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Energy minimization methods for RNA secondary structure
prediction have been used extensively for studying a variety
of biological systems. Here, we demonstrate their applicabil-
ity in riboswitch studies, exemplified in both the expression
platform and aptamer domains. In the expression platform do-
main, energy minimization methods can be used to predict in
silico a unique point mutation positioned in the non-conserved
region of the TPP riboswitch that will transform it from a ter-
mination to an anti-termination state, thus backing the predic-
tion experimentally. Furthermore, a successive prediction can
be made for a compensatory mutation that is positioned over
half the sequence length of the riboswitch from the original
mutation and that completely overturns the anti-termination
effect of the original mutation. This approach can be used to
computationally predict rational modifications in riboswitches
for both research and practical applications. In the aptamer do-
main, energy minimization methods can be used when attempt-
ing to detect a novel purine riboswitch in eukaryotes based on
the consensus sequence and structure of the bacterial guanine
binding aptamer. In the process, some interesting candidates
are identified, and although they are attractive enough to be
tested experimentally, they are not detectable by sequence
based methods alone. These brief examples represent the im-
portant lessons to be learned as to the strengths and limita-
tions of energy minimization methods. In light of our growing
knowledge in the energy minimization field, future challenges
can be advanced for the rational design of known riboswitches
and the detection of novel riboswitches. Unlike analyses of spe-
cific cases, it is stressed that all the results described here are
predictive in scope with direct applicability and an attempt to
validate the predictions experimentally.

Introduction

The discovery of riboswitches, recognized as a breakthrough in
the understanding of RNA regulation, has opened the door to
the development of bioinformatics methods to search for and

*Correspondence to: Danny Barash; Email: dbarash@cs.bgu.ac.il
Submitted: 10/08/09; Revised: [1/15/09; Accepted: |1/16/09
Previously published online:
www.landesbioscience.com/journals/rnabiology/article/10657

90 RNA Biology

analyze the riboswitches. Although the discovery itself was bio-
logical, with the first experimental validations published in 2002
independently by the Breaker group and the Nudler group,™
conserved sequence patterns in the 5° UTRs of bacteria were
identified before by comparative analysis of the upstream regions
of several genes expected to be co-regulated. These works con-
tributed to the description of the REN element,’ the S-box® and
the THI-box.”

Although the perspective given here is specifically-about the
applicability of energy minimization methods for riboswitch
studies, mainly by the use of mfold,* UNAFold,” and the Vienna
RNA package,'®" some bioinformatics contributions since 2002
should be noted, although the list is by no means inclusive. A
simple search program called Sequence Sniffer was used to dis-
cover a-eukaryoticriboswitch:'? Additional works on a genomic

scale by Barrick et al.'!4

triggered many more findings of bacte-
rial riboswitches. Ruzzo and coworkers, through their covariance
models (CM) approach and the development of CMfinder,"'¢
helped discover new classes of riboswitches.””"? In addition, the
insertion of known riboswitches into the RFAM database?®?! was
instrumental in advancing the field. Gelfand and coworkers*
have continued advancing the comparative analysis approach in
metagenomes. A simpler sequence based method® and a more
sophisticated sequence based bioinformatics search method for
detecting new riboswitches was developed in.** Another approach
is that of,” which by stochastic context-free grammar, can also be
used to search for new riboswitches. On the topic of searching for
new riboswitches in genomes, a review is available in.** Regarding
energy minimization methods, in addition to their application as
an aid in the general description of the riboswitch structure used
in,27

these methods include.

some prediction and analysis works that were assisted by
28-38

Results

Before examining specific applications of energy minimization
methods to the design of and search for riboswitches, it is worth-
while noting that these methods are able to capture the on/off
states (e.g., termination and anti-termination) by inserting the
riboswitch sequence. This is not a trivial assertion in complex
RNAs that are >200 nt long, such as, for example, the TPP
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Figure 1. Energy dot plots of the TPP riboswitch. Mfold® was used for
illustration, and a similar result can be obtained using RNAfold from
the Vienna RNA package.!" (A) The dot plot showing the highly stable
terminator stem. Although the anti-termination state is present, it is
covered by the termination state. (B) The dot plot showing the antiter-
minator stem, after the terminator stem was removed by forcing the
constraint P 161-168 173—180 in mfold.

