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Talk outline

1. Introduction to CMs/Infernal

2. Eliminating cmcalibrate

3. Pseudoknot alignment markup



Infernal implements CMs: statistical models of an RNA family

Search sequence databases for (or align) homologs of an RNA family using
both primary sequence conservation and secondary structure conservation

using covariance models (CMs) - profile stochastic context-free grammars
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Amount of information in a profile can be measured in bits

time
.
past present

yeast GUCUUCGGCAC

fly GCCUUCGGAGC

cow GCAUUCGUCGC

ancestor: mouse GCUUUCGAUGC
GCAUUCGUAGC

human GCGUUCGCUGC
chicken GUAUUCGUAAC
snake GUGUUCGCGAC
croc GUUUUCGAGAC

Each column is
independent

Maximum information
is 2 bits per position, if
column is 100%
conserved.

logy (4/1) = 2 bits

sequence profile:
14 bits

expect a match by chance: 1 in 2" nt =~ 16 Kb



Structure contributes additional information from covariation
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sequence + structure
profile: 17 bits

Base-paired columns
are not independent

Maximum extra info:
2 bits per base pair

logy (16/4) = 2 bits

sequence profile:
14 bits

expect a match by chance: 1in2'" nt =~ 130 Kb
reducing expected false positives by 2° = 8-fold



Levels of sequence and structure conservation in

Extra bits from structure (CM-HMM average score)
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training alignment

CM workflow
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to alignment
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Calibration enables E-value reporting

e to assign E-values to search hits

e E-value = expected number of hits at a given score in random, nonho-
mologous sequence

schematic

exponential tail fit: e "x-H

density

A: tail decaypate i fit start

0 10 20 30 40 50 60

CM bit score
scores against scores of
random sequence CM-emitted sequences



Calibration is slow
e to fit far tail's slope (A\) we need search a lot of random sequence

e CM search DP (CYK / Inside) scales as O(LN?log N),
vs O(LN) for a profile HMM (N = model length, L = target length)

e we speed up cmsearch with HMM filters and HMM bands* - but calibration can't use
them: the filters remove nearly all random sequence

schematic

exponential tail fit: e "x-H

density

A: tail decay péte u: fit start

0 10 20 30 40 50 60

CM bit score
scores against scores of
random sequence CM-emitted sequences

*E.P. Nawrocki & S.R. Eddy, “Infernal 1.1: 100-fold faster RNA homology searches,” Bioin-
formatics 29(22):2933—2935 (2013).



wall time (seconds, log scale)

Calibration is slow
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HMMER3 gets E-value statistics analytically

N(N+1)/2 core fragments replicated

Implicit probabilistic model

entries:

Eddy (2008), PLoS Comput. Biol. 4:e1000069

Histogram of A fits for 9318 Pfam 22.0 models
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Importance sampling: sample the easy distribution,
reweight to the hard one

e want a property of a distribution P that’s hard to sample directly

e instead sample an easy @, and reweight by P(x)/Q(x)

general idea

reweight each

sample by
Q: easy to sample > P: hard to sample
draw samples want a property
directly P(x)/Q(x) of this distribution
this case
) i reweight by .
CM emission null far tail
the CM's own > would need billions of
emission distribution -- w(x) =2-5% random sequences to
trivial to sample ever see one score this high

Pcm(x)

Sk = IogzPnuII(X)

(the CM bit score is itself the log-odds of emission vs. null)




Importance sampling fails: distributions too far apart

schematic

CM-emitted propo
overshoots: ~ + 5@ bits
null scqre densi\y

far tail we must fit
(sets A, small E-values)

density

weight w=27°%" 50

0 10 20 30 40 50 60
CM bit score
Po(x) (Zw,-)z
w(x) = ulX) — p-score Egg = L =1
q(x) Sw?

i

a few sequences carry all the weight = effective sample size =1 — worst for large / glocal models



Few samples hold the whole estimate hostage

e real N=5000 sequences emitted from the 5S rRNA CM (RF00001); weight w; = 2~ per
sample; real ESS = 1.73 out of N=5000

e the single largest-weight sample carries 72% of all weight — removing just that one sample
swings the weighted-mean estimate by +1.87 bits

weight mass concentrates on a the estimate is hostage
handful of samples to a single draw
2.0 1
top-5: 97.8%
. top-10: 99.4% swing: +1.87 bits
100 - rank-1 sample alone: 1.5 -
72% of all weight (one sample out of 5000)
real data, N = 5000
real ESS = 1.73 1.0
+0.62
N -
0.0 1

|
o
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|
=
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weighted-mean score estimate (bits)

importance weight w; = 2~ (log scale)

-1.25 removed sample:
-1.5 - score=-1.97, weight=3.90
(72% of total weight)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 rest all N=I5000 removeljust the

(4980) samples #1-weight sample

weight rank (1 = largest)



I tried to fix this various ways — none worked

attempted fix

result

flatten the CM'’s probabilities, to sam-
ple closer to random sequence

still collapses: ESS stays <2

reject any emitted sequence outside a
target score window

biased the fitted slope 3x (0.14
vs. true 0.42)

design/mutate sequences to force
them into the tail

fitted slope always converges to
the same fixed value, regardless
of the true one

sample directly from the tail with
MCMC (no reweighting)

accurate, but cost grows
quadratically with model size —
slower than what it replaces for
exactly the largest models



SKkip sampling and predict the E-value parameters (), u) directly

e )\, 1 aren't random, they're a function of the CM (its composition, struc-
ture, and length). So they should be predictable from model properties.



