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Abstract 
Stochastic context-free grammars (SCFGs) are 

used to fold, align and model a family of homolo- 
gous R N A  sequences. SCFGs capture the sequences’ 
common primary and secondary structure and gen- 
eralize the hidden Markov models (HMMs) used in  
related work on protein and DNA. The novel aspect 
of this work is that SCFG parameters are learned 
automatically f rom unaligned, unfolded training se- 
quences. A generalization of the HMM forward- 
backward algorithm is introduced. The new al- 
gorithm, based on tree grammars and faster than 
the previously proposed SCFG inside-outside algo- 
rithm, is tested on the transfer R N A  ( t R N A )  fam- 
ily. Results show the model can discern t R N A  from 
similar-length R N A  sequences, can find secondary 
structure of new t R N A  sequences, and can give mul- 
tiple alignments of large sets of t R N A  sequences. 
The model is extended to handle introns an t R N A .  
Keywords: Stochastic Context-Free Grammar, 
RNA, Transfer RNA, Multiple Sequence Align- 
ments, Database Searching. 

1 Introduction 

Attempts to understand the folding, structure, 
function and evolution of molecules have resulted in 
the confluence of many diverse disciplines ranging 
from structural biology and chemistry, to computer 
science and computational linguistics. Rapid gener- 
ation of sequence data in recent years thus provides 
abundant opportunities for developing new ap- 
proaches, such as hidden Markov models (HMMs), 
to problems in computational biology [15, 5, 20, 
10, 14, 3, 41. In this paper, in  an approach highly 
related to our work on modeling protein families 
with HMMs [ lo ,  141, we apply stochastic context- 
free grammars (SCFGs) to the problems of statis- 
tical modeling, database searching, multiple align- 
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ment, and prediction of the secondary structure of 
RNA families. 

RNA is mostly involved in the biological ma- 
chinery that expresses the genetic information from 
DNA to protein. Information is encoded in RNA 
by the primary structure, the linear arrangement 
of four different constituent nucleotides. The indi- 
vidual nucleotides, adenine (A), cytosine (C),  gua- 
nine (G)  and uracil (U),  interact in specific ways 
to form characteristic secondary-structure motifs 
such as helices, loops and bulges. Further folding 
and hydrogen-bonding interactions between remote 
regions orient these secondary-structure elements 
with respect to  each other to form the functional 
system. Higher-order interactions with other pro- 
teins and/or nucleic acids may also occur. In gen- 
eral, however, the fo1.ding of an RNA chain into a 
functional molecule is largely governed by the for- 
mation of intramolecular A-U and G-C Watson-Crick 
pairs as well as G-U and, more rarely, G-A base pairs. 
Such base pairs constitute so-called biological palin- 
dromes in the genome. 

Comparative analyses of two or more protein or 
nucleic-acid sequences have been used widely in 
detection and evaluation of biological similarities 
and evolutionary relationships. Several methods of 
producing these multiple sequence alignments have 
been developed, most based on dynamic program- 
ming techniques (e.g., [as ] ) .  However, when RNA 
sequences are to be aligned, both the primary and 
secondary structure need to be taken into consid- 
eration since the generation of a multiple sequence 
alignment and an analysis of folding are mutually 
dependent exercises. Thus, the elucidation of com- 
mon folding patterns among two or more sequences 
may indicate the pertinent regions to  be aligned and 
vice versa [23]. 

Currently, there are two principal methods for 
predicting secondary structure of RNA. Phyloge- 
netic analysis for homologous RNA molecules re- 
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lies on alignment and subsequent folding of many 
sequences into similar structures (reviewed in [12, 
301). Energy minimization depends on thermody- 
namic parameters and computer algorithms to eval- 
uate the optimal and suboptimal free energy folding 
of an RNA species (reviewed in [l l ,  311). 

Our method of multiple alignment and folding 
differs markedly from the conventional techniques 
because it builds a statistical model during rather 
than after the process of alignment and folding. 
Such an approach has been applied successfully to 
modeling protein families with HMMs [lo, 141. 