riboswitch. There are limitations when predicting the RNA
secondary structure of RNA sequences that are above 100-150
nt using energy minimization methods, with energy rules that
are experimentally derived from much smaller combinations.
For specific RNAs such as RNA viruses, one can still hope to
retain relative accuracy beyond these nt limitations because of the
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simplified nature of the elongated secondary structure. However,
riboswitches have complex RNA secondary structures and do not
possess such favorable properties.

Nevertheless, it turns out that even though not every base
pairing in the secondary structure of a riboswitch >200 nt long
can be predicted correctly, the two distinct on/off states of a
riboswitch (e.g., termination and anti-termination) can be cap-
tured by energy minimization methods, a property that was first
demonstrated in? using secondary structure drawings. More
advanced techniques are described here. Clote and coworkers
have devised a method called RNAbor** whereby inspections
of the Boltzmann probability density plot enabled them to detect
possible conformational switches as in riboswitches. Here, we
illustrate this possibility more simply for a particular case by
using mfold® and examining the energy dot plot, noting that the
same procedure can be done using the Vienna RNA websuite®
with a probability dot plot. Although RNAbor is a more sophis-
ticated and specialized method for this task, our aim is only to
demonstrate the concept that energy minimization methods are
capable of detecting a riboswitch in a particular case. Therefore,
the TPP riboswitch of? is used for illustration. When its sequence
GCA GAA CAAUUC AAU AUG UAU UCG UUU AAC CAC
UAG GGG UGU CCU UCA UAA GGG CUG AGA UAA
AAG UGU GAC UUU UAGACC CUC AUA ACU UGA ACA
GGU UCA GAC CUG CGU AGG GAA GUG GAG CGG
UAU UUG UGU UAU UUU ACU AUG CCA AUU CCA
AAC CAC UUU UCC UUG CGG GAA AGU GGU UUU
UUU is inserted into mfold and an energy dot plot is generated,
the terminator stem is clearly visible (Fig. 1A). Using constraint
information, it is possible to prohibit-8 base-pairings in the ter-
minator stem by inserting the constraint ‘P 161-168 173-180°
and performing another energy minimization run, after which
the antiterminator stem clearly appears (Fig. 1B). In principle,
every RNA sequence can be examined as such, to the first order,
to test whether it possesses a conformational switch. For auto-
matic quantification and detection techniques of RNA sequences
that possess this property, approaches like RNAbor*3? can be
considered.

Predicting unique point mutations in the expression plat-
form domain. Correctly predicting the effect of unique point
mutations on the structure and function of RNA is of primary
interest to basic and applied research. Computational methods
have been developed, therefore, to assist in designing such muta-
tions.?®*** By examining the TPP riboswitch of,> we focus on
point mutations that can potentially affect transcription termi-
nation in bacteria. In addition to attempting to computationally
predict riboswitch variants with desirable properties, aiming to
assist in the design of experimental work for engineering artificial
riboswitches**? (see Discussion), it is also important from the
bioinformatics and long-range research standpoints, however, to
develop a general tool that can reliably predict point mutations
that cause conformational rearrangements™** (other tools for
similar purposes are described in®*). Such work may also shed
light on the properties of an RNA allosteric system.

