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Abstract: The thermodynamics of RNA secondary structure formation in small model
systems provides a database for predicting RNA structure from sequence. Methods for
making these measurements are reviewed with emphasis on optical methods and treatment
of experimental errors. Analysis of experimental resultsin terms of simple nearest-neighbor
models is presented. Some measured sequence dependences of non-Watson-Crick motifs
are discussed. © 1998 John Wiley & Sons, Inc. Biopoly 44: 309-319, 1997
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INTRODUCTION

Interest in RNA structure has been sparked by the
discovery of catalytic functions for RNA,* 3 the tar-
geting of RNA by therapeutics designed to bind
by base pairing,>~® and the explosion in available
sequence information.” Three-dimensional struc-
tures determined by x-ray crystallography and nmr
reveal that RNA can form a myriad of different
shapes.® In principle, it is possible to predict the
equilibrium shape of an RNA from thermodynamic
principles. In practice, our limited knowledge of the
details of RNA interactions and energetics prevents
this. A major step toward generating the required
knowledge base is an understanding of the thermo-
dynamics of secondary structure formation. The
secondary structure provides the largest constraint
on possible three-dimensiona foldings of an RNA
chain. Determination of a secondary structure per-
mits selection of motifs suitable for three dimen-
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siona structure analysis, insights into structure—
function relationships, and leads for designing po-
tential therapeutics. In addition, the interactions
determining secondary structure are probably im-
portant for determining three dimensional structure.
Thus a major goal of thermodynamic studies of
RNA isto provide a knowledge base able to predict
secondary structure from sequence. Even this is a
daunting task. As illustrated in Figure 1, there are
many different motifs in an RNA secondary struc-
ture, and the number of possible sequence combina-
tions for most motifsis large. Thus thermodynamic
studies attempt to provide models both simple
enough to use and good enough to provide reason-
able approximations. Most thermodynamic studies
on RNA have investigated secondary structure for-
mation in oligonucleotides. Here we review the ex-
perimental details of these measurements, some re-
cent results, and the concomitant progress toward
structure prediction. We focus on free energy

CCC 0006-3525/98/030309-11
309



310 Santal.ucia and Turner

(2]

U
tandem mismatch . ¢
. U—aA
internal loop c=o \ AGAAAGAG
AZh hairpin-—-—> NN
T~ A°G Gcuuucuc
GO
I-»-Au_ﬁw loops P9
6 A ety \ A
Uu—a A -y
A2y : 2]
P5a G—c¢C G“"g Uc Uy 3 lLJJ
U—A -
A S-C PS5 5 ¢ P10 G- U pog
S-c U o _ A U=A bulge
. . AA—U OITC - G I_l /
Junction ¢ s A gls A4/ v—a.
A A P1 - c—G
Ay—a A G 8:3 U—A p7
Psc ¢-c v-e __AZd 8§
ua c—6 -a, -
UAGCCCUGGG u A P4 g:g . k5 /U »i
AA|.| 1 I eZ¢ A > A G
UUG,GCC g 4 ?_UJ u A
U-*G A & A_Y
G~C ¢ cTg
u—-a P6 G UV < Uu-G
c—a¢ C—G AA < G g~¢ P3
G+ U C A A Uu—A
Psb AU A G K=y
c—gY A G Bt — & ;
A—U G+ U T . —h—Cc-¢ coaxial
FOIRS YZA P6a oA N
. AA c=o AN Ty stack
internal Uy G-y &+ 5
—_— G—C _
loops AL R G- 0
P G+ U cC—G A A—U
sy 0—a P21 AZY
G-U P6b AR G- u
A—U U-G -4 P8
u u G~ ¢ c—a
uu G U-G
L\’ U= A
A A 8-
A—U
8:8 ACG
iy
C—G P2
G—C
Uu—A
GAAA

FIGURE 1 The secondary structure of the group | intron of mouse-derived Pneumocystis
carinii.” Arrows indicate motifs that are found in the secondary structures of many different
biologically important RNAs for which more thermodynamic data are required to improve

secondary structure predictions.

changes associated with secondary structure forma-
tion at 37°C, AG3,;, since these are the most im-
portant parameters for structure prediction at the
temperature of the human body. A review of various
thermodynamic parameters for particular motifs
along with examples of typical applications has re-
cently been presented.’

