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Supplementary methods

Phylogenetic Sequence Reconstructiodncestral sequences were stochastically sampled for
each internal node of a phylogeny relating the search segsefsee Figure 1). An empirical
Bayesian approach was adopted in which calculation of théepos probabilities was condi-
tioned on point estimates for the phylogeny, branch lengihgl model parametéts MrBayes
v3.1.% was used to obtain a Bayesian consensus trgeosterior expectation of branch lengths
(v), and substitution model parameteé$. (MrBayes was run for 1 million cycles with a single
Markov chain using an RNA doublet model derived from the@dher and von Haussler model
for paired sites (stems) and the general-time-reversiloleathfor unpaired sites (loops). The all-
compatibility consensus tree and posterior expectatioren( ) were obtained after excluding
the first 500,000 cycles as burn-in.

Ancestral states are stochastically sampled from the poswistribution at each internal
node of the consensus tree. Specifically, the probabilith@fancestral statefor site & is calcu-
lated as,

lk,ﬂi[(yk = Z)
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Pr(y, =1 | Xk,%,@,é) =

wherel,, ; is the conditional likelihoody; is the frequency of, v, is the possible set of states at site
k, andxy is a column vector of the observations at gitdf site k is a doublet then),, contains 16
possible states4- A, A-C, A-G, ---U-G,U-U), otherwisey)y is the set of 4 possible nucleotides.
A prior is used to constrain sampled ancestral states usegtlicator functiorn (y;, = i),



1—q  sitekis adoubletj #WC or GU (2)

q sitek is a doublet; = WC or GU
1 sitek is a singleton

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

The purpose of using reconstructed sequences to enhanaddgynsearches rests on ex-
panding the search sequence diversity in a way that caghe@bversity in unidentified orthologs.
Unfortunately, when the diversity of search sequenceswsaiocestral reconstructions alone are
unlikely to capture divergent homologs. In order to expagarsh sequence diversity a posterior
predictive method was developed to simulate more diverggantch sequences (see Supplementary
Figure 1).

Using samples of the model parameters from the posteriatgssribed above) a predictive
sequence is sampled by simulating an imaginary lineageatigg from each internal node of the
search sequence phylogeny. In the absence of an estimdte efdlutionary distance from the
internal node to the tip of the imaginary lineage each brasessigned aa priori length, A, that
has been optimized for the level of divergence among a lageset of orthologs. The probability
of observing a state at the tip of the new lineage is the prioduthe probability of sampling a
state at an internal node and the probability of changingfooe state to another along the lineage.
Formally, sequences are simulated by stochastically sagifsbm the following distribution,

where the simulated observation for siteat the imaginary tip node is;, y, is the state at the
parent node) is the branch length in terms of the expected number of gubstis, and;; is the
transition probability of changing fromto j. Transition probabilities are derived from the same
models used in reconstructing ancestral states. It sheutoted that when = 0 equation 3 gives
the same results as equation 1.
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Figure 1: Schematic justification for the use of ancestikesteconstructions (A: ASR) and pre-
dictive sequence reconstructions (B: PSR) to enhance homskaych. (A) Ancestral state re-
construction of a stem pair demonstrating their use to angim@mology discovery. The red and
grey arrowed lines represent the distance between thestessarch sequence and an unknown
homolog (sampling described in the text). (B) Predictiveusegte reconstructions augment ho-
mology discovery by sampling highly probable sequencesasgting divergences from the back
bone nodes of the phylogeny relating the search sequensesgehce, X;), of the predictive

B

homologous
sequence
space

search
/.. sequence

predictive o
sequence .
reconstructions

lineages is optimized on training sets to balance gainsnnitgety and loss in specificity.