Though in principle HMMs could be used for 
RNA, we strongly suspect that the more general 
statistical models described here will be required. 
Since base-pairing interactions, most notably A-U, 
G-C and G-U, play such a dominant role in deter- 
mining RNA structure and function, any statistical 
method that does not consider this will eventually 
encounter insurmountable problems. The problem 
is that if two positions are base-paired in the typical 
RNA, then the bases occurring there will be highly 
correlated, whereas the standard HMM approach 
treats them as having independent distributions. 

Here we describe a means to generalize HMMs 
to model most of the interactions seen in RNA 
using formal language theory. As in the elegant 
work of Searls [24], we view the strings of charac- 
ters representing pieces of DNA, RNA and protein 
as sentences derived from a formal grammar. The 
simplest kind of grammar is a regular grammar, in 
which strings are derived from productions (rewrit- 
ing rules) of the forms S --f aS and S + a ,  where S 
is a nonterminal symbol, which does not appear in 
the final string, and a is a terminal symbol, which 
appears as a letter in the final string. Searls has 
shown base pairing in RNA can be described by a 
context-free grammar (CFG), a more powerful class 
of formal grammars than the regular grammar (see 
Section 2.1). CFGs are often used to define the 
syntax of programming languages. A CFG is sim- 
ilar to a regular grammar but permits a greater 
variety of productions, such as those of the forms 
S + SS and S + aSa. As described by Searls, it is 
precisely these additional types of productions that 
are needed to describe the base-pairing structure in 
RNA.l In particular, the productions of the forms 

CFGs can not describe all RNA structure, but we believe 
they can account for enough to make useful models. In 
particular, CFGs cannot account for pseudoknots, structures 

S - ,  A S U ,  S + U  S A ,  S -  G S C,  and S + C  S G 
describe the structure in RNA due to Watson-Crick 
base pairing. Using productions of this type, a CFG 
can specify the language of biological palindromes. 

Searls [24] argues the benefits of using context- 
free grammars as models for RNA folding, but does 
not discuss methods for estimating the grammar 
from training sequences. One purpose of this paper 
is to provide an effective method for estimating a 
stochastic context-free grammar to model a family 
of RNA sequences. 

If we specify a probability for each production 
in a grammar, we obtain a stochastic grammar. A 
stochastic grammar assigns a probability to each 
string it derives. Stochastic regular grammars are 
equivalent to HMMs and suggest an interesting 
generalization from HMMs to stochastic context- 
free grammars [2]. 

In this paper, we pursue a stochastic model of the 
family of transfer RNAs (tRNAs) by using a SCFG 
that is similar to our protein HMMs [14] but that in- 
corporates base-pairing information. Here we build 
a SCFG forming a statistical model of tRNA se- 
quences in much the same way that we constructed 
an HMM representing a statistical model of a pro- 
tein family. We use this model to search a database 
for tRNA-like sequences and to obtain a multiple 
alignment in the same manner as for proteins. We 
also use the model to fold unfolded tRNA sequences, 
i.e., to determine the base pairing that defines their 
secondary structure. 

In preliminary work [22], we derived a SCFG’s 
parameters directly from an existing alignment of 
tRNA sequences to see how well the SCFG could 
model an RNA family. Here, we attempt to “learn” 
the parameters entirely automatically from a set 
of unaligned primary sequences with a novel gen- 
eralization of the forward-backward algorithm com- 
monly used to train HMMs. Our algorithm is based 
on tree grammars, and is more efficient than the 
inside-outside algorithm [17], a computationally ex- 
pensive generalization of the forward-backward al- 
gorithm developed to train SCFGs [2]. We use our 
algorithm to derive a trained grammar from a train- 
ing set of tRNA sequences. For our training set, 
we choose 500 unfolded and unaligned sequences 
at  random from 1477 tRNA sequences in the 1993 

generated when a single-stranded loop region forms standard 
Watson-Crick base pairs with a complementary sequence 
outside the loop. 
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compilation of aligned tRNA sequences [26] main- 
tained by EMBL Data Library. We withhold the 
remaining 977 sequences in order to test the trained 
grammar on data not used in training. 

We assess the grammar’s ability to perform three 
tasks: to discriminate tRNA sequences from non- 
tRNA sequences, to produce multiple alignments, 
and to ascertain the secondary structure of new 
sequences. The results show that the grammar 
can perfectly discriminate tRNA sequences from 
other RNA sequences of similar length, can produce 
multiple alignments of large collections of tRNA 
sequences, and can reliably determine the secondary 
structure of new tRNA sequences. 