MEASUREMENT OF THERMODYNAMIC
PARAMETERS

In this section, methods for measuring thermody-
namic parameters for secondary structure formation

are discussed, along with considerations important
for error analysis. Emphasis is placed on measure-
ments by optical melting methods since they pro-
vide accurate AGS; parameters and are fast enough
to allow studies of a large range of motifs and se-
quences.

Experimental Methods

Comparison of Optical Melting and Calorime-
try. Two widely used methods for determining nu-
cleic acid thermodynamics are absorbance melting
curves'®* and microcalorimetry, including differen-



tial scanning calorimetry (DSC) and isothermal ti-
tration calorimetry.*? Both methods have distinct ad-
vantages and disadvantages and are complementary.
Optical detection of thermal denaturation offers the
advantages of high sensitivity so that small sample
sizes are required; typically ~ 3 A260 units are
required for a full set of measurements on a se-
quence. Vaues of AH® and AS can be derived
from atwo-state van't Hoff analysis of optical melt-
ing data for oligonucleotide samples'®**~*¢ and the
standard errors in AH® and AS’ are typically about
5-8%. Due to compensating errors in AH® and
AS Y a van't Hoff analysis of optical melting
curves provides very precise measurements of
AG§; (standard error + 2—5%) and melting temper-
ature, Ty (x0.5-1°C; see below). Vaues of AG®
are particularly accurate near the Ty, so that se-
quences are often designed to melt near 37°C. Even
the AG® value for a duplex that does not meltin a
two-state manner, (A,U-),, appears to be reasonably
accurate near the Ty, of the measurement.®

Microcalorimetry offers the advantages that tran-
sition enthalpy changes are directly measured, are
model independent, and with recent improvements
in instrument design, are accurate to 2—-5%. Calo-
rimetric methods, however, require substantially
larger sample sizes, typically 20—50 A260 units for
afull set of measurements on a sequence. In DSC,
the excess heat capacity AC, of the cell with nucleic
acid minus the matched control cell with only
buffer, is plotted vs the temperature and the area
between this curve and the baseline provides the
AH? for the unfolding of the nucleic acid. The same
data can be used in a plot of AC/T vs T, and the
area between this curve and the baseline provides
AS’ for the unfolding. While accurate AH® and AS’
are generally obtained from DSC, the errorsin AH°
and AS are apparently uncorrelated and therefore
large errors in AG3; and Ty, are possible. Thus the
calorimetric AH° is often used in conjunction with
the Ty, determined from calorimetry or optical melt-
ing and the oligonuclectide concentration to obtain
the entropy for the reaction from

AGE = AH° — TAS 1)

where AG° at the Ty eguals RTy In C; for self-
complementary duplexes and RTy In(C:/4) for
nonself-complementary duplexes. This amounts to
applying the two-state approximation to the data.

Optical Meting. The simplest way to derive ther-
modynamic parameters from optical melting datais
to apply a van't Hoff analysis to the data, though
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more rigorous approaches can also be applied.?#
Thermodynamic parameters for duplex formation
are obtained from absorbance vs temperature melt-
ing curves by two methods: (1) the shape of individ-
ua curves are fit and (2) for self-complementary
duplex formation, the Ty is measured at severa
different oligonucleotide concentrations C; and fit
to Eq. (2) by plotting reciprocal melting tempera-
ture (Tyh) vsIn Cr.%2

Tl = (RAHY)IN Cr + ASIAH® ()

For nonself-complementary duplexes, Crisreplaced
by C./4. Both methods assume that the equilibrium
involves only two states, duplex and random coil.
The difference in standard state heat capacities
AC; of the duplex and random coil statesis usually
assumed to be zero.'®*** There is evidence that
AC; is usually small for short oligonucleotides.*
Recent work, however, suggests that the integrated
van't Hoff equation should be applied in fitting
curves and 1/Ty vs In C; plots, though the typical
noise level in optical melting experiments may not
justify this treatment.’®**'*% The details of one
commonly used program for fitting optical melting
curves was published recently.*®