Supplementary Figure 1 - Phylogenetic sequence reconstriign
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Figure 2: A. An illustration of the profile hidden Markov model (HMM) aritécture proposed
by Kroghet al. (1994). States labelled “M” capture matches between databaquences and the
guery profile, states labelled “I” allow for insertions iretHatabase sequences relative to the profile
and states labelled “D” allow for deletions in the databasguences relative to the profile. The
insertion to deletion and vice versa states (highlightecd) are absent from the HMMer2 'Plan
7’ architecture, which results in improved speed at a slgist to accuracyB. An illustration of 2
basepairs of a covariance model (CM) as proposed by Eddy &iBfurA CM is a generalization
of a profile HMM that allows basepairs to be modeled. In thevalyepresentation of a CM: “MB”
states match both the 5’ & 3’ bases in a basepair, “ML” and “MRites match only the 5’ or 3’
bases respectively. “DL” and “DR” states model deletionsitifex a 5’ or a 3’ base respectively.
“ML” states are tied to “DR” states and “MR” states are tied td_"Btates. “IL” and “IR” states
allow for insertions between bases in either the 5’ or 3’ sitla 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 (0.230.590.88) | (0.9950.9970.999) | (0.440.730.90) | 31.0 29.37
NCBI-BLAST (W7) (0.410.700.93) | (0.9810.9870.994) | (0.570.740.86) | 30.0 27.75
NCBI-BLAST (W7,65%) | (0.400.880.96) | (0.9980.9991.000) | (0.610.930.96) | 17.0 15.84
WU-BLAST (0.300.630.89) | (0.9960.9980.999) | (0.520.760.91) | 28.0 26.77
WU-BLAST (W7) (0.370.920.97) | (0.9990.9991.000) | (0.590.950.97) | 15.0 14,51
WU-BLAST (W3) (0.360.930.96) | (0.9991.00Q1.000) | (0.590.950.97) | 11.0 13.46
WU-BLAST (W7,65%) | (0.390.880.96) | (0.9991.00Q1.000) | (0.600.930.96) | 17.0 15.68
WU-BLAST (W7,PUPY) | (0.410.840.97) | (0.9940.9950.999) | (0.620.880.94) | 23.0 21.36
FASTA (0.430.900.96) | (0.9980.9991.000) | (0.640.940.97)| 14.0 13.04
FASTA [ASR] (0.520.940.98) | (0.9940.9970.999) | (0.700.920.95) | 12.0 14.86
FASTA (ktup6,65%) (0.400.890.96) | (0.9990.9991.000) | (0.610.930.97) | 16.0 14.45
FASTA (U) (0.310.890.97) | (0.9970.9981.000) | (0.540.920.96) | 19.0 19.05
FASTA (RIBOSUM) (0.060.250.58) | (0.9930.9991.000) | (0.150.47,0.64) | 34.0 34.24
FASTA (FOLDALIGN) (0.110.740.97) | (0.9891.00Q1.000) | (0.320.840.91) | 27.0 27.59
ParAlign (0.270.640.77) | (0.9960.9980.999) | (0.490.760.84) | 30.0 29.36
ParAlign (65%) (0.380.820.89) | (0.9991.00Q1.000) | (0.600.890.93)| 21.0 19.65
SSEARCH (0.380.900.95) | (0.9991.00Q1.000) | (0.600.940.97)| 12.0 13.49
SSEARCH [ASR] (0.460.930.97) | (0.9970.9991.000) | (0.660.940.96) | 13.0 12.77
SSEARCH (65%) (0.380.880.95) | (0.9991.00Q1.000) | (0.600.930.97) | 14.0 14.30
SSEARCH (U) (0.270.890.96) | (0.9950.9971.000) | (0.500.91,0.95)| 22.0 21.79
Profile HMM methods
HMMer (1.8.4,local) (0.500.860.95) | (1.0001.00Q1.000) | (0.690.920.97)| 13.0 13.77
HMMer (1.8.4,global) (0.700.850.95) | (0.9920.9971.000) | (0.760.900.95) | 19.0 16.14
HMMer (2.3.2,local) (0.590.890.96) | (0.9980.9990.999) | (0.750.930.96) | 11.0 12.40
HMMer (2.3.2,global) (0.740.880.97) | (0.9910.9960.999) | (0.770.920.96) | 12.0 13.38
SAM (local) (0.480.910.96) | (1.0001.00Q1.000) | (0.670.950.97) | 10.0 10.63
SAM (global) (0.400.880.94) | (0.9991.00Q01.000) | (0.610.930.96) | 14.0 15.73
SAM (model) +
HMMer (2.3.2,search) (0.680.900.97) | (0.9820.9950.999) | (0.670.91,0.95)| 17.0 17.14
Structure enhanced methods

ERPIN (4) (0.010.010.03) | (1.0001.00Q1.000) | (0.070.100.15) | 37.0 36.93
ERPIN (5) (0.050.150.27) | (1.0001.00Q1.000) | (0.210.37,0.50) | 35.0 34.69
ERPIN [PSR] (0.090.170.29) | (1.0001.00Q1.000) | (0.280.390.51)| 35.0 33.48
Infernal (0.7) (0.940.981.00) | (0.9961.00Q01.000) | (0.950.97,1.00) 2.0 5.79
Infernal (0.7,local) (0.910.981.00) | (0.9991.00Q1.000) | (0.950.980.99) 3.0 5.19
Infernal (0.55) (0.320.380.52) | (1.0001.00Q1.000) | (0.550.600.71) | 32.0 30.70
RAVENNA (ML) (0.610.820.94) | (1.0001.00Q1.000) | (0.770.900.97) 8.0 11.74
RAVENNA (ML,local) (0.640.890.96) | (0.9970.9980.999) | (0.780.920.96) | 13.0 13.38
RSEARCH (0.930.991.00) | (0.9991.00Q1.000) | (0.960.991.00) 2.0 4.57
RSmatch (0.310.420.51) | (0.9970.9991.000) | (0.530.620.68) | 32.0 26.70

