
Se
ondary Stru
ture DeterminationIf tertiary stru
ture is available, se
ondary stru
ture is trivial to obtain:

Tertiary stru
ture of yeast phenylalaninetRNA
⇒

Se
ondary stru
ture of yeastphenylalanine tRNA
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Comparative Stru
ture DeterminationComplementarity has to be preservedfor base pairing positions, so analigned set of homologous sequen
esshould exhibit 
ompensatingmutations.Standard way of measuring
ompensation is by mutualinformation:

Mij =
∑

x,y

fx,i;y,j log2

fx,i;y,j

fx,ify,jwhere fx,i is fra
tion of sequen
es having base
x in alignment 
olumn i and fx,i;y,j is fra
tionof sequen
es simultaneously having base x in
olumn i and base y in 
olumn j. Mutual informationin T domainEx
ellent if good alignment of many sequen
es is available.RNA Se
ondary Stru
ture � 8/42



NotationWe will use a graphi
al notation to spe
ify stru
tural parts. Zigzagged linesindi
ates a de�nite base pairing, while dashed lines just delimits a regionwhere the �anking bases may, or may not, be paired, but where no baseinside the region forms a base pair with a base outside the region.

i j Base pairing of bases i and j

i j Bases i and j not ne
essarily base paired

i j

(Optimal) stru
ture on substring between bases i and jwith bases i and j base paired
i j

(Optimal) stru
ture on substring between bases i and j

i j

Stru
ture on substring between bases i and j only 
on-taining the base pair i · j

i j Empty stru
ture on substring between bases i and j
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Predi
tion by Maximum Number of Base PairsThe hydrogen bonds formed by base pairs stabilise RNA stru
tures � so a�rst attempt at stru
ture predi
tion would be a stru
ture with a maximumnumber of base pairs.We might not know how su
h a stru
ture looks, but for any stru
ture either

1 2 n 1 k nFirst base is unpaired First base pairs with some other baseSo for a sequen
e s = s1s2 . . . sn the maximum number of base pairs is

• maximum number of base pairs for s′ = s2 . . . sn or
• 1 + max # of b.p. of s′ = s2 . . . sk−1 + max # of b.p. for s′′ = sk+1 . . . sn,for some k su
h that s1 and sk 
an form a base pairSe
ondary Stru
ture Predi
tion � 9/42



Re
ursive AlgorithmFa
t: Two bases separated by less than three bases 
annot form a base pair.With at most four bases, the maximum number of base pairs is thus zero.Otherwise, we 
an use the re
ursive breakdown of the previous overhead.

i j

=







0 if i > j − 4

max

{

i + 1 j

, 1 + max
i+4≤k≤j

i·k

{

i + 1 k − 1

+
k + 1 j

}}

maxbp(s, i, j)if i > j − 4 then
m = 0else

m = maxbp(s, i + 1, j)for k = i + 4 to j doif si and sk 
an form a base pair then
m = max{m, 1 +maxbp(s, i + 1, k − 1) +maxbp(s, k + 1, j)}return m Se
ondary Stru
ture Predi
tion � 11/42



Algorithm Applied to Yeast tRNAPhe
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Counting Hydrogen Bonds

C ·G base pairs are more stable than A ·U base pairs as the former have threehydrogen bonds and the latter only two. G · U base pairs are even less stable.S
oring C · G base pairs 3, A · U base pairs 2, and G · U base pairs 1, thehighest s
oring stru
ture is
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Base Pair Sta
king

You might already have noti
ed thatmost of the base pairs for tRNA
lumped together as 
onse
utive basepairs.An isolated base pair usuallydestabilises a stru
ture � several basepairs sta
king next to ea
h other arerequired for stability.
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Base Pair Sta
king

You might already have noti
ed that most ofthe base pairs for tRNA 
lumped together as
onse
utive base pairs.An isolated base pair usually destabilises astru
ture � several base pairs sta
king next toea
h other are required for stability.
i j