Criteria for Testing the Validity of the Two-State
Approximation. The criterion typically used to in-
dicate two-state behavior is agreement between the
AH° obtained by different methods that depend dif-
ferently on the two-state approximation.’®*2
Agreement within 10% of AH° parameters from a
LTy vs In C; plot and from fits of the shapes of
melting curves is generally regarded as required for
a two-state transition,?? though caution is recom-
mended. This criterion suggests the standard error
inthevan't Hoff AH° parametersfrom optical melt-
ing is about 5-8%. In most cases that have been
studied by both optical melting and calorimetry, the
AH%s are in agreement if the two ways of analy-
zing the optical data give the same value within
10%_23,24,29

Agreement between enthalpy changes deter-
mined by different methods is a necessary but not
a sufficient criterion to definitively establish two-
state behavior.?”*° For example, the AH° parameters
from a /Ty vsiIn C; plot and from fits of the shapes
of optical melting curves agree within 10% for the
single strand to duplex transition for the self-com-
plementary DNA sequence (CGTTGCGTAACG),,
yet the temperature dependence of nmr spectra and
comparison of this sequence with thermodynamics
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for other sequences revealed that it actualy melts
through a hairpin intermediate.*® An alternative cri-
terion for two-state thermodynamics is to compare
the enthal py changes from optical melting and calo-
rimetry.*#2% For transitions with large AC3, it ap-
pears that van't Hoff analyses and calorimetric data
provide systematically different AH°® parameters
and the possible origins of these differences have
been recently reviewed.'®*® Even agreement be-
tween van't Hoff analysis of optical melting and
calorimetry does not guarantee a two-state transi-
tion. The AH*s for the DNA duplex, (GCGTAC-
GCATGCG:- CGCATGTGTACGC), are in agree-
ment, but the transition is not two state as evidenced
by the melting of the individual single strands.***
Known exceptions of this type are rare, however.

In cases where the AH° parameters from differ-
ent methods have margina agreement (e.g., agree-
ment of =20% of AH° from fits of the curve shapes
and from a /Ty, vs In C; plot), the data from the
1Ty vs In C; plot appear to be more reliable since
these data generally agree with the calorimetrically
determined AH°.?° Previous work has indicated that
the Ty is relatively insensitive to nontwo-state be-
havior and to the choice of baselines.’*®

A van't Hoff analysis of optica melting data can-
not be used to reliably measure the thermodynamics
of molecules with nontwo-gtate transitions. Usualy,
however, it is possible to design oligonucleotides to
minimize possibilities for aternative structures. Since
long self-complementary sequences have a tendency
to form hairpin intermediates, it is generaly advisable
to use short or nonsdf-complementary sequences
whenever possible. In genera, a van't Hoff anadysis
of optica melting data provides reliable AH®, AS,

and AG3; parameters for carefully designed duplexes
that are shorter than 16 base pairs.

Error Analysis for Experiments

Experimental Errorsin AH® and AS’. The main
sources of errors in optical melting are (1) signal-
to-noise ratio of the data, (2) random errors due to
fluctuations in sample preparation (e.g., oligonucle-
otide concentration, purity, volume, salt concentra-
tion, pH, errors in mixing, etc.), (3) systematic er-
rors due to incorrect instrument calibration, (4) sys-
tematic errors introduced as a result of poor
oligonucleotide design (e.g., a sequence that can
form intermediates), (5) systematic errors due to
incorrect assignment of baselines, and (6) system-
atic errors due to imposing the two-state approxima-