Table 1. Tabulated results of searches vitle sequences. From left to right column one con-
tains program names and settings, column two sensitivafysnen three specificity, column four
Matthew’s correlation coefficient (MCC) and column five contaboth a median and mean rank-
ing determined by the MCC (see the Methods for definitionshs8ieity, specificity and MCC are
summarised as 3-tuples displaying the lower quartile, arednd upper quartile. Median MCC
rankings below ten (one being the best) are indicated witth fomt. See the Methods section and
Supplementary Tables 5&6 for algorithm setgngs.



Program Sensitivity Specificity MCC Ave. MCC Rank
Median | Mean
Sequence based methods
NCBI-BLAST (0.530.710.94) | (0.9780.9870.993) | (0.670.760.85) | 29.0 29.51
NCBI-BLAST (W7) (0.690.831.00) | (0.9240.9510.974) | (0.670.700.72) | 31.0 | 30.89
NCBI-BLAST (W7,65%) | (0.830.96,1.00) | (0.9910.9970.998) | (0.890.940.96) 16.0 15.74
WU-BLAST (0.580.760.98) | (0.9770.9910.994) | (0.720.800.88) 27.0 26.83
WU-BLAST (W?7) (0.880.970.98) | (0.9890.9970.998) | (0.900.930.97)| 20.0 16.47
WU-BLAST (W3) (0.890.970.98) | (0.9900.9970.999) | (0.910.930.97)| 19.0 15.92
WU-BLAST (W7,65%) | (0.830.961.00) | (0.9910.9980.999) | (0.900.940.96) | 17.0 | 15.86
WU-BLAST (W7,PUPY) | (0.770.971.00) | (0.9730.9810.985) | (0.810.87,0.89) | 26.0 | 23.38
FASTA (0.850.971.00) | (0.9880.9960.998) | (0.880.930.96) 15.0 15.92
FASTA (ktup6,65%) (0.830.961.00) | (0.9910.9970.998) | (0.890.940.96) | 16.0 14.69
FASTA (U) (0.840.970.98) | (0.9890.9930.996) | (0.890.930.94) | 21.0 20.46
FASTA (RIBOSUM) (0.250.570.79) | (0.9360.9930.998) | (0.460.540.69) | 33.0 | 32.85
FASTA (FOLDALIGN) (0.690.850.98) | (0.9881.0001.000) | (0.820.890.93) 23.0 21.74
ParAlign (0.570.760.93) | (0.9790.9880.992) | (0.700.780.85)| 28.0 | 28.42
ParAlign (65%) (0.810.930.96) | (0.9940.9991.000) | (0.890.930.96) | 16.0 15.43
SSEARCH (0.830.960.98) | (0.9940.9990.999) | (0.900.950.97)| 12.0 12.68
SSEARCH (65%) (0.810.960.97) | (0.9940.9990.999) | (0.890.950.97)| 12.0 13.36
SSEARCH (V) (0.840.960.98) | (0.9840.9890.995) | (0.860.91,0.93) | 25.0 | 23.68
Profile HMM methods
HMMer (1.8.4,local) (0.710.900.95) [ (0.9991.00Q01.000) | (0.830.950.97) | 11.0 | 12.08
HMMer (1.8.4,global) (0.740.840.90) | (1.0001.0001.000) | (0.850.92,0.94) | 16.0 | 15.19
HMMer (2.3.2,local) (0.740.940.97) | (0.9960.9970.998) | (0.840.930.97)| 12.0 14.40
HMMer (2.3.2,global) (0.740.860.94) | (1.0001.00Q1.000) | (0.850.920.96) 9.5 12.89
SAM (local) (0.740.940.97) | (0.9991.00Q1.000) | (0.850.960.98) | 10.0 10.44
SAM (global) (0.840.940.98) | (0.9970.9980.999) | (0.880.950.97) | 11.0 | 11.24
SAM (model) + (0.780.900.95) | (0.9981.0001.000) | (0.830.940.97)| 12.0 | 13.20
HMMer (2.3.2,search) o ' ' ' A ' '
Structure enhanced methods
ERPIN (4) (0.100.230.42) | (1.0001.00Q01.000) | (0.300.47,0.63)| 34.0 | 3351
ERPIN (5) (0.400.520.76) | (1.0001.00Q01.000) | (0.620.700.86) | 31.0 | 27.48
Infernal (0.7) (0.970.991.00) | (0.9971.00Q01.000) | (0.970.981.00) | 2.0 4.29
Infernal (0.7,local) (0.960.991.00) | (0.9991.0001.000) | (0.970.991.00) | 2.0 3.12
Infernal (0.55) (0.880.930.98) | (1.0001.0001.000) | (0.930.960.99) | 4.0 8.38
RAVENNA (ML) (0.790.940.97) | (1.0001.00Q01.000) | (0.880.960.98)| 7.0 7.90
RAVENNA (ML, local) (0.800.940.97) | (0.9950.9980.999) | (0.880.940.96) | 14.0 13.29
RSEARCH (0.840.940.99) | (1.0001.00Q1.000) | (0.910.97,0.99) 4.0 6.63
RSmatch (0.570.620.91) | (0.9890.9970.998) | (0.720.760.89) 27.0 26.17