Genes for tRNA often possess introns, regions 
that are excised during formation of the mature 
tRNA molecule. Thus, to correctly identify tR- 
NAs in genomic sequences, the grammar must be 
extended to model introns. A useful advantage of 
SCFGs is their modularity. An intron grammar 
can be deduced separately from the grammar for 
plain tRNA, then these two separate grammars can 
be combined into a single grammar by uniting the 
two sets of independent productions and maintain- 
ing their different probability distributions. 

2 Methods 

2.1 Context-free grammars for RNA 

A grammar is principally a set of productions 
(rewriting rules) that are used to generate a set 
of strings, i.e., a language. The productions are 
applied iteratively to generate a string, a process 
called derivation. For example, application of the 
productions in Figure 1 could generate the RNA 
sequence CAUCAGGGAAGAUCUCUUG by the following 
derivation: 

Beginning with the start symbol SO , any produc- 
tion with SO left of the arrow can be chosen to re- 
place SO. If the production SO + S1 is selected (in 
this case, this is the only production available), then 
the symbol S1 replaces SO. This derivation step is 
written SO + SI, where the double arrow signifies 
application of a production. Next, if the produc- 
tion S1 -+ C S2 G is selected, the derivation step 
is S1 3 C Sz G. Continuing with similar derivation 
steps, each time choosing a nonterminal symbol and 
replacing it with the right-hand side of an appropri- 
ate production, we obtain the following derivation 
terminating with the desired sequence: 

Figure 1: This set o f  productions P gen- 
erates RNA sequences with a certain re- 
stricted structure, such as that  in Figure 2. 
s o ,  SI,. . . , si3 are nonterminals; A. U, G 
and c are terminals representing the four nu- 
cleotides. 

so + si + CszG 3 CAS3UG + CAS4SgUG 
+ CAUSSASgUG + CAUCSGGASgUG 
+ CAUCASTGASgUG =+ CAUCAGSaGASgUG 
+ CAUCAGGGASgUG + CAUCAGGGAASloWG 
=$ CAUCAGGGAAGSllCWG 
+ CAUCAGGGAAGAS12UCWG 
+ CAUCAGGGAAGAUS13UCWG 
+ CAUCAGGGAAGAUCUCUUG. 

A derivation can be arranged in a tree structure 
called a parse tree (see Figure 2) .  A parse tree 
represents the syntactic structure of a sequence 
produced by a grammar. For an RNA sequence, 
this syntactic structure corresponds to the physical 
secondary structure. 

Formally, a context-free grammar G consists of a 
set of nonterminal symbols N ,  a terminals alphabet 
C, a set of productions P ,  and the start symbol 
SO. For a nonempty set of symbols X ,  let X *  
denote the set of all finite strings of symbols in 
X .  Every CFG production has the form S -+ a 
where S E N and a E ( N  U E)*, i.e., the left- 
hand side consists of one nonterminal and there 
is no restriction on the number or placement of 
nonterminals and terminals on the right-hand side. 
The production S + a means that the nonterminal 
S can be replaced by the string a. If S + a is a 
production in P ,  then for any strings y and 6 in 
( N  U E)*, we define yS6 3 ya6 and we say that 
yS6 directly derives ya6 in G. We say the string 
p can be derived from a ,  denoted a &- p, if there 
exists a sequence of direct derivations a0 + a1, 
a1 =+ ( Y Z ,  . . .  , an-1 + an such that (YO = (Y, 
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a, = p, ai E ( N  U E)*, and n 2 0. Such a 
sequence is called a derivation. Thus, a derivation 
corresponds to an order of productions applied to 
generate a string. The grammar generates the 
language {w E E* I So & w}, the set of all terminal 
strings w that can be derived from the grammar. 

Our work in modeling RNA uses productions of 
only the following forms: S +. S S ,  S -t aSa, 
S -+ as, S ---i S and S 4 a ,  where S is a non- 
terminal and a is a terminal. S --+ aSa  productions 
describe the base pairings in RNA; S +. aS and 
S ---i a describe unpaired bases; S -t SS describe 
branched secondary structures; and S -+ S (called 
skip productions) are used in the context of multiple 
alignments. 