tion and from assuming that ACj is zero. An im-

portant distinction is the difference between preci-
sion, which reflects the experimental reproducibility
of the data, and accuracy, which reflects how well
the experimental measurement agrees with the real
value if a perfect measurement were made.* The
first two sources of error are easy to quantify by
simply reproducing one’ sdata or analyzing the sam-
pling error in a /Ty, vs In C; plot or the sampling
error in the fitted data. The theory for determining
sampling errors in the AG3;, AH®, and AS’ from
the linear regression of the 1/T, vsIn C; plot using
standard statistical analysis** has been previously
described.’” The best method to quantify systematic
errors (numbers 3—6 above) is to compare thermo-
dynamic measurements on the same oligonucleo-
tides that were independently determined from dif-
ferent laboratories utilizing different instrumenta-
tion and techniques. For DNA duplexes, an estimate
for systematic errors 3 and 5 can be derived from
results on three sequences (CGATATCG, GAA-
GCTTC, and GGAATTCC) that have been indepen-
dently measured by two groups.***>* The average
deviations for AG;, AH®, AS, and Ty, for these
sequences are 3%, 6%, 6%, and 1.0°C, respectively.
These differences provide reasonable expectations
for systematic errors 3 and 5.

Propagation of errorsin AH® and AS’ to AGS%,
and Ty. It is important to understand how errors
in AH®° and AS propagate to give the error in
AG3;. Experimental AH® and AS parameters are
not independently determined, but instead are
highly correlated, with a typical RZ > 0.99.0%°%
This enthalpy—entropy compensation results in er-
rors in AGS, that are much smaller than what
would be expected if AH®° and AS’ were uncorre-
lated. Equation 4.8 of Bevington® provides the
equation for error propagation for ageneral function
x = f(u, v):

(09)? = (0)(OXIOU)? + (0,)(OXIOv)?
+ 2(0w)*(OXOU)(OXIv)  (3)
Performing the appropriate differentiation of Eq. (1)

and substitution into Eq. (3) gives the equation for
the propagation of error from AH® and AS’, oaw

and o as, to give the error in AG3;, o ac;, (Ref. 17):
(UAG"37)2 = (O'AH")2 + TZ(UAS’)Z - ZT(UAH"AS’)Z (4)

where (o aas)? IS the covariance between AH° and
AS, and T is 310.15 K. An dternative equation ex-



presses the covariance in terms of the correlation co-
efficient of a plot of AH° vs AS, Raweas (Ref. 36):

(o AG°37)2

= (UAH°)2 + TZ(JAS“)Z — 2T(Rawas)oanoas  (5)

Performing the appropriate differentiation of Eq.
(2) and substitution into Eqg. (3) gives the equation
for the propagation of o, and oas, to give the
error in Ty, or,, (Ref. 30):

O—-er = (JAH°TM/AHO)2 + (O'AS:T%'/AHO)Z

- 2T:I\SARAH°AS‘O'AH°UAS’/(AHO)2 (6)

This equation assumes that there is negligible error
in the In C; term. Thisis reasonable because a 10%
error in C; propagates to a 1% error in In C; at
oligonucleotide concentrations in the range of
10 °M. The enthal py—entropy compensation effect
is evident in the high quality of predictions made
for AGS, and Ty, 3%

Sequence Dependence of Watson-
Crick Pairs

In known secondary structures of RNA, the average
length of helices containing all Watson—Crick pairs
isroughly 6 base pairs,®” but awide range in length
is found. With current technology, it is not possible
to measure thermodynamic parameters for all possi-
ble helixes containing only Watson—Crick base
pairs. Thus models have been developed to predict
the thermodynamics of helix formation from alim-
ited set of measurements. A simple base-pairing
model is not adequate. For example, at 37°C, the
free energy changes of duplex formation for two
helixes which each contain six GC pairs, (GCC-
GGCp), and (CGCGCGp),, are —11.2 and —9.1
kcal/mol, respectively.® Thus, nearest-neighbor
models have been developed in which the thermo-
dynamic parameters are dependent on the base-pair
doublets present in a sequence.?***3%4° Experimen-
tal tests of the nearest-neighbor model indicate that
it is also an approximation. For example, for two
duplexes with identical nearest-neighbor composi-
tion, (CAGCUG), and (CUGCAG),, AGS;' s of du-
plex formation are —6.7 and —7.1 kcal/mol, respec-
tively.* The average difference in AG$; for nine
such pairs was 6%, suggesting a nearest-neighbor
model is often reasonable.** Two such models are
described below.
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Model of Borer et al.? The most popular nearest-
neighbor mode for predicting stabilities of RNA du-
plexes with only Watson—Crick pairs is that proposed
by Borer e a.” For any given property, eg., AG,
there are 12 parameters in the model: one for each of
the 10 different doublets of Watson—Crick pars, one
for duplex initiation when the helix has at least one
GC pair, and one for duplex initiation when the hdix
has only AU pairs. The modd is easy to apply, as
illugtrated in Figure 2A. Parametersfor the 10 Watson—
Crick doublets and for initiation with at least one GC
have been determined based on optica melting studies
of 45 duplexes™ For these 45 sequences, the difference
between measured and predicted AG3; is 4% or 0.3
kcal/mol on average. Thisis similar to the agreement in
experimentd vaues for duplexes with the same nearest
neighbors.*