SKkip sampling and predict the E-value parameters (), u) directly

e )\, 1 aren't random, they're a function of the CM (its composition, struc-
ture, and length). So they should be predictable from model properties.

e Thousands of already-calibrated Rfam CMs give us a free training/testing
set: (CM — ), u) data points.



SKkip sampling and predict the E-value parameters (), u) directly

e )\, 1 aren't random, they're a function of the CM (its composition, struc-
ture, and length). So they should be predictable from model properties.

e Thousands of already-calibrated Rfam CMs give us a free training/testing
set: (CM — ), u) data points.

e Ridge regression: linear, L2-regularized (robust with many correlated fea-
tures, hard to overfit), and interpretable (you can read off what predicts
what)



T he most important CM features

What predicts the E-value parameters?

fragment-length distribution 33%
information content / composition 30%
score under genomic null
fragment-score-weighted
CM size 7%
0 10 20 30 40

avg. share of ridge weight (%)



Fast

Calibration time: fastcal vs cmcalibrate
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¢ ¢ cmbuild+fastcal: 401s (~7 min)
Os: cmcalibrate (single job): ~143 CPU-hr (~6 days)
102 103

model size (consensus length, nt)

104 models, clen 44—-3401 — median speedup ~702x (range 39—2634x),
conservative in fastcal’s favor (cmcalibrate ran --cpu 4, fastcal ran
single-threaded)



predicted E-value

| == Yy = x (perfect calibration) .

| = fastcal (median predicted E) P
== cmcalibrate (median predicted E) P

] fastcal (25-75th pct) R

cmcalibrate (25-75th pct) PR

Pooled calibration curve — synthetic genomic decoys
(104/104 families, median = IQR per bin)

100 101 102 103

rank (k-th best-scoring decoy hit)

(curve truncated where fewer than 20/104 families contribute per bin)



Pooled calibration curve — chondrus genome decoys (~53% GC)

(104/104 families, median = IQR per bin)

1 == vy = x (perfect calibration) ,
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rank (k-th best-scoring decoy hit)

(curve truncated where fewer than 20/104 families contribute per bin)



predicted E-value

Pooled calibration curve — chlamy genome decoys (~64% GC)
(100/104 families, median = IQR per bin)

] ==y = x (perfect calibration) ”
| == fastcal (median predicted E) P

1 = cmcalibrate (median predicted E) PR

fastcal (25-75th pct) -’

cmcalibrate (25-75th pct) -’

107

100 102 102 103

rank (k-th best-scoring decoy hit)

(curve truncated where fewer than 20/100 families contribute per bin)



Pooled calibration curve — duck genome decoys
(104/104 families, median = IQR per bin)

==y = X (perfect calibration)
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103 === cmcalibrate (median predicted E) ,,/
fastcal (25-75th pct) ,,/
cmcalibrate (25-75th pct) ,,/
)
=
©
>
L
©
Q
)
=
O
)
—
o
10_1;
10° 101 102 103
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(curve truncated where fewer than 20/104 families contribute per bin)



# decoy hits > t

# decoy hits > t
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mir-5429 — calibration curve across 4 decoys (2 new real-genome + 2 original)

chondrus (~53% GC, real genome)

fastcal (empirical, n=1245)
== = fastcal fitted (A=0.638)
cmcalibrate (empirical, n=1385)
== = cmcalibrate fitted (A=0.608)
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synth (~35-40% GC, HMM-generated)
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< == = fastcal fitted (A=0.638)
« cmcalibrate (empirical, n=1709)
< == = cmcalibrate fitted (A=0.608)
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bit score t

# decoy hits > t

# decoy hits > t

chlamy (~64% GC, real genome)

fastcal (empirical, n=2390)
== = fastcal fitted (A=0.638)
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1 = = cmcalibrate fitted (A=0.608)
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# decoy hits > t

# decoy hits > t
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SNORA30 — calibration curve across 4 decoys (2 new real-genome + 2 original)

chondrus (~53% GC, real genome)

fastcal (empirical, n=704)
== = fastcal fitted (A=0.527)
cmcalibrate (empirical, n=1029)
== = cmcalibrate fitted (A=0.545)
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# decoy hits > t

# decoy hits > t
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chondrus (~53% GC, real genome)
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# decoy hits > t

# decoy hits > t

] fastcal (empirical, n=1270)
10° ER = = fastcal fitted (A=0.673)
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SSU rRNA eukarya — calibration curve across 4 decoys (2 new real-genome + 2 original)

chondrus (~53% GC, real genome)
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rmark4h TP E-value agreement: survival by order-of-magnitude
100- (cmcalibrate vs cm_FastCalibrate)