The TPP riboswitch fits the criteria of such a model system
that should be examined. It works at both the transcription
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Figure 2. Thiamin pyrophosphate (TPP) riboswitch in transcription termination of Bacillus subtilis: wild type and mutants. (A) The wild type second-
ary structure according to the riboswitch model? possesses a stable terminator hairpin downstream from the evolutionary conserved bases in the
thi-box. The anti-antiterminator structure that prohibits the emergence of an antiterminator structure as in (B), guarding the terminator hairpin in the
presence of TPP, is located upstream to the terminator. (B) Deleterious mutated riboswitch. Predicted mutation AI158U, with respect to the wild type
structure in (A), leads to the emergence of the same antiterminator structure as in the absence of TPP. (C) Examination of predicted mutation A28U
by itself, showing no effect on the terminator structure. (D) Compensatory mutated riboswitch. Predicted mutation A28U, with respect to the delete-
riously mutated riboswitch in (B), restores the terminator hairpin and anti-antiterminator structures to yield a secondary structure identical to that

of the wild type. Note the large distance between positions 158 and 28, making the prediction AI58U, A28U non-obvious to obtain and of particular
interest to research. UNAFold? version 3.6 with mfold utils version 4.5 was used to predict and generate the secondary structure drawings.

termination’ and translation initiation® levels. The riboswitch
comprises a conserved thi-box region®® that binds a small molecule
(TPP) and a non-conserved region that undergoes a conformational
change to interrupt transcription or inhibit translation of thiamin
biosynthetic genes. The riboswitch mechanism has been described
in detail at the level of transcription termination.” The switch
between termination and anti-termination states can be illustrated
by a structural model? that uses Zuker’s mfold® or the Vienna pack-
age,'" both of which rely on available energy parameters.”” This
simplified model forms the basis for the computational prediction

of deleterious mutations.?® Here, the prediction of deleterious (anti-

termination) mutation A158U is supplemented by a compensatory
mutation A28U, and both are verified experimentally. A large

92

(>120 nt) distance separates the two mutations, thereby making
their computational prediction non-trivial. The locations of these
mutations are depicted in Figure 2, which was generated with
UNAFold,’ and the experimental results used to validate them are
described in Materials and Methods and shown in Figure 3. The
results are discussed in the following section.

Predicting bacterial consensus structures in the aptamer
domain. Using energy minimization methods, a moving window
approach can be used to scan regions of interest in the genomes of
a variety of organisms. Each secondary structure prediction in the
window can then be compared to the bacterial consensus structure

of the aptamer domain. This method was employed in*” where it
is described in detail.

RNA Biology Volume 7 Issue |
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Figure 3. Effect of thi-leader mutations on termination. The auto-
radiogram of the 12% sequencing PAGE shows [*2P]-labeled full size
(run-off) and terminated RNA products from a reconstituted single
round transcription reaction (see Materials and Methods). T, terminated
transcript; %T, efficiency of termination; TPP, thiamin pyrophosphate.

In light of the limitations of energy minimization, this
method must be used carefully, with certain caveats in mind.
First, the aptamer domain of the bacterial riboswitch used as
a reference must be-well-predicted by energy minimization
relative to the experimental structure. For example, the sec-
ondary structure of the aptamer of the purine riboswitch can
successfully be predicted by either mfold® or RNAfold!" and
it is anticipated that in future, more aptamers will have this
virtue. Incidentally, sequence based methods** are more heav-
ily strained when applied to analyses of the bacterial consen-
sus sequence of the purine riboswitch than when used on other
aptamers, and as a consequence, for specific cases, the structure
based method proposed in* and refined in® is capable of a more
robust analysis. Second, because energy minimization methods
entail expensive run times on the order of O(n?), where n is the
size of the sequence, a pre-processing step, in which genes that
participate in the metabolic cycle associated with the riboswitch
being investigated are collected, can be performed beforehand
on the entire genome of interest. Instituting such a preliminary
step can result in a considerable reduction in the number of
subsequent computations.