In the model of Borer et al., terminal and internal
nearest neighbors are considered equivdent. Gray has
pointed out that if termina base pairs are different,
then 14 parameters are required to model the sequence
dependence of stability.* Due to sequence con-
graints, however, only 12 parameters can be deter-
mined experimentaly.® Based on Gray's work,
Allawi and Santalucia® have revised the Borer et
a.? modd so that the initiation parameter depends
on the identities of the termina base pairs. In this
model, theinitiation parameter includes both initiation
and correction terms for any difference between inter-
nal and terminal base pairs (see Figure 2B). This
model has been applied to duplex formation by DNA
oligonucleotides.® Application to the RNA data set
of Freier et al.*® gives an average difference between

measured and predicted AGS;'s of 3% or 0.2 kcal/
mol, dightly better than the results with the Borer et
a.? modd.” The Freier et a.”® data set, however,
contains no sequences with only AU pairs, so a com-
parison of the full Borer et . model with 12 parame-
ters to the 12 parameter model of Allawi and Santa
Lucia® is not yet possible.

Extensions from simple nearest neighbor to other
models can also be envisaged. For example, with
enough data, the model of Borer et a.?? can be
extended to make all termina doublets different
from internal doublets. In such an expanded model,
however, it is necessary to make at least 3 assump-
tions about the relative magnitudes of parameters.
Extensionsto abase triplet model (i.e., next nearest-
neighbor model) are also possible.** Such models
would account for expected nonnearest-neighbor ef-
fects on base stacking in single strands. The simple
doublet model, however, gives reasonable approxi-
mations for stahilities of duplexes containing only
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A) Borer et al. (22)

Ll
C-G-U-U-G-A 3’

* *k k Kk Kk %

G-C-A-A-C-U 5*

AG®3; (Total) = AG®;;(CG/GC) + AG’3;;(GU/CA) + AG°,(UU/AR) + AG®;; (UG/AC)

+ AG°37 (GA/CU) + AG°3;(init at GC) + AG 3,{sym)

B) Allawi & SantaLucia (30)

AG®3; (Total) = AG®;;(CG/GC) + AG°3; (GU/CA) + AG®s, (UU/AA) + AG®s, (UG/AC)

+ AG°;; (GA/CU) + AG’3;(init. w/ term. G-C)

+ AG%, (init. w/ term. A-U) + AG ;;(sym)

C) Gray (40)

AG®;; (Total) = AG°;,(ECGE’/E'GCE) + AG°;; (EGUE’/E’'CAE) + AG’;,(EUUE’/E’AAE)

+ AG°3; (EUGE’ /E'ACE) + AG’;,(EGAE’/E'CUE) - 2 AG°;, (ECE’/E’GE)

- 2 AG%,(EUE’ /E’AE) + AG 3;{sym)

FIGURE 2 Application of three nearest-neighbor models for the prediction of AG3, for the
duplex CGUUGA - UCAACC. The arrows point to the middle of each nearest-neighbor dimer.
In the equations, a slash, (/) indicates hydrogen bonding between strands in antiparallel orienta-
tion. (A) The model of Borer et al.? with one initiation parameter per helix and 10 nearest
neighbors. (B) The model of Allawi and Santalucia® with two initiation parameters per helix
and 10 nearest neighbors. (C) The model of Gray.” E and E’ indicate the 5’ and the 3’ ends
of the strands, respectively. Although based on different underlying physical models, the models
of Allawi and Santalucia® and Gray® are Statistically equivalent and always make equal
predictions. Note that AGs; (sym) is zero for any nonself-complementary sequence, including

the one shown.