. ——— 8
98.7%
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overall (h=5314)
tiny (n=2312)

cumulative % of TPs within k OOM

201 small (n=2476)
medlarge (n=501)
—— large (n=20)
huge (n=5)
0 2 4 6 8 10 12

k (orders of magnitude, |loglO(E fastcal / E_cmcalibrate)|)

n=5314 matched true positives, rmark4h — Pearson r=0.991 on log1g(E);
91.3% agree within 3 orders of magnitude



cumulative % of TPs

100 -

80 1

60 1

40 -

20 1

(A) Direction is visible: large/huge sit
entirely on the safe (conservative) side

fastcal more conservative —

tiny (n=2312, 55% pos.)
small (n=2476, 69% pos.)
medlarge (n=501, 78% pos.)
large (n=20, 100% pos.)
huge (n=5, 100% pos.)

. =
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20 25

signed l0g10(Efastcal/Ecmcalibrate)



(B) The large/huge OOM gap lives entirely
inside the astronomically-significant regime

22/25 large+huge TPs are also 3 weake;é‘fceptinnz
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cumulative % of TPs within k OOM
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rmark4h TP E-value agreement, restricted to 1e-15 < E < 1000 (either arm)

cmcalibrate vs cm_FastCalibrate
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cumulative % of TPs within k OOM
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rmark4h TP E-value agreement, restricted to 1e-15 < E < 1000 (either arm)
E-values rescaled from benchmark Z=100Mb to Z=1Tb (x10000)
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Does this hold up on non-training families?

rmark4h TP E-value agreement full set vs. clean (non-leaked) subset
1007 o e eSS E T L o

801

60

40

201

cumulative % of TPs within k OOM

= full rmark4h (n=5314 TPs, 700 fam)

== clean subset (n=2465 TPs, 395 fam)

0 2 4 6 8 10 12
k (orders of magnitude, |log10(E_fastcal / E_cmcalibrate)|)

395/700 rmark4h families with zero training overlap (2465/5314 TPs) - agreement
equal-or-better than the full set: <1 OOM 60.3%—66.8%, <3 OOM 91.3%—96.4%, <5
OOM 95.3%—99.3% (full—clean)

caveat: this clean subset has zero large/huge-bucket coverage (every real large/huge Rfam
family was already in training) - it validates tiny/small, not the biggest models; the

L OOCV-over-synthetic-CMs result covers large/huge separately



cmcalibrate eliminated!?

training alignment

I I I I . .
1T 1T 1 ¥ cmbuild
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cmsearch
add hits
to alignment ~ —
sequence
<« PB
novel hits — -

I'm currently trying to decide if cmcalibrate should be left in Infernal as a
fallback for very highly specialized use cases like AT-rich models (and for
Claude-skeptics).



Pseudoknot alignment markup



Group | Template characteristics:

CCA intron Model Length Bps Stems Pknotsg
Standard 358 117 12 4
Intron 616 180 22 5
Alpha 355 55 8 2
CCA Beta 331 55 7 1
Cyano 288 72 9 1
Mito 77 19 3 0
O
IVS
€hS ) Mito
Standard ©
Intron L
IVS IVS
25 Alpha Beta Cyano
! CDS h
CDS CDS

Figure 3. The six tmRNA secondary structure templates, generated by R2DT in “thumbnail” format using the consensus sequence for each template’s
CM. Pseudoknot stems not modeled by the CM are highlighted, with each half connected by dashed lines. The boxed regions in the alpha, beta, and
cyano templates are the tRNA domains, which include all base pairs modeled by the new, more general tmRNA_permuted Rfam model. Counts of base
pairs (Bps) and stems in the table include pseudoknots.

Nawrocki, Petrov, Williams (2025), NARGAB, https://doi.org/10.1093/nargab/Igaf019



>> AP009178.1 Nitratiruptor sp. SB155-2 genomic DNA, complete genome

rank E-value score bias mdl mdl from mdl to seq from seq to acc trunc gc
(1) ' 1.1e-65 225.6 0.0 cm 1 358 [] 1 375 + [1 0.94 no 0.54
v NC
COCOCLD, 5555555555, COCCCCCCCC=CCCCCCCCCCCC=COCCC, 55,5, <KL _____ >>> CS
tmRNA.ilra 1 GGGGgUGaacuGGuUUCGAnggaauguugauuccaaaagcuGCAuGcCGAGguugccggugacCUCGUaAAAcaaccg 79
GGGGGUGA +UGG UUCGACG:GA :: : :CA:A:GC:GC:UGCCG UG::G: AC CGUAAAA+ :C:

AP009178.1 1 GGGGGUGACAUGGCUUCGACGGGAGCAGUC- UGUCACAGGCUGCGUGCCGGCU UGAGGA--ACGCCGUAAAAAU-UCC 74
3k 5k ok ok k ok ok ok o ok sk ok sk ok sk K ok ok ok o ok sk ok sk ok sk ok sk ok T sk okok sk sk sk sk sk ok sk ok sk ok kokk ok kkQOQ | Qkkk kO, |, Qkkkkkkkkk*kB5, Okk PP