Table 2: Tabulated results of searches wiilenty sequences. From left to right column one
contains program names and settings, column two sengitadlumn three specificity, column
four Matthew’s correlation coefficient (MCC) and column fiventins both a median and mean
ranking determined by the MCC (see the Methods for definijiaBsnsitivity, specificity and MCC
are summarised as 3-tuples displaying the lower quartéeliam and upper quartile. Median MCC
rankings below ten (one being the best) are indicated wilth fomt. See the Methods section and
Supplementary Tables 5&6 for algorithm settings.



Program Sensitivity Specificity MCC Ave. MCC Rank
Median | Mean
Five input sequences
NCBI-BLAST (W7,65%) | (0.400.880.96) | (0.9980.9991.000) | (0.610.930.96) 3.0 2.85
WU-BLAST (W7,65%) | (0.390.880.96) | (0.9991.00Q1.000) | (0.600.930.96) 3.0 3.00
FASTA (ktup6,65%) (0.400.890.96) | (0.9990.9991.000) | (0.610.930.97) 2.0 231
ParAlign (65%) (0.380.820.89) | (0.9991.0001.000) | (0.600.890.93) 4.0 3.47
SSEARCH (65%) (0.380.880.95) | (0.9991.00Q1.000) | (0.600.930.97) 3.0 2.57
Twenty input sequences
NCBI-BLAST (W7,65%) | (0.830.96,1.00) | (0.9910.9970.998) | (0.890.940.96) | 2.00 3.15
WU-BLAST (W7,65%) | (0.830.96,1.00) | (0.9910.9980.999) | (0.900.940.96) | 3.00 3.38
FASTA (ktup6,65%) (0.830.961.00) | (0.9910.9970.998) | (0.890.940.96) | 1.00 2.64
ParAlign (65%) (0.810.930.96) | (0.9940.9991.000) | (0.890.930.96) | 4.00 3.00
SSEARCH (65%) (0.810.960.97) | (0.9940.9990.999) | (0.890.950.97) | 4.00 2.26

Table 3: Tabulated results of the sequence based methdd&lesittical scoring parameters. From
left to right column one contains program names, column @vesgivity, column three specificity,
column four Matthew’s correlation coefficient (MCC) and colufive a median and mean ranking
determined by the MCC. Sensitivity, specificity and MCC are samsed as 3-tuples displaying
the lower quartile, median and upper quartile.



Program Sensitivity Specificity MCC Ave. MCC Rank
Median | Mean
Five input sequences
WU-BLAST (W7,65%) | (0.390.880.96) | (0.9991.00Q01.000) | (0.600.930.96) 2.0 3.13
WU-BLAST (W7,PUPY) | (0.410.840.97) | (0.9940.9950.999) | (0.620.880.94) 4.0 4.80
FASTA (0.430.900.96) | (0.9980.9991.000) | (0.640.940.97) 1.0 2.17
FASTA (U) (0.310.890.97) | (0.9970.9981.000) | (0.540.920.96) 5.0 3.94
FASTA (RIBOSUM) (0.060.250.58) | (0.9930.9991.000) | (0.150.47,0.64) 8.0 7.98
FASTA (FOLDALIGN) (0.110.740.97) | (0.9891.00Q1.000) | (0.320.840.91) 7.0 6.57
SSEARCH (0.380.900.95) | (0.9991.00Q1.000) | (0.600.940.97) 3.0 2.52
SSEARCH (U) (0.270.890.96) | (0.9950.9971.000) | (0.500.91,0.95) 6.0 4.88
Twenty input sequences
WU-BLAST (0.580.760.98) | (0.9770.9910.994) | (0.720.800.88) 55 6.02
WU-BLAST (W7,PUPY) | (0.770.971.00) | (0.9730.9810.985) | (0.810.87,0.89) 2.0 5.21
FASTA (0.850.971.00) | (0.9880.9960.998) | (0.880.930.96) 1.0 231
FASTA (U) (0.840.970.98) | (0.9890.9930.996) | (0.890.930.94) 4.0 3.42
FASTA (RIBOSUM) (0.250.570.79) | (0.9360.9930.998) | (0.460.540.69) 8.0 8.00
FASTA (FOLDALIGN) (0.690.850.98) | (0.9881.0001.000) | (0.820.890.93) 7.0 4.62
SSEARCH (0.830.960.98) | (0.9940.9990.999) | (0.900.950.97) 3.0 1.71
SSEARCH (V) (0.840.960.98) | (0.9840.9890.995) | (0.860.91,0.93) 55 481