Watson—Crick pairs. In contrast, as described later,
good approximations are not available for many
other secondary structure motifs.

Model of Gray.” Based on a nearest-neighbor
model developed by Gray and Tinoco™ for spectro-
scopic properties of nucleic acids, and extended to
thermodynamic properties,®*** Gray* has provided
an alternative analysis for thermodynamic proper-
ties of duplex formation. This model uses 12 para-
meters associated with ‘‘independent short se-
guences.”’ These 12 parameters are combinations
of the 14 parameters in the model, since only 12
parameters can be determined because sequence

constraints limit the number of possibleindependent
equations.”’ The 12 available parameters can be par-
titioned in different ways.*® For duplex formation,
Gray has chosen a set consisting of base pairs and
base pair doublets with ends, e.g., EGE'/ECE’, a
base pair with ends, and ECAE'/EUGE’, a base-
pair doublet with ends. An application of this model
isshown in Figure 2C. Application of Gray’s model
to the RNA data of Freier et al.™® gives an average
difference between measured and predicted
AGS;'s of 3% or 0.2 kcal/moal. Although based on
different underlying physical models, the Allawi
and Santal_ucia® and Gray*® models are statistically
equivalent and always make equal predictions.



Propagation of Experimental Errorsto the Nearest
Neighbor Parameters for Watson—Crick Pairs. It
is important to consider how experimental errorsin
measured thermodynamics propagate to the nearest-
neighbor (NN) parameters described above. Con-
sider a 10 base pair duplex, with 9 nearest-neighbor
interactions and an initiation parameter. The tota
error is thus:

2 _ 2 2 2, ... 2 2
(Orot)” = 01 + 03 + 05 + + 09 + Cinit

+ covariance terms among ony and ot

Our experience is that the different NN errors (o,
through o) are usually similar in magnitude for a
set of oligonucleotides with even representation of
the different nearest neighbors, that the error from
oinir 1S €ssentially completely canceled by its covari-
ation with the NN errors, and that covariances be-
tween the neighbors are negligible.** Thus, we get
(07o)? = 90? for adecamer duplex. Assuming that
this 10 base pair duplex had a AGS; of 10 kcal/mol
and an error of 5%, then the expected average error
contribution from each NN is ony = *0.5 keca/
mol/(9)¥? = +0.17 kcal/mol. If we were to make
measurements on 100 different oligonucleotides,
then the average error would follow the expected
U(N — v)** dependence [see Ref. 33, Egs. (5)—
(13)], where N is the number of experimental mea-
surements and v is the number of parameters deter-
mined from the data (in this case v = 11 because
there are 10 NN and an initiation parameter). For a
set of 100 measurements, the expected error for
each nearest-neighbor parameter is oy = +0.17
kcal/mol/(100 — 11)? = +0.02 kcal/mol. A real
calculation of the propagated errors would weight
each experimental value in the fit according to the
actual experimental error and covariation among the
NN would need to be accounted for. The method
of singular value decomposition does all of thisin
afashion that is transparent to the user, but is rigor-
ously correct.*® This example illustrates the value
of performing a large number of measurements to
reduce uncertainties in NN parameters. The magni-
tudes of propagated nearest-neighbor errors are veri-
fied from a resampling analysis of the data set,
which directly assesses the error with minimum as-
sumptions about the data.***® Note, however, that
the accuracy of predictions is still limited by the
approximations inherent in the nearest-neighbor
model.

Sequence Dependence of Non-Watson-

Crick Regions

Several motifs that involve non-Watson—Crick pairs
areillustrated in Figure 1. These include hairpin loops,
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interna loops, and multibranch loops or junctions. A
huge number of different sizes and sequences are pos-
sible for these motifs, so once again it is necessary to
develop models for predicting thermodynamics from
relatively few experimental measurements. Thisis an
active area of current research. Some recent results
are discussed below.

