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RNA Secondary Structures - Nearest Neighbor Energy Model
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® Decomposition of Secondary structures s into loops L

e Contributions of a base pair depend on neighboring
pairs
® Each loop L is assigned a free energy contribution
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E(s) =~ Z Er
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lMittaI et al.,, “NNDB: An Expanded Database of Nearest Neighbor Parameters for Predicting Stability of Nucleic Acid Secondary Structures”, 2024, J. Mol.
Biol., 168549



RNA Secondary Structures - Nearest Neighbor Energy Model

G_C
—~ u A c G G| c
o P -1 £ X o 7 o 7 o4
< c c—6 y—a o u
% SO T
N A RSN G
c U A

G

c

c c [ A c
2§ Lpvs By oo s
c G G G A G G u
NN = -6.50 kcal/mol

® Decomposition of Secondary structures s into loops L

e Contributions of a base pair depend on neighboring

pairs
® Each loop L is assigned a free energy contribution

Ert
E(s) =~ Z Er
Les

lMittaI et al.,, “NNDB: An Expanded Database of Nearest Neighbor Parameters for Predicting Stability of Nucleic Acid Secondary Structures”, 2024, J. Mol.

Biol., 168549

Soft constraints allow for adding
pseudo energy terms E}"
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RNA Modifications - Status Quo of the ViennaRNA Package 2

Built-in modifications: Available through JSON files:
® inosine (/) e m'¥ (in silico)
® pseudouridine (V) ® m>C (in silico)
e mbA Prevent base pairing (hard constraints):
® 7-deaza-adenosine (7DA) e mtA
® purine (a.k.a. nebularine) e m!G
e dihydrouridine (D) (in silico) ® m3G (Wobble pairing allowed)
o m3U
* m§A
* acp’W

Energy parameters are incomplete and mostly restricted to base pair stacking

2Varenyl»(, Y., Spicher, T., Hofacker, I.L, Lorenz, R., "Modified RNAs and predictions with the ViennaRNA Package”, Bioinformatics, Nov. 2023



Using existing NN parameters on tRNA
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tRNA Databases

tRNAdb 20093
t-psi-c database®

Modomics database®

874 sequences with at least one annotated modifications
Aligned with infernal, according to the tRNAdb alignment (Sprinzl)

3J'Lih|ing, Frank, et al. "tRNAdb 2009: compilation of tRNA sequences and tRNA genes.” Nucleic acids research 37.suppl 1 (2009).

4Sajek, Marcin Piotr, et al. " T-psi-C: user friendly database of tRNA sequences and structures.” Nucleic acids research 48.D1 (2020).

Cappannini, Andrea, et al. "MODOMICS: a database of RNA modifications and related information. 2023 update.” Nucleic Acids Research 52.D1 (2024).



Modifications Overview
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How well are predictions performing on our dataset?

® Base pair distance
® Minimum number of changes from MFE to target
® Ensemble defect
® Average dissimilarity of the ensemble to a given target structure

504 0.8 4 ® L] 8
2
8 8
0.7 4 8
§
40 8

°
3 agos
[} 8 s
Y30 2 Los
8 o
0 5 04
° €
a 20 I IS E—
o Qo3
C
w

T
I
I
]
|
I
|
T
|
I
I
]
|
I
I
|
T
I
I
I
|
1
T
|
|
|
|
|
|
|
|
T
I
1

o =}
= [N}

o
=}

HC existing Unmodified HC existing Unmodified
parameters params



A PPV

0.05

0.00

—0.05 1

How well are predictions performing on our dataset?

HH

~0.05

0.00 0.05
A Sensitivity

0.10

0.15

all mod sites HC

all known energies
and RT blocking bases



A PPV

0.05

0.00

—0.05 1

How well are predictions performing on our dataset?

3

~0.05

0.00 0.05
A Sensitivity

0.10

0.15

all mod sites HC

all known energies
and RT blocking bases

W HC
W (expt)



A PPV

0.05

0.00

—0.05 1

How well are predictions performing on our dataset?

3

~0.05

0.00 0.05
A Sensitivity

0.10

0.15

all mod sites HC

all known energies
and RT blocking bases

W HC
W (expt)
D (in silico)



A PPV

How well are predictions performing on our dataset?
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A PPV

How well are predictions performing on our dataset?
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How can we extract energy parameters for modified bases?

Experiments
® UV melting approach

® expensive and time-consuming
® Availability of modifications can be a problem




How can we extract energy parameters for modified bases?

Experiment

® Fluorophore-quencher approach®

® up to 100 times less material
® Drastic reduction of the costs

® Availability of modifications can be a problem

Khosravi, Spicher, et al. " Systematic measurement of thermodynamic nearest-neighbor parameters for Inosine-containing double-stranded RNAs using a
fluorophore-quencher-based approach” (submitted).



How can we extract energy parameters for modified bases?