Table 4: Tabulated results comparing sequence based nsetitid and without RNA specific
scoring parameters. From left to right column one contamgm@mm names and settings, column
two sensitivity, column three specificity, column four Megtv’s correlation coefficient (MCC) and
column five a median and mean ranking determined by the MCCitlvégsspecificity and MCC
are summarised as 3-tuples displaying the lower quartiégliam and upper quartile.
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Figure 3:

A FASTA case study for optimal threshold determination. [@abA displays density plots of
FASTA score distributions for a selection of inputs from le&NA family (rRNA,tRNA,U5) and
identity range (40-60%, 50-70%, 60-80%, 70-85% and 80-9%%©n screening the relevant un-
shuffled database. SubpBtsimilar to subplotA except the relevant shuffled database is screened
instead. Subplo€ displays a ROC (receiver operator characteristic) plowahg sensitivity and
specificity values over the entire range of possible thrigishoSubplotD displays curves of the
Matthews correlation coefficienfi{ C'C') as a function of score threshold. The red curves indicate
rRNA data, green is tRNA and blue is U5. Black curves show datalfd families combined.
The dashed black vertical line in each subplot indicatesMi@C' optimal score threshold (89)
over all datasets.
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Figure 4: For each algorithm a score threshold is require@. h&le optimized these for small
structured ncRNAs. For the sake of brevity only the higheskirey parameter settings for each
algorithm is shown. (@) Distributions of median MCC scoresadsinction of algorithm score

ranging from 0% filtered to 100% filtered fraction. (b) Recei@perator Characteristic (ROC)
plots for each algorithm.
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Algorithm accuracy and computational efficiency
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Figure 5: A comparison of the accuracy and efficiencies oftlogy search methods where only
the highest ranking parameter settings for each algoritbm Supplementary Table 1 are shown.
These were NCBI-BLAST (W7,65%), WU-BLAST (W3), FASTA, ParAlign (%, SSEARCH,
HMMer (2.3.2,local), SAM (3.5,local), ERPIN, Infernal (Qidcal), RAVENNA, RSEARCH, and
RSmatch. (a-c) Boxplots of algorithm accuracies (MCC, seiisitand specificity respectively)
for the 5 sequence datasets. (d-f) Boxplots of algorithm rmmies (MCC, sensitivity and speci-
ficity respectively) for the 20 sequence datasets. (g) Bagmbalgorithm speeds in nucleotides
per second. (h) Boxplots of initialization times for eachaaithm, in seconds.
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Figure 9: A detailed comparison of the performance of SSEARGIHVEU-BLAST (W3). As one
can see from the scatter plot of SSEARCH and WU-BLAST MCC valugdétit) the performance
of these two methods is strongly correlated. The histogratheologged ratio of SSEARCH and
WU-BLAST MCC values (top row, third from the left) shows a distiskew to the right, indicating
that SSEARCH generally outperforms WU-BLAST.
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Comparing Infernal MCC with predicted & reference inputs
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Figure 10: A comparison of Infernal (0.7) performances wiibuts derived from either predicted
alignments+secondary structures or reference alignmsete®ndary structures curated by Rfam.
Points above thg = = (dashed red) line indicate that Infernal performed betién the reference
alignments+secondary structures. The datasets whenedhfgerforms poorly with the predic-
tions are characterized by high sequence identities andgsmondary structure predictions. An
example of one of the worst examples (tRNA/idB095/tRNA17hisven inset into the figure. The
base coloring follows the rainbow of reliable (red) to urakle (violet) predictions based upon the
RNAalifold prediction.
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