C A U C A G G G A A G A U C U C U U G  ~~~~ 

Figure 2: For the  RNA sequence CAUCAGGG 
A A G A U C U C W G ,  the grammar whose produc- 
tions are given in Figure 1 yields this parse 
tree. This parse tree reflects a specific sec- 
ondary structure. 

As in the protein HMM of [14], we distinguish 
two different types of nonterminals: match and 
insert. The match nonterminals in a grammar 
correspond to important structural positions in an 
RNA or columns in a multiple alignment. These 
constitute the main line of the grammar. Insert 
nonterminals generate nucleotides in the same way, 
but have different distributions. These are used to 
insert extra nucleotides between important (match) 
positions. Skip productions are used to skip a 
match nonterminal, so that no nucleotide appears 
at  that position in a multiple alignment. 

2.2 Stochastic context-free grammars 

In a SCFG, every production for a nonterminal 
S has an associated probability value, such that a 
probability distribution exists over the set of pro- 
ductions for S. (Any production with the nonter- 
mina1 S on the left side is called “a production for 
S.”) We denote the associated probability for a 
production S -t cr by F ( S  4 a) .  

A stochastic context-free grammar G generates 
sequences and assigns a probability to each gener- 
ated sequence, and hence defines a probability dis- 
tribution on the set of sequences. The probability 
of a parse tree can be calculated as the product of 
the probabilities of the production instances in the 
tree. The probability of a sequence s is the sum of 
probabilities over all possible parse trees or deriva- 
tions that could generate s, written as follows: 

Prob(s I G) = Prob(S0 % s I G) 
all derivations (or 
parse trees) d 

= Prob(S0 =+-a1 I G) 

. Prob(a1 

. Prob(a, j s I G) 

el, ... ,a, 

a2 I G) .  . . .  

Efficiently computing this quantity, Prob(s I G), 
presents a problem because the number of possi- 
ble parse trees for s is exponential in the length 
of the sequence. However, a dynamic programming 
technique analogous to the Cocke-Kasami-Young or 
Early methods [l] for non-stochastic CFGs can ac- 
complish this task efficiently (in time proportional 
to the cube of the length of s). We define the nega- 
tive logarithm of the probability of a sequence given 
by the grammar, -log(Prob(s I G)), as the nega- 
tive log likelihood (NLL)  score of the sequence. This 
quantifies how well the sequence s fits the grammar. 

Since CFGs generally have an ambiguity in that 
the grammar gives more than one parse tree for a 
sequence, and alternative parse trees reflect alter- 
native secondary structures (foldings), a grammar 
often gives several possible secondary structures for 
one RNA sequence. An advantage of a SCFG is that 
it can provide the most likely parse tree from this set 
of possibilities. If the grammar and the probabilities 
are carefully designed, the correct secondary struc- 
ture will appear as the most likely parse tree among 
the alternatives. As discussed in Section 3.3, the 
most likely parse trees given by the tRNA-trained 

287 



grammar give exactly the correct secondary struc- 
tures for the tRNA sequences we test. 

We can compute the most likely parse tree effi- 
ciently using a variant of the above procedure for 
calculating Prob(s I G). To obtain the most likely 
parse tree for the sequence s, we calculate 

max Prob(S0 3 s 1 G). 
parse trees d 

The dynamic-programming procedure to do this re- 
sembles the Viterbi algorithm for HMMs [20]. We 
can also use this procedure to obtain our multiple 
alignments: the grammar aligns each sequence by 
finding the most likely parse tree, after which the 
mutual alignment of the sequences among them- 
selves is determined. 

2.3 Estimating SCFGs from sequences 

To determine how well SCFGs could model a fam- 
ily of RNA sequences, we first developed a SCFG 
from an existing alignment of tRNA sequences [22]. 
Our next goal was  to “learn” the grammar param- 
eters (probabilities of productions) automatically. 

Estimation Maximiza t ion  ( E M )  training 
algorithm 

To estimate the SCFG parameters from un- 
aligned training tRNA sequences, we introduce a 
new method for training SCFGs that is a generaliza- 
tion of the forward-backward algorithm commonly 
used to train HMMs. This algorithm is more effi- 
cient than the inside-outside algorithm, which was 
previously proposed to train SCFGs. 