=







0 if i > j − 4

max

{

i + 1 j

, max
i+4≤k≤j

{

i k

+
k + 1 j

}}

i j

=







−∞ if si and sj 
annot form a base pair
max

{

i + 1 j − 1

, 1+
i + 1 j − 1

}}
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Base Pair Sta
king Predi
tion for Yeast tRNAPhe
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. . . with Hydrogen Bond Counting
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Loops
✮Hairpin loop

☛

Hairpin loop✠

Bulge
✠

Multibran
hed loop

✒Internal loop✒External base
■Sta
ked pairs

︸ ︷︷ ︸Helix

Over the last two and a half de
ades in
reasingly better data for the stabilityof various loops (measured in free energy) has been obtained.
V [i, j] = max

k≥0
i<i1<j1<...<ik<jk<j

{

score (i · j; i1 · j1, . . . , ik · jk) +
k∑

l=1

V [il, jl]

}
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Energy Fun
tions
eS

( )

= tabulated for all 
ombinations of base pairs

eH

( )

= size

( )

+stacking
( )

eL













=

size ( ) + stacking
( )

+

stacking
( )

+ Ninio



 ,





eM













= a+b·#( )+c·#( )+
∑

stacking
( )
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Mfold Re
ursionsWe 
an now formulate re
ursions for 
omputing the minimum free energy ofany stru
ture for a given sequen
e.

1 i

wx(1, i)

= min

{

1 i

, min
j

{

1 ij

}}

i j

vx(i, j)

= min

{

i j

, min
k,l

{

i jk l

}

, min
k

{

i jk

}}

i j

wxI(i, j)

= min

{

i j

,
i j

,
i j

, min
k

{

i jk

}
}

Current energy parameters allows predi
tions that on average �nd between

56% and 70% of the base pairs in known stru
tures. Energy Based Predi
tion � 20/42



The Mfold Server

Available at http://mfold.bioinfo.rpi.edu/
gi-bin/rna-form1.
giEnergy Based Predi
tion � 21/42



Mfold Predi
tions
plt22ps by D. Stewart and M. Zuker

© 2002   Washington University
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Yes, it is still that yeast tRNAPhe. . .
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Suboptimal Stru
turesJust as we 
an 
ompute the minimum energy of any stru
ture betweenpositions i and j and 
ontaining i · j, we 
an 
ompute the minimum energy ofany stru
ture ex
luding the positions between i and j and 
ontaining i · j.

i j1 n

vx(j, i)

+

i j

vx(i, j)

=

i j1 n

Note: Everything 
an still be handled in spa
e O
(
n2
) and time O

(
n3
).
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Boltzmann DistributionsFor a system that 
an be in di�erent states, the probability of it being in aparti
ular state with energy E is e−E/k·TExample: Assume two magnets that 
an ea
h be in one of two alignments

E/k · T = 0Pr = 1
3

E/k · T = ln(2)Pr = 1
6

E/k · T = ln(2)Pr = 1
6︸ ︷︷ ︸Pr= 1

3

E/k · T = 0Pr = 1
3

If we 
annot distinguish between the magnets the two states with oppositealignments merge to one superstate
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The Full Partition Fun
tionOur energy model de�nes a probability distribution on se
ondary stru
turesThe partition fun
tion is the sum of Boltzmann terms from all stru
tures

1 i

wx(1, i)

=
1 i

+
∑

j 1 ij

i j

vx(i, j)

=
i j

+
∑

k,l i jk l

+

i j

i j

wx1(i, j)

=
∑

k i jk

+
i j

i j

wx2(i, j)

=
i j

+
∑

k i jk

+
∑

k i jk Energy Based Predi
tion � 25/42



Base Pair Boltzmann ProbabilityThe probability of observing a base pair is the probability of observing astru
ture 
ontaining that base pairJust as we 
an 
ompute the full partition fun
tion for stru
tures betweenpositions i and j and 
ontaining i · j, we 
an 
ompute the full partitionfun
tion for stru
tures ex
luding the positions between i and j and
ontaining i · j.
i j1 n

vx(j, i)

·

i j

vx(i, j)

=

i j1 n

Hen
e, Pr(i · j) = vx(i, j) · vx(j, i)/wx(1, n)Note: Everything 
an still be handled in spa
e O
(
n2
) and time O

(
n3
).
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