,xk, τ̂ , v̂, θ̂) = Pr(yk = i | xk, τ̂ , v̂, θ̂)pij(λ) (3)

where the simulated observation for sitek at the imaginary tip node iszk, yk is the state at the
parent node,λ is the branch length in terms of the expected number of substitutions, andpij is the
transition probability of changing fromi to j. Transition probabilities are derived from the same
models used in reconstructing ancestral states. It should be noted that whenλ = 0 equation 3 gives
the same results as equation 1.
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Figure 1: Schematic justification for the use of ancestral state reconstructions (A: ASR) and pre-
dictive sequence reconstructions (B: PSR) to enhance homology search. (A) Ancestral state re-
construction of a stem pair demonstrating their use to augment homology discovery. The red and
grey arrowed lines represent the distance between the nearest search sequence and an unknown
homolog (sampling described in the text). (B) Predictive sequence reconstructions augment ho-
mology discovery by sampling highly probable sequences at varying divergences from the back
bone nodes of the phylogeny relating the search sequences; divergence, (λi), of the predictive
lineages is optimized on training sets to balance gains in sensitivity and loss in specificity.

Supplementary Figure 1 - Phylogenetic sequence reconstruction
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Figure 2: A. An illustration of the profile hidden Markov model (HMM) architecture proposed
by Kroghet al. (1994). States labelled “M” capture matches between database sequences and the
query profile, states labelled “I” allow for insertions in the database sequences relative to the profile
and states labelled “D” allow for deletions in the database sequences relative to the profile. The
insertion to deletion and vice versa states (highlighted inred) are absent from the HMMer2 ’Plan
7’ architecture, which results in improved speed at a slightcost to accuracy.B. An illustration of 2
basepairs of a covariance model (CM) as proposed by Eddy & Durbin5. A CM is a generalization
of a profile HMM that allows basepairs to be modeled. In the above representation of a CM: “MB”
states match both the 5’ & 3’ bases in a basepair, “ML” and “MR” states match only the 5’ or 3’
bases respectively. “DL” and “DR” states model deletions of either a 5’ or a 3’ base respectively.
“ML” states are tied to “DR” states and “MR” states are tied to “DL” states. “IL” and “IR” states
allow for insertions between bases in either the 5’ or 3’ sideof a basepair. Loops in the secondary
structure degenerate to a profile HMM.

Supplementary Figure 2 - Examples of Profile HMM and covariancemodel architectures
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Program Sensitivity Specificity MCC Ave. MCC Rank
Median Mean