The inside-outside algorithm (17, 21 is an EM al- 
gorithm to reestimate a SCFG’s parameters. How- 
ever, it requires the grammar to be in Chomsky 
normal form, which is possible but inconvenient 
for modeling RNA (and requires more nontermi- 
nals). Further, it takes time at  least proportional 
to n3, whereas the forward-backward procedure for 
HMMs takes O(n2)  time, where n is the length of 
the model/grammar (and the typical training se- 

Our new algorithm requires folded RNA as training 
examples, rather than unfolded ones. Thus the 
base pairs in each training sequence have to be 
identified before the algorithm can begin iteratively 
reestimating the grammar parameters. If such base- 
pair information is not available, we can use the 
algorithm as described in Section 2.5. 

Our algorithm, a different EM method, is based 
on the theory of stochastic tree grammars. Tree 
grammars are used to derive labeled trees instead 
of strings. Labeled trees can be used to represent 
the secondary structure of RNA easily [25] (see Fig- 
ure 2).  When working with a tree grammar for 
RNA, one is explicitly working with both the pri- 
mary sequence and the secondary structure of each 
molecule. Since this is given explicitly in each train- 
ing molecule, we no longer have to (implicitly) sum 
over all possible interpretations of the secondary 
structure of the training examples when we rees- 
timate the grammar parameters, as must be done 
with the inside-outside method. The EM part of 
our algorithm consists of iteratively finding the best 
parse for each molecule in the training set, and then 
readjusting the production probabilities to maxi- 
mize the probability of these parses. The new al- 
gorithm also tends to converge faster because each 
training example is much more informative. For a 
detailed discussion of the algorithm, see [22]. 

2.4 Overfitting and regularization 

A grammar with too many free parameters can- 
not be estimated well from a relatively small set of 
training sequences. Attempts to estimate such a 
grammar will encounter the problem of overfitting, 
in which the grammar fits the training sequences 
well, but poorly fits related (test) sequences not in- 
cluded in the training set. One solution is to control 
the effective number of free parameters by regular- 
ization. We calculated a regularizer from the mul- 
tiple alignment of tRNA sequences and added it to 
the counts used for reestimating the grammar’s pro- 
duction probabilities in each iteration of training. 
Similar methods are described in [14]. 

quence). There are also several local minima, and 
this presents a problem when the initial grammar 2.5 Using the new EM algorithm 

- 
is not highly constrained. 

TO avoid such problems, we have developed a 
different method to obtain a SCFG for an RNA 
family that takes only time n 2 ,  and hence may 
be practical on RNA sequences longer than tRNA. 

Since our EM training algorithm uses folded RNA 
as training examples, rather than unfolded ones, 
the base pairs in each training sequence need to 
be identified before the EM iteration begins. If 
only unfolded training sequences are available, then 



we iteratively estimate the folding of the training 
sequences as well, using the following method: 

1. Design a rough initial grammar which might 
represent only a portion of the base pairing inter- 
actions. This is used to parse the initial unfolded 
RNA training sequences to obtain a set of partially 
folded RNA sequences. 

Estimate a new SCFG using the partially 
folded sequences and our EM training algorithm. 
Further productions might be added to the gram- 
mar at  this stage, although we have not experi- 
mented with this possibility yet. 

Use the trained grammar to obtain more 
accurately folded training sequences and reestimate 
the SCFG using these. 

4. Repeat Step 3 until the trained grammar gives 
no changes to the folding. 

2. 

3. 

2.6 Dealing with introns 

Introns are normally present in the anticodon 
stem loop (reviewed in [19]). We assume that an 
intron (of whatever type) will be present in the 
anticodon loop and more specifically within or on 
either side of the anticodon itself, i.e., we consider 
a total of five possible positions for introns. 

3 Experimental results 

As described in the previous section, we used 
our algorithm to deduce a trained grammar from 
a training set of unfolded and unaligned tRNA 
sequences. 