NC
>>>”"’”””””””””””” """"""""" ””’<<<<<<< ——————— >>>>>>>"’< CS
tmRNA.ilra 80 gcaAAAaaAUAAaUGCcAAcalAualAuuacuau................. cGCucucGCuchUAAuaagCaGCga gcC 140

:CAAAAAAAUA A GC+AACAAUA + A+UAU GC+ :G:UUAA AA:C: CC
AP0O09178.1 75 UCAAAAAAAUAGACGCAAACAAUACAGAUUAUagaCngcuuacgcaguAGCAGCGUAAGUUUAACAAACUUACGgUCC 163

sk sk ok ok sk ok ok 3 ok sk ook sk ok ok sk ok 3k ok ok sk ok sk ok ok ok ok ok ok kR ok kk k k3 888887388388388338838838838888799%% PP

NC

<KL KKK PSP D S5 5 E S S C S S < C S CS

tmRNA.ilra 141 guccc.cccagcccuuGCCuguugggcuggga. . .aggggcGUCA. .uaaaagcgiGGal. agccuuuagguuuGeCugg 212
:UC:C CC:::C::U GCC+ +U::G:::GGA  +G:GG:GUCA  + +AG GGG+U G::::::GGU UGCCU

AP009178.1 154 CUCGCaCCUCUCUUU-GCCCUCUAAGAGAGGAuuuUGCGGGGUCAucCUCUAGAGGGCUuGGAUGAGCGGU-UGCCUA- 229
*%k k% 8888899988 . k**k*k*k*x 9999888 H ks k sk kkskk kk ok dok sk dokk H k k%% 888888888887 . 899999. PP

NC
L OO0 s 559553535383 s SSKKKLKLKLKLL [ =< ________ DSOS . =OOOOO535>> ., .,,,,,, CS
tmRNA.ilra 213 ggccuaaaggcGAAaauuaaagaGGCUagccuuaagga agccUGUcugnggc auccuuaagchAAAau aAAaaa 288

GCC::::::CGA + ++ AGGCU G::U:A:::A G G U: U:::U:A::CGA A+U A A
AP009178.1 230 —GCCGCUCAUCGAC——ACCUUUAGGCUGGGUUGAUACAgGUUUCGGGCGCUGAAcCUGUAUCAACCGAGAUUgAUCAGC 305
. 6888888889998 . . sk kkskkk sk kkkkokkkkkkkkkkSSSSSSSSSS SIS SSS G sk sk sk sk sk k sk sk ok >k ok sk sk sk >k k k k kkkkkk PP

v NC
593393952))))7===)))))))))))))))))IIII)),, , << ______ >>>>>]1]11]]:::: CS
tmRNA.ilra 289 caGACUAAgCaUGUAGAagcuuuuggaauaacauuuucGGACGCGGGUUCGAuUCCCgCCAcCUCCACCA 358

ACUA+GCA :GUAGA:GC:U:UG: : :: UU:CGGAC CGGGUUCGAUUCCCG CACCUCCACCA

AP009178.1 306 GCUACUACGCACGUAGAGGCCUGUGGUGGGUUGUUUCCGGACUCGGGUUCGAUUCCCGACACCUCCACCA 375
sk 3 ok K ok K ok ok 3 ok 3 ok K 3 ok 3 ok 3K ok ok 3 ok 3 ok 3K 3 ok 3 ok 3 ok ok 3 ok 3 ok K 3 ok 3 ok 3 ok ok 3 ok 3 ok K 3k ok ok 3k ok ok Kok sk ok Kk ok k ok k ok kkk - PP

NC line: ’v’ is negative scoring, noncanonical basepair



>> AP009178.1 Nitratiruptor sp. SB155-2 genomic DNA, complete genome

rank E-value score bias mdl mdl from mdl to seq from seq to acc trunc gc
(1) ' 1.1e-65 225.6 0.0 cm 1 358 [] 1 375 + [1 0.94 no 0.54
==$$x x$$== PS
COOOOCD, 5555555555, CCCCCCCCC(- (((((((((((( (((((AAAAA <<<<<<___aaaaa________ >>> CS
tmRNA.ilra 1 GGGGgUGaacuGGuUUCGAnggaauguugauuccaaaagcuGCAuGcCGAGguugccggugacCUCGUaAAAcaaccg 79
GGGGGUGA +UGG UUCGACG:GA :CA:A:GC:GC:UGCCG UG::G: AC CGUAAAA+ :C:

AP009178.1 1 GGGGGUGACAUGGCUUCGACGGGAGCAGUC UGUCACAGGCUGCGUGCCGGCU UGAGGA--ACGCCGUAAAAAU-UCC 74
sk ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok sk sk ok ok ok ok ok ok ok ok ok T ok ok ok ok ok ok sk sk sk ok ok okokokokok ok ok k999 L Qkokk k9 L L Qkokokokkkkk k65, Okk PP