Sequence based methods
NCBI-BLAST (0.23,0.59,0.88) (0.995,0.997,0.999) (0.44,0.73,0.90) 31.0 29.37
NCBI-BLAST (W7) (0.41,0.70,0.93) (0.981,0.987,0.994) (0.57,0.74,0.86) 30.0 27.75
NCBI-BLAST (W7,65%) (0.40,0.88,0.96) (0.998,0.999,1.000) (0.61,0.93,0.96) 17.0 15.84
WU-BLAST (0.30,0.63,0.89) (0.996,0.998,0.999) (0.52,0.76,0.91) 28.0 26.77
WU-BLAST (W7) (0.37,0.92,0.97) (0.999,0.999,1.000) (0.59,0.95,0.97) 15.0 14.51
WU-BLAST (W3) (0.36,0.93,0.96) (0.999,1.000,1.000) (0.59,0.95,0.97) 11.0 13.46
WU-BLAST (W7,65%) (0.39,0.88,0.96) (0.999,1.000,1.000) (0.60,0.93,0.96) 17.0 15.68
WU-BLAST (W7,PUPY) (0.41,0.84,0.97) (0.994,0.995,0.999) (0.62,0.88,0.94) 23.0 21.36
FASTA (0.43,0.90,0.96) (0.998,0.999,1.000) (0.64,0.94,0.97) 14.0 13.04
FASTA [ASR] (0.52,0.94,0.98) (0.994,0.997,0.999) (0.70,0.92,0.95) 12.0 14.86
FASTA (ktup6,65%) (0.40,0.89,0.96) (0.999,0.999,1.000) (0.61,0.93,0.97) 16.0 14.45
FASTA (U) (0.31,0.89,0.97) (0.997,0.998,1.000) (0.54,0.92,0.96) 19.0 19.05
FASTA (RIBOSUM) (0.06,0.25,0.58) (0.993,0.999,1.000) (0.15,0.47,0.64) 34.0 34.24
FASTA (FOLDALIGN) (0.11,0.74,0.97) (0.989,1.000,1.000) (0.32,0.84,0.91) 27.0 27.59
ParAlign (0.27,0.64,0.77) (0.996,0.998,0.999) (0.49,0.76,0.84) 30.0 29.36
ParAlign (65%) (0.38,0.82,0.89) (0.999,1.000,1.000) (0.60,0.89,0.93) 21.0 19.65
SSEARCH (0.38,0.90,0.95) (0.999,1.000,1.000) (0.60,0.94,0.97) 12.0 13.49
SSEARCH [ASR] (0.46,0.93,0.97) (0.997,0.999,1.000) (0.66,0.94,0.96) 13.0 12.77
SSEARCH (65%) (0.38,0.88,0.95) (0.999,1.000,1.000) (0.60,0.93,0.97) 14.0 14.30
SSEARCH (U) (0.27,0.89,0.96) (0.995,0.997,1.000) (0.50,0.91,0.95) 22.0 21.79

Profile HMM methods
HMMer (1.8.4,local) (0.50,0.86,0.95) (1.000,1.000,1.000) (0.69,0.92,0.97) 13.0 13.77
HMMer (1.8.4,global) (0.70,0.85,0.95) (0.992,0.997,1.000) (0.76,0.90,0.95) 19.0 16.14
HMMer (2.3.2,local) (0.59,0.89,0.96) (0.998,0.999,0.999) (0.75,0.93,0.96) 11.0 12.40
HMMer (2.3.2,global) (0.74,0.88,0.97) (0.991,0.996,0.999) (0.77,0.92,0.96) 12.0 13.38
SAM (local) (0.48,0.91,0.96) (1.000,1.000,1.000) (0.67,0.95,0.97) 10.0 10.63
SAM (global) (0.40,0.88,0.94) (0.999,1.000,1.000) (0.61,0.93,0.96) 14.0 15.73

SAM (model) +
HMMer (2.3.2,search)

(0.68,0.90,0.97) (0.982,0.995,0.999) (0.67,0.91,0.95) 17.0 17.14

Structure enhanced methods
ERPIN (4) (0.01,0.01,0.03) (1.000,1.000,1.000) (0.07,0.10,0.15) 37.0 36.93
ERPIN (5) (0.05,0.15,0.27) (1.000,1.000,1.000) (0.21,0.37,0.50) 35.0 34.69
ERPIN [PSR] (0.09,0.17,0.29) (1.000,1.000,1.000) (0.28,0.39,0.51) 35.0 33.48
Infernal (0.7) (0.94,0.98,1.00) (0.996,1.000,1.000) (0.95,0.97,1.00) 2.0 5.79
Infernal (0.7,local) (0.91,0.98,1.00) (0.999,1.000,1.000) (0.95,0.98,0.99) 3.0 5.19
Infernal (0.55) (0.32,0.38,0.52) (1.000,1.000,1.000) (0.55,0.60,0.71) 32.0 30.70
RAVENNA (ML) (0.61,0.82,0.94) (1.000,1.000,1.000) (0.77,0.90,0.97) 8.0 11.74
RAVENNA (ML,local) (0.64,0.89,0.96) (0.997,0.998,0.999) (0.78,0.92,0.96) 13.0 13.38
RSEARCH (0.93,0.99,1.00) (0.999,1.000,1.000) (0.96,0.99,1.00) 2.0 4.57
RSmatch (0.31,0.42,0.51) (0.997,0.999,1.000) (0.53,0.62,0.68) 32.0 26.70