Additional strategies are available for improving the efficiency
of this structure based method. Incorporating sequence con-
straints, if available, such as in the case of riboswitches, is an
essential component of the method. It can be done after the main
structure based filtering step has reduced the number of candi-
dates considerably. Each candidate can then be inspected manu-
ally as in¥ or in conjunction with the structure based search as
suggested in.” Figure 4, which was generated with UNAFold,’
displays an attractive candidate that was found in.?” Even though
the in-line probing experiment that was performed to test its
response to a change in guanine concentration did not yield the
desired response, which is also not proposed in any way to be
considered by the structural method at this time, it is evident
that the method can yield biologically interesting candidates that
cannot be achieved by sequence based methods alone.
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Discussion

The results chosen for discussion were carefully selected to con-
tain predictions that are backed by experiments. For continuity
in presentation, the last topic from the Results section above will
be discussed first.

Detection of novel riboswitches. The use of energy minimi-
zation methods, a robust procedure for finding new riboswitches
originally formulated with the addition of computational geom-
etry techniques to measure structure similarity,’® has been fur-
ther developed in* and refined in,” resulting in a technique
that is complementary to the existing methods. The specific
method referred to here is structure based (with flexibility, allow-
ing the insertion of sequence constraints). Practically speaking,
the biological motivation behind the research was to formulate
a method that will perform well where others fail, especially
when attempting to find novel riboswitches in eukaryotes that
are evolutionarily far from prokaryotes (compared with finding
novel riboswitches in prokaryotes based on known riboswitches
in prokaryotes), since evolution may have preserved structure but
not sequence.

In using the energy minimization based method to search for
a novel purine riboswitch in Arabidopsis, we found an attractive
candidate that preserves-not enly structure, but-also-a signifi-
cant number of nucleotides in the sequence (Fig. 4). Subsequent
in-line probing experiments proved that our secondary structure
prediction was correct but failed to show that the candidate binds
guanine as a riboswitch does, as such interaction is currently not
possible to detect using bioinformatics techniques. In future, the
accumulation-of ligand-binding information may generate bioin-
formatics methods capable of considering these interactions. From
the evidence so far and based on the absence of any substantial
novel eukaryotic riboswitches being detected since 2003, it seems
that if there are more riboswitches in eukaryotes, their sequences
and structure compositions may differ from those of the prokary-
otes, and therefore, finding them remains a difficult challenge that
will undoubtedly motivate additional work in this field.

The structure based method discussed here is also applicable
to newly sequenced genes or to new classes of riboswitches dis-
covered in prokaryotes, besides purine, for which the energy
minimization prediction of aptamer structure conforms with the
experimental result. Advanced methods, which do not search for
a consensus reference sequence and structure but that must meet
a concise list of properties, possibly including a moving window,
may be used instead. The goal of creating bioinformatics tech-
niques to find novel eukaryotic riboswitches remains a formi-
dable challenge.

Rational design of riboswitches. Our first aim was to predict
an anti-termination mutation in the TPP riboswitch. In Bacillus
subtilis, the riboswitch shown in Figure 2A binds TPP, which
triggers the formation of the terminator hairpin and the prema-
ture stoppage of transcription. In the absence of TPP, the anti-
terminator structure that suppresses transcription termination
emerges. Termination and anti-termination are two highly stable
states with an energy barrier between them. In? it was established
that the energy barrier can be surpassed by the binding of TPP,
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but it is of considerable interest to investigate
whether other events can also provide the
means for crossing the energy barrier. Thus,
the question arises whether point mutations in
the riboswitch structure are capable of cross-
ing back and forth across the energy barrier
between the termination and anti-termination
states (Fig. 2) without a change in TPP.
Several mutations were made in the investi-
gated conserved sensor domain,? and the result-
ing termination efficiency was experimentally
measured. Using mfold® to initially predict the
secondary structure of the wild type structure
depicted in Figure 2A and then to computa-
tionally examine changes in the riboswitch in
response to several randomly selected point
mutations shows clearly that while other parts
of the riboswitch responded with structural
changes, the terminator hairpin remained
unaltered. Thus, it is expected that at best,
only a limited number of point mutations will
be able to cause a switch from the terminator
structure to an antiterminator structure. Using
the approach detailed in?® and described briefly
in Materials'and"Methods, the unique point
mutation A158U, which transforms the struc-
ture from the termination state to an anti-ter-
mination state, can be predicted. Indeed, using
standard energy minimization methods, this
mutation leads to a predicted antiterminator
structure, as depicted in Figure 2B. It should
be mentioned that by the method of correlated
mutation analysis of Horovitz and cowork-
ers,”¢ Noivirt and Horovitz adapted their
correlated mutation analysis to nucleic acids

and were able to discover independently the

unique effect of a mutation in the aforemen-
tioned position. In the context of mutations,
more than one approach identifies position 158
in the TPP-riboswitch as distinctive.