To derive the trained grammar, we designed the 
initial grammar by using some prior knowledge 
about the tRNA family: tRNA has four principle 
arms and one extra arm, and only the lengths of 
the D arm and the Extra arm vary. The initial 
grammar was set up with a total of 75 nonterminals 
and 660 productions to derive arms of the appropri- 
ate lengths. Productions of Type I (see Figure 3) 
are used to derive those five arms, productions of 
Type I1 are used to describe the base pairing in the 
four principle arms, and productions of Type 111 
and IV are used to describe unpaired bases. A uni- 
form probability distribution was placed over each 
set of productions of the same type, but Watson- 
Crick base pairs were weighted twice as heavily. If 
no skip productions were needed, Prob(S + S )  was 
zero, but a uniform distribution existed over the 

Type I S -+ SS 1.0 

Type I1 S-A S A 0.05 S -  A s C 0.05 
S - A S G  0.05 S - A S U  0.1 
S -  C S A 0.05 S + C s C 0.05 
S - C S G  0.1 S - C S U  0.05 
S - G S A 0.05 s - G  s G 0.05 
S - G S C  0.1 S - G S U  0.05 
S - U S A  0.1 S - U S G  0.05 
S - + U S  C 0.05 S - U S U  0.05 

Type I11 S - A S 0.2* S ---* G S 0.2* 
s --+ c s 0.2* s - U s 0.2* 
s - s  0.2* 

Type IV S-A 0.25 S - G 0.25 
0.25 0.25 S - U  s - c  

Figure 3: To obtain production probabilities 
for this initial grammar, we placed a uniform 
distribution over each set of same-type pro- 
ductions, but weighted Watson-Crick base 
pairs twice as heavily. Starred values may 
differ if no skip productions are needed. For 
simplicity, this figure omits subscripts. 

remaining Type 111 productions. This initial gram- 
mar found the correct folding for 93% of our whole 
database of 1477 tRNA sequences.’ 

The EM method described in Section 2.3 was 
then used to refine this grammar using 500 train- 
ing tRNA sequences. The run time was around 10 
CPU minutes on a Sun Sparcstation 10/30. Dur- 
ing this process, only the probabilities of the pro- 
ductions were reestimated and no nonterminals or 
productions were added or deleted (unlike “model 
surgery’’ in [14]). Our future work will focus on de- 
veloping a method that can automatically select a 
good structure and a good length of the grammar 
while training. 

3.1 Data 

The experiments used data from three sources: 
1. From EMBL Data Library’s database pro- 

duced by Mathias Sprinzl and co-workers, Bayreuth, 
FRG [as] ,  we obtained 1477 aligned and folded com- 
plete tRNA sequences. A complete tRNA sequence 
means a tRNA sequence that has the four major 

*The initial grammar was not able to find the correct 
folding for the remaining (7%) of the tRNA sequences, and 
failed to discriminate tRNAs from non-tRNAs. 
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arms and a length between 71 and 90 bases.3 Thus 
we included tRNAs of virus, bacteriophage, ar- 
chaebacteria, eubacteria, cyanelle, chloroplast, cy- 
toplasm, and some mitochondria, and did not in- 
clude other mitochondrial tRNAs. We changed sev- 
eral specific symbols used for representing modified 
bases to the usual A,  C, G, U symbols. Of these 1477 
sequence descriptions, we selected 500 at random as 
training examples for deriving a grammar to model 
intron-free tRNA, and used the rest as test data. 

2. The Ribosomal Database Project's (RDP) [18] 
aligned, folded large-subunit ribosomal RNA data 
file LSU. a l n  provided our primary source of non- 
tRNA sequences. We generated approximately 2400 
non-tRNA sequences by cutting ribosomal RNA 
sequences into pieces of approximately the same 
lengths as tRNA sequences. 
3. From the National Center for Biotechnol- 

ogy Information's (NCBI) NewGenBank and Gen- 
Bank databases, we used 55 unaligned and unfolded 
tRNA sequences with introns of rather short lengths 
(from 4 to 25). From other non-tRNA sequences in 
GenBank, we generated an additional 2500 test se- 
quences. 