Table 1: Tabulated results of searches withfive sequences. From left to right column one con-
tains program names and settings, column two sensitivity, column three specificity, column four
Matthew’s correlation coefficient (MCC) and column five contains both a median and mean rank-
ing determined by the MCC (see the Methods for definitions). Sensitivity, specificity and MCC are
summarised as 3-tuples displaying the lower quartile, median and upper quartile. Median MCC
rankings below ten (one being the best) are indicated with bold font. See the Methods section and
Supplementary Tables 5&6 for algorithm settings.
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Program Sensitivity Specificity MCC Ave. MCC Rank
Median Mean

Sequence based methods
NCBI-BLAST (0.53,0.71,0.94) (0.978,0.987,0.993) (0.67,0.76,0.85) 29.0 29.51
NCBI-BLAST (W7) (0.69,0.83,1.00) (0.924,0.951,0.974) (0.67,0.70,0.72) 31.0 30.89
NCBI-BLAST (W7,65%) (0.83,0.96,1.00) (0.991,0.997,0.998) (0.89,0.94,0.96) 16.0 15.74
WU-BLAST (0.58,0.76,0.98) (0.977,0.991,0.994) (0.72,0.80,0.88) 27.0 26.83
WU-BLAST (W7) (0.88,0.97,0.98) (0.989,0.997,0.998) (0.90,0.93,0.97) 20.0 16.47
WU-BLAST (W3) (0.89,0.97,0.98) (0.990,0.997,0.999) (0.91,0.93,0.97) 19.0 15.92
WU-BLAST (W7,65%) (0.83,0.96,1.00) (0.991,0.998,0.999) (0.90,0.94,0.96) 17.0 15.86
WU-BLAST (W7,PUPY) (0.77,0.97,1.00) (0.973,0.981,0.985) (0.81,0.87,0.89) 26.0 23.38
FASTA (0.85,0.97,1.00) (0.988,0.996,0.998) (0.88,0.93,0.96) 15.0 15.92
FASTA (ktup6,65%) (0.83,0.96,1.00) (0.991,0.997,0.998) (0.89,0.94,0.96) 16.0 14.69
FASTA (U) (0.84,0.97,0.98) (0.989,0.993,0.996) (0.89,0.93,0.94) 21.0 20.46
FASTA (RIBOSUM) (0.25,0.57,0.79) (0.936,0.993,0.998) (0.46,0.54,0.69) 33.0 32.85
FASTA (FOLDALIGN) (0.69,0.85,0.98) (0.988,1.000,1.000) (0.82,0.89,0.93) 23.0 21.74
ParAlign (0.57,0.76,0.93) (0.979,0.988,0.992) (0.70,0.78,0.85) 28.0 28.42
ParAlign (65%) (0.81,0.93,0.96) (0.994,0.999,1.000) (0.89,0.93,0.96) 16.0 15.43
SSEARCH (0.83,0.96,0.98) (0.994,0.999,0.999) (0.90,0.95,0.97) 12.0 12.68
SSEARCH (65%) (0.81,0.96,0.97) (0.994,0.999,0.999) (0.89,0.95,0.97) 12.0 13.36
SSEARCH (U) (0.84,0.96,0.98) (0.984,0.989,0.995) (0.86,0.91,0.93) 25.0 23.68

Profile HMM methods
HMMer (1.8.4,local) (0.71,0.90,0.95) (0.999,1.000,1.000) (0.83,0.95,0.97) 11.0 12.08
HMMer (1.8.4,global) (0.74,0.84,0.90) (1.000,1.000,1.000) (0.85,0.91,0.94) 16.0 15.19
HMMer (2.3.2,local) (0.74,0.94,0.97) (0.996,0.997,0.998) (0.84,0.93,0.97) 12.0 14.40
HMMer (2.3.2,global) (0.74,0.86,0.94) (1.000,1.000,1.000) (0.85,0.92,0.96) 9.5 12.89
SAM (local) (0.74,0.94,0.97) (0.999,1.000,1.000) (0.85,0.96,0.98) 10.0 10.44
SAM (global) (0.84,0.94,0.98) (0.997,0.998,0.999) (0.88,0.95,0.97) 11.0 11.24