GU Pairs. After GC and AU pairs, the next most
common base pair in known RNA structuresis GU.
As with the Watson—Crick pairs, experiments show
that a simple base-pairing model is not sufficient to
explain the sequence dependence of thermodynamic
stabilities for GU pairs. For example, a simple re-
versal of two adjacent GU pairs, from (GGA-
UGUCC), to (GGAGUUCC),, changes the free en-
ergy of duplex formation from —8.4 to —6.4 kcal/
mol, respectively.*” Unlike Watson—Crick pairs,
however, it appears that even a nearest-neighbor
analysis does not reasonably approximate stabilities
of helixes when adjacent GU pairs are included in
the data set.*” In particular, the motif GGUC appears
unusualy stable when the nearest-neighbor model
of Borer et a.? is applied. This is surprising since
nmr studies indicate that tandem GU mismatches
with standard wobble hydrogen bonding® are all
accommodated relatively easily into A-form RNA
helixes in GGUC, AGUC, and AUGC contexts.'**
The thermodynamic results for RNA contrast with
those for DNA, where the effects of internal single
and double GT pairs on stability fit the nearest-
neighbor model .*

Hairpin Loops. Thermodynamic stabilities have
been measured by optica melting for a relatively
large number of RNA hairpin loops.*** Surpris-
ingly, a rather simple equation for AGS; is able to
fit most of the results™:

AG3; = AG3/(HL) + = AG3(NN) (7)

Here = AG3,(NN) is the sum of the free energy
increments for the nearest-neighbor Watson—Crick
interactions found in the hairpin stem, as determined
from duplex melting studies analyzed with the Borer
et a. model,”® and AG,(HL) is the free energy
increment for initiation of the helix upon loop for-
mation. For the available data on hairpin loops with
more than 3 nucleotides, this initiation term can be
approximated in kcal/mol as>

AGs(HL, n) = AGx(IL, n)
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+ AG3(MM) (8)
+ 0.6 (if loop is closed by AU or UA)

where n is the number of nucleotides in the loop,
AG%(iL, n) is the free energy increment for initia-
tion of a loop with n nucleotides, and AG3(MM)
is the free energy increment for the first mismatch
in the loop based on measurements of mismatches
at the ends of short duplexes’ and is given a bonus
of —0.7 kcal/moal if the first mismatch in the loop is
GA or UU. Most of the time, these approximations
appear able to predict the free energy of hairpin
loop formation to within about 1 kcal/mol.>* An
exception is the CUUCGG tetral oop, which appears
to be stabilized by an amino to phosphate hydrogen
bond within the loop.>* It would not be surprising to
find a limited number of other exceptions involving
interactions of functional groups within a hairpin
loop.

Internal Loops. Thermodynamic measurements
have been made on a limited number of internal
loops. Most of the available datais for tandem mis-
matches.**%°~%" For this motif, the thermodynamic
stability clearly depends on the mismatches. For
example, the free energy changes for duplex forma-
tion by (GCGGACGC), and (GCGAACGC), are
—9.7 and —5.6 kcal/mol, respectively.®*® Thus far,
no simple model has proved adequate for approxi-
mating free energies of duplex formation when in-
ternal loops are formed. Nevertheless, some rela-
tively general features have been uncovered. For
both tandem mismatches®™*~>" and internal loops
of 3 nucleotides,® GA and UU mismatches can be
stabilizing relative to other mismatches. This en-
hanced stability probably arises from hydrogen
bonding within these mismatches, as illustrated in
Figure 3.>*-%° Whether this hydrogen bonding poten-
tial is realized, however, depends on the context of
the mismatch.® For example, AGS;’s of duplex for-
mation for GAGAGGAG - CUCAGCUC and GAG-
UUGAG- CUCUUCUC, which contain two GA
and two UU mismatches, respectively, are —6.0 and
—5.9 kcal/mol, respectively. The nmr spectra of
these duplexes exhibit sharp resonances for the im-
ino protons of the GA and UU mismatches, respec-
tively, suggesting hydrogen bonding within the mis-
matches. In contrast, AGS; of duplex formation for
GAGAUGAG - CUCUGCUC, which contains one
GA and one UU mismatch, is only —3.8 kcal/mal.
The nmr spectrum has broad resonances for the UU
mismatch and none for the AG mismatch, sug-
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FIGURE 3 Mismatched hydrogen bonding commonly
observed in G-A and U-U mismatches. Depending on
the sequence context, the sheared G- A structure shown
in B can involve two additional hydrogen bonds from the
adenine amino to guanine 2’ oxygen and from the guanine
amino to the adenine nonbridging phosphate oxygen.®

gesting weak or absent hydrogen bonding within
the mismatches. Evidently, the stabilities and struc-
tures of internal loops depend on the hydrogen
bonding potential of the constituent nucleotides and
the steric fit of various hydrogen bonded conforma-
tions with each other and with the adjacent helixes.®