Our second aim was to predict a compensa-
tory mutation to deleterious mutation A158U.
Similar to the procedure for predicting the del-
eterious mutation, a compensatory mutation

prediction was performed to find point muta-

Figure 4. (A) The consensus purine riboswitch as available in RFAM. (B) A 3-way junction
prediction finding using energy minimization® in the 3' region of the Arabidopsis At2g05/40
gene putatively encoding a phosphoribosylaminoimidazole carboxylase. The locations of
sequence similarities between the consensus and our 3-way junction finding are marked with
circles. All four nucleotides that participated in the hypoxanthine binding®*->* are present in
our 3-way junction finding: U22 (of the last reference), U47, U51 and C74. Most of the com-
mon nucleotides appear in the core of the 3-way junction. Figure reproduced in part from.*
UNAFold® version 3.6 with mfold utils version 4.5 was used to predict and generate the
secondary structure drawings.

tions that restore the riboswitch to its original

termination state. An “eigenvalue table” analogous to the one in?®
was generated, and 17 point mutations were found that switch an
antiterminator structure to a terminator hairpin structure. All
these mutations are located further upstream from the terminator
position in the sequence, either closer to or within the thi-box.
Mutation A28U was chosen for validation purposes because its
location in the sequence is the furthest compensatory mutation
from deleterious mutation A158U. This makes point mutation
A28U the most peculiarly predicted mutation to restore back
termination.

94 RNA Biology

Our third aim was to experimentally validate the predictions
of both the deleterious and the restoring mutations. Using the
experimental procedures of in vitro transcription (see Materials
and Methods), three mutations were tested: A28U, A158U and
U163A (for negative control). Mutation U163A was closer to the
terminator, and there was no intuitive reason apart from the com-
putational prediction to assume that A158U would cause a ter-
mination deficiency while U163A would not. Indeed, in support
of that prediction, a decrease was observed in the termination
efficiency for A158U at 25°C, and the compensatory mutation
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A28U completely restored the termination deficient phenotype
of A158U. With mutation U163A, no decrease in termination
efficiency was observed, and the compensatory mutation A28U
had no effect on the non-affected phenotype of U163A. None of
the mutations altered the effect of TPP on the riboswitch.

It should be noted that all these experiments were performed
at 25° and 38°C. At the latter temperature, no effect of any of the
mutations on transcription termination was observed, whereas all
of our findings are reported for the former temperature with the
Bacillus subtilis. The predictions with mfold and the latest avail-
able energy parameters were performed with the default standard
conditions. By itself, it was impressive that energy minimization
methods succeeded in roughly capturing the prediction of a dele-
terious mutation A158U relative to a non-deleterious one (U163A)
and the restoration as a consequence of A28U positioned 130 nt
upstream. Thus, we can conclude that the non-obvious effects of
the predicted mutations A158U and A28U were experimentally
observed. We note that for RNA sequences that are approximately
200 nt long, the size of the TPP-riboswitch, it is expected that
energy minimization methods will not accurately predict all base
pairings because of the limitations of those methods. However,
we argue that dramatic events like conformational switching can
be captured by energy minimization methods, and there is an
advantage to using them for carrying bioinformatics-predictions
that may be tested experimentally. Regarding our mutation pre-
dictions in the regulatory RNA system, such results may enable
the artificial modification of a natural riboswitch found in vivo
by introducing favorable point mutations for a variety of control
purposes with potential applications in RNA gene regulation.
This may also contribute in future research to biochemical efforts
toward the design of engineered riboswitches.?