SAM (model) +
HMMer (2.3.2,search)

(0.78,0.90,0.95) (0.998,1.000,1.000) (0.83,0.94,0.97) 12.0 13.20

Structure enhanced methods
ERPIN (4) (0.10,0.23,0.42) (1.000,1.000,1.000) (0.30,0.47,0.63) 34.0 33.51
ERPIN (5) (0.40,0.52,0.76) (1.000,1.000,1.000) (0.62,0.70,0.86) 31.0 27.48
Infernal (0.7) (0.97,0.99,1.00) (0.997,1.000,1.000) (0.97,0.98,1.00) 2.0 4.29
Infernal (0.7,local) (0.96,0.99,1.00) (0.999,1.000,1.000) (0.97,0.99,1.00) 2.0 3.12
Infernal (0.55) (0.88,0.93,0.98) (1.000,1.000,1.000) (0.93,0.96,0.99) 4.0 8.38
RAVENNA (ML) (0.79,0.94,0.97) (1.000,1.000,1.000) (0.88,0.96,0.98) 7.0 7.90
RAVENNA (ML,local) (0.80,0.94,0.97) (0.995,0.998,0.999) (0.88,0.94,0.96) 14.0 13.29
RSEARCH (0.84,0.94,0.99) (1.000,1.000,1.000) (0.91,0.97,0.99) 4.0 6.63
RSmatch (0.57,0.62,0.91) (0.989,0.997,0.998) (0.72,0.76,0.89) 27.0 26.17

Table 2: Tabulated results of searches withtwenty sequences. From left to right column one
contains program names and settings, column two sensitivity, column three specificity, column
four Matthew’s correlation coefficient (MCC) and column five contains both a median and mean
ranking determined by the MCC (see the Methods for definitions). Sensitivity, specificity and MCC
are summarised as 3-tuples displaying the lower quartile, median and upper quartile. Median MCC
rankings below ten (one being the best) are indicated with bold font. See the Methods section and
Supplementary Tables 5&6 for algorithm settings.
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Program Sensitivity Specificity MCC Ave. MCC Rank
Median Mean

Five input sequences
NCBI-BLAST (W7,65%) (0.40,0.88,0.96) (0.998,0.999,1.000) (0.61,0.93,0.96) 3.0 2.85
WU-BLAST (W7,65%) (0.39,0.88,0.96) (0.999,1.000,1.000) (0.60,0.93,0.96) 3.0 3.00
FASTA (ktup6,65%) (0.40,0.89,0.96) (0.999,0.999,1.000) (0.61,0.93,0.97) 2.0 2.31
ParAlign (65%) (0.38,0.82,0.89) (0.999,1.000,1.000) (0.60,0.89,0.93) 4.0 3.47
SSEARCH (65%) (0.38,0.88,0.95) (0.999,1.000,1.000) (0.60,0.93,0.97) 3.0 2.57

Twenty input sequences
NCBI-BLAST (W7,65%) (0.83,0.96,1.00) (0.991,0.997,0.998) (0.89,0.94,0.96) 2.00 3.15
WU-BLAST (W7,65%) (0.83,0.96,1.00) (0.991,0.998,0.999) (0.90,0.94,0.96) 3.00 3.38
FASTA (ktup6,65%) (0.83,0.96,1.00) (0.991,0.997,0.998) (0.89,0.94,0.96) 1.00 2.64
ParAlign (65%) (0.81,0.93,0.96) (0.994,0.999,1.000) (0.89,0.93,0.96) 4.00 3.00
SSEARCH (65%) (0.81,0.96,0.97) (0.994,0.999,0.999) (0.89,0.95,0.97) 4.00 2.26