Gralla and Crothers™ have defined the free en-
ergy increment for an internal loop as illustrated
with the following example:

AG(IL) = AG(GCGGACGC) 9)
— AG*(GCGCGC) + AG*(GCICG)

Here AG°(GCGGACGC) and AG°(GCGCGC) are
the free energy changes for duplex formation by the
indicated sequences, and AG°(GC/CQG) is the free
energy increment for helix propagation by a GC/



CG nearest neighbor based on the model of Borer
et al.”? as implemented by Freier et a.®* For this
model, Xia et a.* have shown that it is possible to
predict to within about 1 kcal/mol the AG3/(IL)
for tandem mismatches composed of different mis-
matches adjacent to GC pairs by averaging
AG3/(IL) values for symmetric tandem mismatches
and adding a penalty dependent on the type and size
of mismatches present.

Junctions. Essentialy no thermodynamic data are
available for RNA junctions. As shown in Figure 1,
however, junctions are an important motif in known
RNA structures. Thus free-energy parameters are
required to allow predictions of secondary structure
from sequence. This gap has been filled preliminar-
ily by developing a model for junctions based on
interactions known to be important for secondary
structure formation in short oligonucleotides.®%%
In this model, the stability of ajunction depends on
the number of helixes and unpaired nucleotides in
the junction, stacking of unpaired nuclectides on
helixes, and coaxial stacking of helixes. Free energy
increments for stacking of nucleotides and helixes
are based on experimental studies of oligonucleo-
tides.®*"®® The dependence on numbers of helixes
and unpaired nucleotides is then estimated by opti-
mizing predictions of known secondary structures
by free energy minimization.®*%

Prediction of Secondary Structure by
Free Energy Minimization

In principle, the equilibrium structure of an RNA
is the lowest free energy structure. In the few cases
that have been tested, it appears that tertiary interac-
tions are weaker than secondary structure interac-
tions.**~%" This suggests that RNA secondary struc-
ture can be predicted by free energy minimization
without considering tertiary interactions. As dis-
cussed above, however, much is unknown about the
thermodynamics of RNA secondary structure. This
forces the use of relatively crude models for the
sequence dependence of free energy. Surprisingly,
even these crude models appear sufficient to predict
secondary structures that are useful for designing
experiments.®® For known secondary structures of
about 500 nucleotides, the predicted lowest free en-
ergy structure is typically about 70% correct,* and
recent preliminary results suggest this can be im-
proved further.® It is particularly encouraging that
the accuracy of prediction has steadily improved as
more parameters have been measured and incorpo-
rated into folding algorithms.®*%%™ Recent advances
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in solid phase synthesis and in developing methods
for measuring duplex formation by large numbers
of oligonucleotide arrays on silicon chips™~"* sug-
gest that in the future it may be possible to rapidly
increase the thermodynamic data base, allowing
more rigorous testing of the energy minimization
hypothesis. Algorithms have already been devel-
oped that allow the use of complex nonnearest-
neighbor rules for stability, and these can be further
modified to include tertiary interactions if neces-
sary.®® In many cases, experimental data from
chemical and enzymatic modification, site-directed
mutagenesis, and sequence comparison can be com-
bined with free energy minimization to further im-
prove predictions.” These prospects and the rapid
increase in available sequence information suggest
that thermodynamics coupled with other approaches
will facilitate the discovery of many structure—func-
tion relationships in the future.

We thank Hatim Allawi and Steve Testa for stimulating
conversations and for preparing figures. This work sup-
ported by National Institutes of Health Grant GM 22939
to DHT.
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