Materials and Methods

The study of RNA secondary structure prediction dates back
to eatly works by Waterman® and the Nussinov-Jacobson algo-
rithm™ that use dynamic programming. Since the early 80’s,”
stacking energies have been incorporated into secondary struc-
ture prediction, and the energies that are minimized by the
recursion are derived from empirical calorimetric experiments,
such as the ones published in.* Zuker’s mfold and the Vienna
RNA package that are used for the predictions described here
all rely on energy minimization methods using thermodynam-
ics. At present, such predictive calculations are limited to RNA
secondary structures, whereas in the future it may be possible to
extend these predictions to include tertiary structure informa-
tion when considering approaches and computational applica-
tions such as in.**® Nevertheless, due to the hierarchical nature
of RNA folding,**® the secondary structure is indicative of the
folding to tertiary structure. Moreover, a substantial amount of
information can be inferred about the riboswitch mechanism
by examining its secondary structure, since certain well-known
secondary structure motifs that constitute riboswitches (e.g., the
terminators/anti-terminators and sequestors/anti-sequestors) are
known to possess functionally important roles. Although energy
minimization methods are usually limited in their reliability to
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predict the exact base pairings in RNA sequences longer than
100-150 nt, our mutation predictions assume that dramatic
events at the coarse-grain level, such as a transition from a termi-
nator structure to an antiterminator structure, can be captured
successfully by these methods.

The effect of single point mutations on RNA secondary
structure has been addressed before using an RNA tree-graph
representation.®® In*® the problem was revisited in detail with
riboswitch examples. A similarity measure was proposed that
facilitates computational predictions by using spectral decompo-
sition of the Laplacian matrix for the RNA tree-graphs,®”

ing intuition regarding the compactness of those tree-graphs via
68,6

gain-

mathematical theorems from spectral graph theory.®*% For a
detailed description and illustrative examples of the prediction
method, see.”®#® The coarse-grained tree graph representation
of RNA secondary structure was introduced in”®’' and was sub-
sequently applied in® to examine the prediction of single point
mutations in the L11 mRNA of Escherichia coli. Riboswitch
mechanisms were not known at the time, and folding predictions
generated using energy minimization has significantly improved
since then.”'**#72 The introduction of spectral decomposition
methods?*¢”
and other similarity measures in a user-friendly manner using
a.computerized tool***

and the clustering of tree graphs into eigenvalues

allows. for easy data organization that
enables the prediction of deleterious mutations that disrupt
desired motifs in riboswitches.

An equivalent way of representing an RNA tree-graph is by
using a special matrix called the Laplacian. The Laplacian matrix
corresponding to a graph is symmetric, with one row and column
for-each node on the graph,-and-its rows and columns sum to
zero. It is constructed as follows: in the diagonal of the matrix,
the degree of the vertex (number of incident edges) is specified,
while in the off-diagonals the value “-1” is inserted if there is
an edge at that location, or “0” if there is no connecting edge.
The complete set of eigenvalues of the Laplacian matrix is called
the spectrum of the graph, and is independent of how graph
vertices are labeled. The following properties characterize the
Laplacian matrix eigenvalues: (A) The eigenvalues of the matrix
are nonnegative and the first eigenvalue is zero; (B) The second
smallest eigenvalue is the algebraic connectivity of the graph;®
(C) For a “star-shaped” tree-graph, the second smallest eigen-
value is unity.”

It was originally proposed in,*® based on analogies with
domain decomposition in parallel computing, to consider the
second eigenvalue of the Laplacian matrix as a measure of RNA
tree-graph compactness. The second eigenvalue of the Laplacian
matrix corresponding to a general graph is the measure of its graph
connectivity. Intuitively, graph connectivity is monotonically
increasing from its lowest value for a linear tree-graph structure
to its highest value for a “star shaped” tree-graph structure. For
tree-graphs, its value is between 0.0 and 1.0.*° Other graph motif
measures besides the eigenvalues can be used for the deleterious
mutation prediction, but the theorems by Fiedler and Merris®®®
associating the second smallest eigenvalue of the Laplacian matrix
to the algebraic connectivity of a tree-graph, facilitate intuitive
organization of the data. Alternatively, the use of other similarity
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measures, as was implemented in,**%

can offer some improve-
ments to the process of detecting deleterious mutations.