PS
>>>”’,’””’,,,,”’,’,,,”””’ """"""""" ,’,”<<<<<<< ——————— >>>>>>>"’< CS
tmRNA.ilra 80 gcaAAAaaAUAAaUGCcAAcaAuaAuuacuau................. cGCucucGCuchUAAuaagCaGCga gcC 140

:CAAAAAAAUA A GC+AACAAUA + A+UAU GC+ :G:UUAA AA:C: CC
AP009178.1 75 UCAAAAAAAUAGACGCAAACAAUACAGAUUAUagaCcggcuuacgcaguAGCAGCGUAAGUUUAACAAACUUACGgUCC 163

sk sk sk sk sk ok sk sk ok sk sk ok skok ok sk sk ok sk skok ok skok kR sk ok kb ok Rk x 888 8887 888888888888888888888888799%% PP

$==$$$= =$$$==9 =x==xx P$S
<<<<<.<<<<<<<<__BBBBBBB>>>>>>>>—...—>>>>>>,,,..,,,,bbbbbbb,.,<<<<<<<<<___CCCCCC CS
tmRNA.ilra 141 guccc.cccagcccuuGCCuguugggcuggga. . .aggggcGUCA. .uaaaagcgiGGal. agccuuuagguuuGeCugg 212

:UC:C CC:::C::U GCC+ +U::G:::GGA +G:GG:GUCA + +AG GGG+U G::::::GGU UGCCU
AP009178.1 154 CUCGCaCCUCUCUUU-GCCCUCUAAGAGAGGAuuuUGCGGGGUCAucCUCUAGAGGGCUuGGAUGAGCGGU-UGCCUA- 229
*% %k %k8888899988 . *xxxx*xx9IIIBBB BBk sk sk sk sk sk sk ok >k >k >k >k >k >k >k >k >k ok k k k ok k k k kBBB8888888887 . 899999. PP

XX==X= =x$xxXX xxx PS
_IODOOO>>, ., ,,,,,,CCCCCC,<<LKLKLLLLLL, =<K _DDDDDDD>>> . =>>>>>>>>>> .. ., .ddd, CS
tmRNA.ilra 213 ggccuaaaggcGAAaauuaaagaGGCUagccuuaagga agccUGUcugnggc auccuuaagchAAAau aAAaaa 288

GCC::::::CGA + ++ AGGCU G::U:A:::A G G U: U:::U:A::CGA A+U A A
AP009178.1 230 -GCCGCUCAUCGAC--ACCUUUAGGCUGGGUUGAUACAgGUUUCGGGCGCUGAAcCUGUAUCAACCGAGAUUgAUCAGC 305

.63888888889998. . kkxkskkkskkkkkkkkkkkkk*kkxS383388388388888* kkk kkkkkkkkokkkkkkkk*kkk*k PP

x$x= PS
dddd,,,)))))----)))))))))))))))))))))),,,<<<<< _______ >>>>>]11]111]:::: CS
tmRNA.ilra 289 caGACUAAgCaUGUAGAagcuuuuggaauaacauuuucGGACGCGGGUUCGAuUCCCgCCACCUCCACCA 358

ACUA+GCA :GUAGA:GC:U:UG: : :: UU:CGGAC CGGGUUCGAUUCCCG CACCUCCACCA
AP009178.1 306 GCUACUACGCACGUAGAGGCCUGUGGUGGGUUGUUUCCGGACUCGGGUUCGAUUCCCGACACCUCCACCA 375
sk sk ok sk ok ok sk ok sk ok ok sk ok sk ok ok sk ok sk ok sk sk ok ok sk sk ok ok sk ok sk ok sk sk ok sk sk sk ok ok sk k sk ok sk ok ok sk ok sk ok sk sk ok sk ok sk sk ok sk sk sk ok sk sk sk kkkk - PP

PS line: ’v’ is negative scoring, noncanonical nested basepair
’=’ is unchanged pseudoknotted basepair
’x’ changed pseudoknotted basepair, noncanonical
’$’> changed pseudoknotted basepair, canonical WC or GU



>> FR891194.1 Firmicutes bacterium CAG:272, WGS project CBFWO01000000 data, scaffold: scf321, whole geno

rank E-value score bias mdl mdl from mdl to seq from seq to acc trunc gc

(3) ' 2.4e-54 186.5 0.0 cm 1 358 [] 1 365 + [1 0.91 no 0.58

$===X X=== PS

[[[[[[[,,,,,,,,,,,,(((((((((( (((((((((((( ((CC(AAAAA,<<<<<<___aaaaa________ >>>>>>. CS

tmRNA.ilra 1 GGGGgUGaacuGGuUUCGAnggaauguugauuccaaaagcuGCAuGcCGAGguugccggugacCUCGUaAAAcaaccggca 82
GGGG: : G+A+ GGUUUCGACGGG:A:: :G :C ::::::GC::GC GAG  :G: ::+ A CUC U+AAAC :: :C:

FR891194.1 1 GGGGACGUAAAGGUUUCGACGGGGACUCUG AAGCAGGGUAAGCGGGCAGAGC CGGGACA AUCUCUUUAAACU-GUUCCAa 79
sk 3 ok K ok K ok ok ok 3 ok kK ok ok 3k ok ok ok kR ok Kok k| sk ok ok sk k ok ok ok ok kok ok kkokk ok, 8888887 . kkkkkkkkkkxT76 ., 8388389 PP

v v PS
"’,",,””’,,,,’””,,””,”””’<<<<<<< ——————— >>>>>>> """""""""" ”<<<<< CS
tmRNA.ilra 83 ..AAAaaAUAAaUGCcAAcaAuaAuuacuaucGCucucGCuGcuUAAuaagCaGCga................... gcCgucc 144
AAA+ UAAA GC AACA U A+U++ GC  +:CUGC+U A  GCAG: CCGU:C

FR891194.1 80 ccUAAAUUUAAACGCUAACACUGAAUUA—--—GC-—-UGCUGCCUGAACGGCAGU-—gacgcggacuuaagcucchCCGUUC 1563
tokokokokokokokokokokokokkokokokokokokkokokkokokokok L L 66. .. 578888888865566665. .5569999999999999999999*x**x*x PP

$xx=xxX xxx=xx$ =x=$$$ v PS
<<<<<<<<< BBBBBBB>>>>>>>>——>>>>>>,,,,,,,bbbbbbb,,<<< <<<<<< _..__CCCCCC__>>>>>>>>>, CS
tmRNA.ilra 145 ccccagcccuuGCCuguugggcugggaaggggcGUCAuaaaagchGaUagcc uuuaggu uuGcCuggggccuaaagch 224

:CC:G: CUG++ ::C:GG: A:G:GCGUCAU AA G GA +G: U+G+C + ::::::CG
FR891194.1 154 AUCCGGAGAG UACUGCGGCUCCGGA- AUGAGCGUCAUCAAGCAGUGAACGUGcGCGGUCAguUCGUCCUUAUAGCCGCCACG 234

*QkkQkokkokk 999999k kQ*x*8 , Dk kk**x ¥ *x*6666666666667777566666669868888886666666666666 PP

$$$=x= NATAT x$=8xxx VvV xxx  $=%$x PS
999999 3CCCCCC3<<<<<<<<<<—<<<_DDDDDDD>>>—>>>>>>>>>>3 99999 3ddd’ ’dddd’ ) ) ) ) ))_—_—)) CS
tmRNA.ilra 225 AAaauuaaagaGGCUagccuuaaggaagccUGUcugnggcauccuuaagchAAAauaAAaaacaGACUAAgCaUGUAGAag 307

+U AA +GGCU ::C:::A G+C G U: U:::G::GA A++A AA C G+ UA+GC::G AGA:

FR891194.1 235 —-—GAUGAAAGGGCUGCUCCGGAAAAGCUUCGCCGGCUUGGCGACUCCGGGGGAGAUCAGUAAGCCGGAUACGCCCGAAGAAA 314
. DB sk sk sk sk ok sk ok sk sk ok sk ok sk ok ok sk ok sk ok sk sk ok ok ok sk ok ok sk ok sk ok sk sk ok sk ok sk ok ok sk ok sk ok sk sk ok sk ok sk ok ok sk ok sk ok sk sk ok sk ok sk sk sk sk sk sk ok sk k sk kkkk - PP

v V.V
2)33333333)))3)))))) 55, <SS _____ >>>>>]1]11]]:::
tmRNA.ilra 308 cuuuuggaauaacauuuucGGACGCGGGUUCGAuUCCCgCCACCUCCACCA 358

G:::+: ::U:UUCGGACGCGGGUUCGAUUCCCGCC: : CUCCACCA
FR891194.1 315 GCCCCGCGGAUCGGUUUUCGGACGCGGGUUCGAUUCCCGCCGUCUCCACCA 365
sk sk ok ok ok ok sk ok sk ok ok sk ok sk ok ok sk ok sk ok sk sk ok sk ok sk sk ok sk ok sk ok sk sk ok sk ok sk sk sk sk sk sk ok sk skkkkkk - PP

PS line: ’v’ is negative scoring, noncanonical nested basepair
’=’ is unchanged pseudoknotted basepair
’x’ changed pseudoknotted basepair, noncanonical
’$’> changed pseudoknotted basepair, canonical WC or GU



cmalign Stockholm output: pseudoknot A/a (well-conserved)

AP009178.1:366342-366716/1-375

#=GR AP009178.1:366342-366716/1-375
#=GR AP009178.1:366342-366716/1-375
CP001085.1:311523-311892/370-1

#=GR CP001085.1:311523-311892/370-1
#=GR CP001085.1:311523-311892/370-1
CP002116.1:2157433-2157788/356-1

#=GR CP002116.1:2157433-2157788/356-1
#=GR CP002116.1:2157433-2157788/356-1
CP001744.1:2441287-2441647/1-361

#=GR CP001744.1:2441287-2441647/1-361
#=GR CP001744.1:2441287-2441647/1-361

FR891194.1:2245-2609/1-365

#=GR FR891194.1:2245-2609/1-365
#=GR FR891194.1:2245-2609/1-365

#=GC SS_cons
GC RF

GC bp_cons
GC bp_cov

#
#
#

PP .
Vit i ==$$x.—_
.AGGUUUGAAGUAGCAUGUCGAGC.
. 888888889 %k kk sk kokkkkkkkok

PS

PP
PS

PP
PS

PP
PS

.~UGUCACAGGCUGCGUGCCGGCU.
L kskokokkkokk ok ok kokkkkk k%990 |

aCACUCACCGGUUGCAAGCGGAGG.
O8O 5k sk %k 5k ok >k 3k >k >k 3k %k ok ok k 3k *k ok sk ok >k |

VAN VA

.—AAGCAGGGUAAGCGGGCAGAGC.
PP .
PS .