Table 3: Tabulated results of the sequence based methods with identical scoring parameters. From
left to right column one contains program names, column two sensitivity, column three specificity,
column four Matthew’s correlation coefficient (MCC) and column five a median and mean ranking
determined by the MCC. Sensitivity, specificity and MCC are summarised as 3-tuples displaying
the lower quartile, median and upper quartile.
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Program Sensitivity Specificity MCC Ave. MCC Rank
Median Mean

Five input sequences
WU-BLAST (W7,65%) (0.39,0.88,0.96) (0.999,1.000,1.000) (0.60,0.93,0.96) 2.0 3.13
WU-BLAST (W7,PUPY) (0.41,0.84,0.97) (0.994,0.995,0.999) (0.62,0.88,0.94) 4.0 4.80
FASTA (0.43,0.90,0.96) (0.998,0.999,1.000) (0.64,0.94,0.97) 1.0 2.17
FASTA (U) (0.31,0.89,0.97) (0.997,0.998,1.000) (0.54,0.92,0.96) 5.0 3.94
FASTA (RIBOSUM) (0.06,0.25,0.58) (0.993,0.999,1.000) (0.15,0.47,0.64) 8.0 7.98
FASTA (FOLDALIGN) (0.11,0.74,0.97) (0.989,1.000,1.000) (0.32,0.84,0.91) 7.0 6.57
SSEARCH (0.38,0.90,0.95) (0.999,1.000,1.000) (0.60,0.94,0.97) 3.0 2.52
SSEARCH (U) (0.27,0.89,0.96) (0.995,0.997,1.000) (0.50,0.91,0.95) 6.0 4.88

Twenty input sequences
WU-BLAST (0.58,0.76,0.98) (0.977,0.991,0.994) (0.72,0.80,0.88) 5.5 6.02
WU-BLAST (W7,PUPY) (0.77,0.97,1.00) (0.973,0.981,0.985) (0.81,0.87,0.89) 2.0 5.21
FASTA (0.85,0.97,1.00) (0.988,0.996,0.998) (0.88,0.93,0.96) 1.0 2.31
FASTA (U) (0.84,0.97,0.98) (0.989,0.993,0.996) (0.89,0.93,0.94) 4.0 3.42
FASTA (RIBOSUM) (0.25,0.57,0.79) (0.936,0.993,0.998) (0.46,0.54,0.69) 8.0 8.00
FASTA (FOLDALIGN) (0.69,0.85,0.98) (0.988,1.000,1.000) (0.82,0.89,0.93) 7.0 4.62
SSEARCH (0.83,0.96,0.98) (0.994,0.999,0.999) (0.90,0.95,0.97) 3.0 1.71
SSEARCH (U) (0.84,0.96,0.98) (0.984,0.989,0.995) (0.86,0.91,0.93) 5.5 4.81