The proposed computational method is independent of the
folding algorithms, but relies in the predictions presented here on
Zuker’s mfold® and the Vienna RNA package,'®"! both of which
used the energy parameters described in* and returned similar
results in the case presented. Our method consists of starting
from an initial prediction of the secondary structure of the wild
type, and for each point mutation in the wild type sequence, we
predict the secondary structure of the associated mutant and
assess its similarity to the wild type structure. The second eigen-
values of the Laplacian matrix corresponding to the tree-graph
representation of the secondary structure are used for measur-
ing similarity between the mutants and the wild type. Thus, the
results are organized in an “eigenvalue table” similar to that in.?

Experimental procedures for in vitro transcription were used
to validate our predictions. Point mutations in the thi-box leader
were introduced by PCR-directed mutagenesis of the original
template.? All transcription templates were generated by PCR
and purified from low melting agarose and diluted in TE to 2
pmol/ul. The E. coli His6-B-tagged RNAPG™ holoenzyme was
purified as described in.”? The start-up elongation complex on the
thi-leader templates was prepared as follows: 2 pmol DNA (1 ul)
and 1'pmol RNAP (1-ul) were mixed in 10 pl of the transcrip-
tion buffer [TB:100 mM KCI, 3 mM MgCly; 50 mM tris-HCI
(pH 7.5)T and incubated 5 min at 37°C. Next, I il of the starting
cockrail was added to give the final concentration of GpGpU
primer of 20 uM, ATP and GTP of 30 uM, and [a-?P] CTP
(3,000 Ci/mmol) of 0.3 uM. After 8 min at 37°C, the sample
was diluted with TB and thealiquots were transferred-to tubes
containing all four NTPs (250 uM final concentration). The
chase reactions were stopped after ~15 min at 25°C by adding
an equal volume of the sequencing gel loading buffer containing
EDTA (200 mM) and formamide (95%) to each tube. Positions

of the terminated products were determined by the transcription
sequencing reaction with 3-dNTPs (TriLink). Relative amounts
of [**P] RNA were determined using Phosphorlmager and soft-
ware from Molecular Dynamics. The efficiency of termination
(%T) was calculated by dividing the amount of radioactivity in
a particular terminated band by the total radioactivity present in
that and all read-through bands.

The effect of hi leader mutations on transcription was moni-
tored by a single round run-off assay using PCR-generated linear
DNA templates containing B. subtilis tenA promoter followed by
a complete thi-leader sequence and the highly pure RNA poly-
merase holoenzyme from E. coli. In each case, the RNA tran-
script was [*?P] labeled near its 5' end during formation of the
initial elongation complex (EC), which was stalled (see above)
and then chased to the #hi-leader terminator by adding all four
substrates (NTP) at 25°C. Under these conditions, transcription
was partially terminated at position +187 within the U-stretch of
the attenuator (Fig. 3). The efficiency of termination (%T) was
~55% for the wild type template (Fig. 3, lanes 1) and increased
to >95% in the presence of TPP to 50 uM (lane 2). Mutation
A158U decreased %T to 17%. Such low termination efficiency
could be achieved at the wildtype template only at higher tem-
peratures (37°C and above). Remarkably, the A28U mutation
completely reversed- the inhibitory effect of A158U on termina-
tion and increased %T back to ~55% (lane 7). Notably, A28U by
itself had no effect on %T (lane 3). Neither mutations changed
riboswitch responsiveness to TPP. Taken together, these data
show that A28U is a highly specific compensatory mutation that
acts at a large distance from the original deleterious mutation in
theterminator.
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