. K3k 3k ok ok %k %k ok 3k %k ok ok k k ok sk k ok k kkk |

_$===x.
.(((((((((((( (((((AAAAA
.auuccaaaagcuGCAuGcCGAGg.uugccggu.
.0B6%%8xB8*82 . kkkkkk*kks
.735695*x5534 .0690690956 .

-UGAGGA-.-ACGCCGUAAAAAU-UCCUCA. . .AA
QkkkxQ . . . Qkksdokakokkkk kG5, Qokakokk , |, kx
- i = x$$==_____ = e
-AGA—-—-.-UUCUCGUUAAA—-A-—-UCU...-A
.Bbb...... Sxkkkokkxxkkkk, 4., ,555, ., %
—: tm——— - x==== — . . -
-UGCCCUU. CUCCUCCUUAAUCC AGGGCA aAC

. %okk Kk K

*,

_iot.

-CGGGAC
.888888

A.

7.
EE

, <<<LLLL_

CBxkkokk, L,
LOBXT Rk, L,

************77 kkskkksk | | kkk
==_=$ -I-__-l- -

aUACGGAAUGGUGGCGUGUCGUGGuUGAUCAGAcGGCCACGUAAAAAU CUGAUC. . .AA
B3k ok k sk ok sk ok k ok ok k ok kkokkk ok k k8T TTTTTTTOkkkkkkkkkkx*x66 . T7TTTTT .. .8%

ViV __ti_iv____i==8==, _

_t==0p== —_i_tii...

—-AUCUCUUUAAACU- GUUCCAaccUA
kkkokkkokkkkkT 6 . 8888889 ¢k

.__@aaaaa________ S>>>>>...,,
gacCUCGUaAAAcaaccggca. . .AA
Akxkk, ., ..., *kkkk8, . ...
65909........ **¥7*59. . ...



cmalign Stockholm output: pseudoknot A/a (well-conserved)

AP009178.1:366342-366716/1-375

#=GR AP009178.
#=GR AP009178.

1:366342-366716/1-375
1:366342-366716/1-375

CP001085.1:311523-311892/370-1

#=GR CP001085.
#=GR CP001085.

1:311523-311892/370-1
1:311523-311892/370-1

CP002116.1:2157433-2157788/356-1

#=GR CP002116.
#=GR CP002116.

1:2157433-2157788/356-1
1:2157433-2157788/356-1

CP001744.1:2441287-2441647/1-361

#=GR CP001744.
#=GR CP001744.

1:2441287-2441647/1-361
1:2441287-2441647/1-361

FR891194.1:2245-2609/1-365

#=GR FR891194.
#=GR FR891194.

#=GC SS_cons
GC RF
GC bp_cons

GC bp_cov

#
#
#

’bp_cons’
formed as

>bp\_cov’
two sides

1:2245-2609/1-365
1:2245-2609/1-365

PP
PS

PP
PS

PP
PS

PP
PS

(base-pair conservation):
a canonical Watson-Crick/G-U pair across the alignment’s sequences (0-9,%);

(base-pair covariation):

.—UGUCACAGGCUGCGUGCCGGCU.

LKook kokok ok ok kkokkok k999 | |
==$$x.-_
.AGGUUUGAAGUAGCAUGUCGAGC.
. 888888889k kkkkkkkkkkkk ,

R

aCACUCACCGGUUGCAAGCGGAGG.
O8O 5k sk %k 5k ok >k 3k >k >k 3k %k ok ok k 3k *k ok sk ok >k |

VAN

VA

aUACGGAAUGGUGGCGUGUCGUGGuUGAUCAGAcGGCCACGUAAAAAU CUGAUC. ..
B3k ok sk sk ok sk ok ko ok ok sk k ok kkokkk ok k k8T TTTTTTTOkkkkkkkkkxkx*x66 . 7T7T7TTTT. . .

VIVt _iV____:

.—AAGCAGGGUAAGCGGGCAGAGC.
PP .
PS .

. K3k 3k ok ok %k %k ok 3k %k ok ok k k ok sk k ok k kkk |

$===X

.(((((((((((( (((((AAAAA

.auuccaaaagcuGCAuGcCGAGg.
.066%*xSkBS*82 . kkkkkkkk*k4
.735695%*x5534.0690690956 .

per consensus base-pair column, how often that pair is actually

-UGAGGA-.

CEET TN

_UGCCCUU.

L kokk Kok kK

-CGGGACA.

