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Mining for structured RNAs in ENCODE data

◮ 44 ENCODE regions encompassing
1% of the genome

◮ Targeted sequencing in 28 species

◮ Multiple alignments created by
Multiz/TBA

◮ Goal: unbiases screen of all
non-repeat alignments (10–14 MB)
of RNA structures using
state-of-the art methods:

◮ AlifoldZ

◮ RNAz

◮ EvoFold



AlifoldZ

CGCACGGCCTTAACCGTGTG

CAATCGGC--TAACCGATTG

CAGAGGACGCAAATCCTTTA
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RNAalifold

z = (m - Μ) / Σ

m ... Consensus minimum free energy of native alignment

Μ, Σ ... Mean and standard deviation of MFEs of random  alignments
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RNAz

CGCACGGCCTTAACCGTGTG

CAATCGGC--TAACCGATTG

CAGAGGACGCAAATCCTTTA

(((((((......))))))). -9.6

(((((((......))))))). -7.7

.((((((......)))))).. -4.9

(((((((......))))))). -8.9

RNAfold

RNAalifold

SCI =
Mean single minimum free energies

Consensus minimum free energy

a) Structural conservation

b) Thermodynamic stability

c) SVM classification 
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m ... Minimum free energy of native 
        sequences calculated by RNAfold

Μ, Σ ... Mean and standard deviation of
           MFEs of random  sequences
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The problem of large genome-wide alignments
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.(((((..........))))).
human CAGGAGACUCUCAGAGCUCCUA
chimp CAGGAGACUCUCAGAGCUCCUA
baboon CGGGAGGCUCUCAGAGCUCCUA
macaque CGGGAGGCUCUCAGAGCUCCUA
galago CGGGAGACUCUGGGCACUUCUA
rat CGGAAGGCUCUGCACGCUUCUA
mouse CGGAAGGCUCUACACGCUUCUA
rabbit CGGGAGGCUCUGCGCACUCCUA
cow CGGGAGGUUUGGGGCACUCUCA
dog CGGGAGGCUUCGGGCGCUCCUA
rfbat CGGGAAGCUCUGGGCAUUUUUA
elephant CGGGAGGCCCUGGACACUUCUA
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Pragmatic solution: Selecting subsets

◮ Subsets of 6 and 10 sequences for RNAz and AlifoldZ,
respectively.

◮ Optimized for a target mean pairwise identity of 85%: reliable
alignments and covariation.

◮ Used greedy algorithm for species selection.
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◮ Subsets of 6 and 10 sequences for RNAz and AlifoldZ,
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Results of AlifoldZ
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◮ 660 hits (0.7% of input) with z < −3.5

◮ 384 hits (0.2% of input) with z < −4



Results of RNAz
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◮ 7,093 hits (7.7% of input) with P > 0.5

◮ 3,707 hits (4.2% of input) with P > 0.9



Estimating false positives by shuffling

◮ Current protocol shuffles columns preserving
◮ Mean pairwise identity
◮ Base composition
◮ Local conservation pattern
◮ Gap pattern

◮ Problems:
◮ Limiting for large alignments
◮ Dinucleotide content



Genomic dinucleotide bias
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Solution

◮ Simulate alignments rather than shuffling it.

◮ Simulation produces on average alignments with the desired
properties.

◮ Possible strategy:

1. Choose evolutionary model
2. Estimate tree under this model
3. Simulate along this tree using the model
4. Use rate heterogenities to achieve different divergence levels of

sites.
5. Estimate history of gap pattern formation using maximum

parsimony and re-introduce gaps accordingly during the
simulation.

◮ Dinucleotide model: SISSI with overlapping dependencies



Simulating alignments with given dinucleotide content

SISSI, 1000 runs, 1000 sites

AA AC AG AU CA CC CG CU GA GC GG GU UA UC UG UU
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Simple correction of dinucleotid bias
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◮ Correct all z-scores by the background bias of 0.5, re-classify
using the SVM

◮ Estimated false positives for P > 0.9:
◮ Mononucleotide shuffled: 536
◮ Dinucleotide-corrected: 1852



Summary of results



Overlap of predictions
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Sequence conservation of predictions
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◮ Both programs have higher false positive rate in regions of
high conservation

◮ RNAz predictions essentially follow the background

◮ EvoFold is highly biased for extremely conserved regions.



Base composition of predictions
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◮ RNAz favours GC rich regions, EvoFold AT rich regions

◮ There are known ncRNAs in both ends of the spectrum.



Both programs essentially predict complementary RNA

structures
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Genomic loction of hits
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Overlap with other ENCODE data
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Experimental verification: ideal case

Bioinformatics group Wet-lab group



The ENCODE genes and transcripts way
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Intergenic RNAs
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Intergenic RNAs
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Intronic RNAs
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Intronic RNAs
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Alternative spliced loci
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