Table 4: Tabulated results comparing sequence based methods with and without RNA specific
scoring parameters. From left to right column one contains program names and settings, column
two sensitivity, column three specificity, column four Matthew’s correlation coefficient (MCC) and
column five a median and mean ranking determined by the MCC. Sensitivity, specificity and MCC
are summarised as 3-tuples displaying the lower quartile, median and upper quartile.
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Figure 3:
A FASTA case study for optimal threshold determination. Subplot A displays density plots of
FASTA score distributions for a selection of inputs from each RNA family (rRNA,tRNA,U5) and
identity range (40-60%, 50-70%, 60-80%, 70-85% and 80-95%)when screening the relevant un-
shuffled database. SubplotB similar to subplotA except the relevant shuffled database is screened
instead. SubplotC displays a ROC (receiver operator characteristic) plot showing sensitivity and
specificity values over the entire range of possible thresholds. SubplotD displays curves of the
Matthews correlation coefficient (MCC) as a function of score threshold. The red curves indicate
rRNA data, green is tRNA and blue is U5. Black curves show data forall 3 families combined.
The dashed black vertical line in each subplot indicates theMCC optimal score threshold (89)
over all datasets.
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algorithm is shown. (a) Distributions of median MCC scores asa function of algorithm score
ranging from 0% filtered to 100% filtered fraction. (b) Receiver Operator Characteristic (ROC)
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Figure 5: A comparison of the accuracy and efficiencies of homology search methods where only
the highest ranking parameter settings for each algorithm from Supplementary Table 1 are shown.
These were NCBI-BLAST (W7,65%), WU-BLAST (W3), FASTA, ParAlign (65%), SSEARCH,
HMMer (2.3.2,local), SAM (3.5,local), ERPIN, Infernal (0.7,local), RAVENNA, RSEARCH, and
RSmatch. (a-c) Boxplots of algorithm accuracies (MCC, sensitivity and specificity respectively)
for the 5 sequence datasets. (d-f) Boxplots of algorithm accuracies (MCC, sensitivity and speci-
ficity respectively) for the 20 sequence datasets. (g) Boxplots of algorithm speeds in nucleotides
per second. (h) Boxplots of initialization times for each algorithm, in seconds.
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Figure 6: A comparison of the accuracy of sequence based methods with identical scoring param-
eters. These boxplots show the distributions of the MCC (a&d), sensitivity (b&e) and specificity
(c&f) for each of the homology search methods when using a scoring scheme optimized for nu-
cleotide sequences with 65% identity (match=+5, mismatch=-4, gapopen=10,gapextension=10).
(g&h) Display algorithm speeds and initialization times respectively.

15



W
U

−
B

LA
S

T

W
U

−
B

LA
S

T
 (

P
U

P
Y

)

F
A

S
T

A

F
A

S
T

A
 (

U
)

F
A

S
T

A
 (

F
O

LD
A

LI
G

N
)

F
A

S
T

A
 (

R
IB

O
S

U
M

)

0.0

0.2

0.4

0.6

0.8

1.0

20 sequences

M
C

C

(a)

W
U

−
B

LA
S

T

W
U

−
B

LA
S

T
 (

P
U

P
Y

)

F
A

S
T

A

F
A

S
T

A
 (

U
)

F
A

S
T

A
 (

F
O

LD
A

LI
G

N
)

F
A

S
T

A
 (

R
IB

O
S

U
M

)

0.0

0.2

0.4

0.6

0.8

1.0

20 sequences

S
en

si
tiv

ity

(b)

W
U

−
B

LA
S

T

W
U

−
B

LA
S

T
 (

P
U

P
Y

)

F
A

S
T

A

F
A

S
T

A
 (

U
)

F
A

S
T

A
 (

F
O

LD
A

LI
G

N
)

F
A

S
T

A
 (

R
IB

O
S

U
M

)

0.85

0.90

0.95

1.00

20 sequences

S
pe

ci
fic

ity

(c)

Figure 7: A comparison of the accuracy of sequence based methods with score matrices optimized
for ncRNA. These boxplots show the distributions of the MCC (a), sensitivity (b) and specificity
(c) for each of the homology search methods when using one of WU-BLAST (W7), WU-BLAST
(W7,PUPY), FASTA, FASTA (U), FASTA (RIBOSUM) or FASTA (FOLDALIGN). These matri-
ces are discussed in more detail in the text.
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Figure 8: These boxplots indicate the distributions of (a) nMCC, (b) nSensitivity and (c) nSpeci-
ficity for a subset of representative programs from each category. Each program was run on a
section of human chromosome 12 (coordinates 90,000,000-130,000,000; ver NCBI35).
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Figure 9: A detailed comparison of the performance of SSEARCH and WU-BLAST (W3). As one
can see from the scatter plot of SSEARCH and WU-BLAST MCC values (top left) the performance
of these two methods is strongly correlated. The histogram of the logged ratio of SSEARCH and
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that SSEARCH generally outperforms WU-BLAST.
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