Experiment

® Fluorophore-quencher approach®

® up to 100 times less material
® Drastic reduction of the costs

® Availability of modifications can be a problem

Temperature ¢

Computational methods
Coarse grained modeling Molecular dynamics
| 2
7 gff g N, ® No solvent
V/ < ® Less degrees of freedom

%Qf ¥ ® | ower computational
5GGC‘§© P

3CCG5 costs

® Solvent
® Higher computational costs

® Fewer approximations

e Complex to set-up

Khosravi, Spicher, et al. " Systematic measurement of thermodynamic nearest-neighbor parameters for Inosine-containing double-stranded RNAs using a
fluorophore-quencher-based approach” (submitted).



RECCES’ Simulation

Simulated tempering ® Monte Carlo simulation
| P PEN A ® Temperature changes during the simulation
J“‘ A il ® To overcome energy barriers
T=420K  T-900K T=9000K| o FEpergy function

® Combination of Physics- and knowledge-based terms

WHAM
AG = G(folded) — G(unfolded)
¢ {2 5
fﬁ’ \v:_ @‘/Q
" b W == 34@\
Density of states 5GGCT  5GCCH 5GGC3
3'CCGE”
5'GGC
A6(3E8¢) -
AG DH 5'GGC) B
G(3’CCG) G(GGC) — G(CCG)

7Chou et al., "Blind tests of RNAnearest-neighbor energy prediction”, 2016 Proceedings of the National Academy of Sciences, 113(30), 8430-8435.
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Karwounopoulos et al. "Relative binding free energy calculations with transformato: A molecular dynamics engine-independent tool.” Frontiers in Molecular

Biosciences 9 (2022)

Transformato®



Thermodynamic cycle from Transformato®

e Construction of an alchemical path

GCGGC GCIGC
+ — [Dssul-Reec Rec[Dssml €— +
CGCCG CGCCG
SSRNA, e “ssRNA,,
: AGSSu—m AAC;urmmd—wnod = AG(mocl - AC;urmwd
AGunmod AGmod = AGpsu—sm — AGssu—s5m
v AGDSu—sm v
GSRNA et  dsRNA .
. A " calculated by the Multistate Bennett
ggggg — [Dps.-Rec Rec-[Dos] €¢— ggégg Acceptance Ratio

8 . - . . . - " . .
Karwounopoulos et al. " Relative binding free energy calculations with transformato: A molecular dynamics engine-independent tool.” Frontiers in Molecular
Biosciences 9 (2022)
10



Thermodynamic cycle from Transformato®

Lo Lo

( _’ (ﬂ (ﬁmiﬁ\/ﬁlﬂv)}” e Construction of an alchemical path

GCGGC GCIGC ® Maximum common substructure
+  —[Dgsy]-Rec Rec[Dssmle—  +

CGCCaG CGCCG

SSRNA, e e "'ssRNAm
ACsSu-m AAGunmod—mod = AGmod — AGunmod
H B - AGDSuHm - AGSSu%Sm
H ACDSusm H

EWA doRTA calculated by the Multistate Bennett
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Karwounopoulos et al. "Relative binding free energy calculations with transformato: A molecular dynamics engine-independent tool.” Frontiers in Molecular
Biosciences 9 (2022)
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RMSD for the different stacking parameter sets

Dihydrouridine (D)

Pseudouridine (¥)

unmodified MD unmodified expt RECCES
expt 1.066
MD 1.353
RECCES 0.846 0848 Mo o5 10 1.106
- 1 Inosine (1)
N1-Methylpseudouridine (m ™ ¥)
unmodified expt MD Dutta unmodified (G) expt UV expt FQ RECCES
expt UV 1.052
expt 0.520
expt FQ 0.821 0.594
MD Dutta 0.632  0.429 RECCES 0.950 0.680 0.480
RECCES 0.665 0.910 0.966 MD 0.954 0.487 0.332 0.402
. 6
N6-methyladenosine (m _A) N2-methylguanosine (m2G) 5-methyluridine (m°U)
unmodified  expt RECCES unmodified  RECCES unmodified  RECCES
O Loss RECCES 2.202 RECCES 0.861
0283 0.505 1303 MD 0.492 1.975 MD 0.481 1.016

11
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Ensemble defect
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Conclusion

We can now fold RNA secondary structures with modified nucleotides
® On tRNA, using the modification information improves the prediction
® Some modifications appear to be there for the correct folding
The improvement is smaller than we hoped
® Many modifications have no parameters at all
® The parameters that exist are mostly incomplete
® Larger errors than the canonical Turner set for experimental and computational data
The gap is closing: m5A essentially complete, preprints for ¥ and m!'W¥
Folding with modifications lets us ask which ones matter — in tRNA and beyond
® So far: base-pair-blocking modifications and D dominate tRNA folding
® But most of the information is still missing

14
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