__+.

.8888887.
EESEERE N
, <KL,
uugccggu.
C8xkkkk, L,
LOBKTx% . L ..

—ACGCCGUAAAAAU-UCCUCA. . .AA
L OkokokkkokokokkkB5 , Qrokokokok , | | kk
o x$$==_____ +_ - e
.-UUCUCGUUAAA——A——-UCU...—A
LBxskkkckkokkxkk, 4., . BB, .. . %
- gxm=== 4 —— ———: -
CUCCUCCUUAAUCC- AGGGCA..aAC
skokskokokok ok ok ok ok kKT T, kokokokokok |, kokok
il T S S
AA

8%

_t==p==_____+_—_:_:ii...

—AUCUCUUUAAACU- GUUCCAaccUA
Lkokokokkkkokokk kT 6, 8888889 %k kx
—_x===§_+_____ -t _
__aaaaa________ SS>>>>...,,
gacCUCGUaAAAcaaccggca. . .AA
Akxkk, ., ..., *kkkk8, . ...
65909........ **¥7*59. . ...

a separate, complementary measure, whether substitutions on the

of a pair are statistically coupled (compensatory),
paired columns (0-9,%*);

i.e.

mutual information between the

In this alignment ’bp_cons’ is * across nearly the whole A/a pair (this pair is structurally almost
always formed as WC/GU), and ’bp_cov’ ranges 0-9, showing some of the pairs covary across the 5

sequences.



cmalign Stockholm output: pseudoknot C/c (poorly-conserved)

AP009178.1:366342-366716/1-375

#=GR AP009178.1:366342-366716/1-375 PP
#=GR AP009178.1:366342-366716/1-375 PS
CP001085.1:311523-311892/370-1

#=GR CP001085.1:311523-311892/370-1 PP
#=GR CP001085.1:311523-311892/370-1 PS
CP002116.1:2157433-2157788/356-1

#=GR CP002116.1:2157433-2157788/356-1 PP
#=GR CP002116.1:2157433-2157788/356-1 PS
CP001744.1:2441287-2441647/1-361

#=GR CP001744.1:2441287-2441647/1-361 PP
#=GR CP001744.1:2441287-2441647/1-361 PS

FR891194.1:2245-2609/1-365

#=GR FR891194.1:2245-2609/1-365
#=GR FR891194.1:2245-2609/1-365
#=GC SS_cons

GC RF

GC bp_cons

GC bp_cov

PP
PS

#
#
#

UuGGAU.
*88888.
A .CACG.
6.6666.

.t

UuACCC.
Skkkkk

.GGCU
%, O%oxok

. <<<

.agcc.
T

GAGCGGU. .
8888887. .
..—_=X==X.X
.UUUCCUAuCAUUCUGAACGUUGA.
.56666667555666666666544 .

XX==X.X+_V
UCGGCUG. UGGCCUAAAGGGGAC
.8999999.8999999 %k kkkkkk
_+=%x=x.x

UUCAGUU.
6666666 .

A%

UUUUUGU. .
koK Kok Kk

vv

-UGCCUA . --GCCGCUCAUCGAC.

.6888888889998. .
et _

.899999. .

vv

s =

--ACCUUUAGGCUG.GGUUG
L kokokokok ok ok ok ok okok ok | sk ok ok ok ok
++xX==x=_._
--AAAAAUAGGAUA. GUUGA
LT Ok skokokokokkokokk | sk okokokxk
__XX==XX_._:::
AUUUUAUCAGUCUUaGGUCG
99999999999999899999

Lt Hxx=x$=_._::v:

GCGGGUCaa-UGCGACCUACGCCCGCAGCAAGaUUUGUGGGACGCUG.GCACU

*%%kk*k %095 . 55554455589 %k x**xx*x%x999888888889999999 . *x**99
. BRI ¢ ¢ o 95 5 SRS S A+ Pxxxx=_ .t
A.CGUGcGCGGUCAguUCGUCCU UAUAGCCGCCACG—-.-GAUGAAAGGGCUG.CUCCG
6.777756666666986888888.6666666666666. .. .56899Fk***kk*  kkkk*
Tlii_V_.._+=x= $$.$+_v_::::::__—— -+ ____BPP=x=_.::_::
<< ..__CCCCC.C__>>>>>>>>>,,,.,,,,,,,cccccc,.<<<<<
uuuaggu. .uuGcCug.gggccuaaaggcGAA . aauunaaagaGGCUa. gccuu
**%886. . ... 82682.5. .688k*xxkkx, ., .. ...... 528628. . **x*x8x*
6xO*%2% ., .. .. 01055.5. .%2%x9%6*%99........... 555010..57699

.. 99%,

In this alignment ’bp_cons’ for the pseudoknot is lower and patchier (mostly 2-8, never reaching *)

and ’bp_cov’ is weaker too (0-5):
previous slide.

less consistent evidence for these pairs than for A/a in



Infernal 1.2 development is ongoing

e \We always take feature requests, but now is an especially good time

e Longstanding goal: continue to make Infernal more efficient

— target of using Infernal for 10-35Kb viral genomes to drive development
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