3.2 Discriminating tRNAs 

As described in Section 2.2,  we calculate a NLL 
score for each test sequence and use it to measure 
how well the sequence fits the grammar. This raw 
NLL score depends too much on the test sequence's 
length to be used directly to decide whether a se- 
quence belongs to the family modeled by the gram- 
mar. We overcome this problem by normalizing 
the NLL score [14]. We calculate the difference be- 
tween the NLL score of a sequence and the average 
NLL score of a typical non-tRNA sequence of same 
length, measured in standard deviations. This num- 
ber is called the 2 score for the sequence. We then 
choose a Z-score cutoff, and sequences with Z scores 
above the cutoff are classified as tRNAs. 

For the trained grammar, NLL and Z scores were 
computed for 977 test tRNA sequences and 4885 
non-tRNA sequences, each of length 71 to 90 letters. 
For each tRNA, there are five non-tRNA sequences 
of the same length. Figure 4 shows Z scores com- 
puted by the trained grammar. The lowest Z score 

3Certain tRNAs lack some arms (e.g., mitochondrial 
tRNA may have only three loops) and we model these ir- 
regular tRNAs in [21]. 

of tRNAs is 5.464 and the highest Z score of non- 
tRNAs is 4.517. Thus the trained grammar distin- 
guishes perfectly between tRNAs and non-tRNAs. 

2 5 0 1  t R N k  

non-tRNAs 

Figure 4: These Z scores for the test set 
(977 tRNA and 4885 non-tRNA primary se- 
quences) show the trained grammar's dis- 
criminative ability. 

3.3 Multiple sequence alignments 

From a grammar it is possible to obtain a mul- 
tiple alignment of all sequences. The grammar can 
produce the most likely parse tree for the sequences 
to be aligned. This gives an alignment of all the 
nucleotides that align to the match nonterminals 
on the main line in the grammar. Between match 
nonterminals might be insertions of varying lengths, 
but by inserting enough spaces in all the sequences 
to accommodate the longest insertion, an alignment 
is obtained. 

Once a grammar was constructed, a multiple 
alignment was produced for the entire set of 1477 
tRNA sequences (this multiple alignment is avail- 
able via anonymous ftp from f t p .  cse . ucsc . edu 
in /pub/ma).  The trusted alignment was nearly 
identical to the trained grammar's predicted align- 
ment (see Figure 5) .  Boundaries of helices and loops 
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were the same; the major difference between the two 
alignments was the extra arm, which is highly vari- 
able in its length and sequence. Both alignments 
give the same base pairing. 

3.4 Predictions of secondary structure 

As discussed in the last section, the trained gram- 
mar produces the same alignment as the original 
alignment for the base-pairing sections. Thus the 
most likely parse trees produced by the trained 
grammar gave the correct secondary structure for 
all 1477 tRNA primary sequences, 500 training plus 
977 unseen test sequences. 

3.5 Introns 

Our experiments with introns are currently only 
preliminary. We have not yet obtained a large 
enough data set to do truly meaningfulexperiments. 
In one experiment, we used 55 sequences of introns 
and a simple regular grammar with five nontermi- 
nals for training a (sub)grammar to model introns. 
The training process reestimated the distributions 
of the four nucleotides at  the first and last two 
consecutive positions of the introns. This trained 
intron grammar and the previously trained tRNA 
grammar were then combined into a single grammar 
modeling tRNAs with introns. 

We tested the grammar on the same 55 tRNA se- 
quences containing introns. Of these, the grammar 
correctly identified the positions of introns and in- 
trons themselves for 44 sequences (80% of the train- 
ing set). For seven sequences, the grammar found 
introns with correct lengths but incorrect positions 
for two or three bases. The grammar completely 
failed to identify introns for four sequences. Thus, 
this approach shows some promise in identifying in- 
trons and finding the correct secondary structure 
for tRNAs with introns. Further work is discussed 
in [a l l .  

4 Discussion 

The method we have proposed represents a sig- 
nificant new direction in computational biosequence 
analysis. We believe SCFGs may provide a flex- 
ible and highly effective statistical method in a 
number of problems for RNA sequences including 
database searching, multiple alignment , prediction 
of secondary structures, and locating introns. The 

grammar itself may be a valuable tool for repre- 
senting an RNA family or domain. The present 
work demonstrates the usefulness of SCFGs with 
tRNA sequences. Since our experiments with in- 
trons are only preliminary, further work will be re- 
quired to demonstrate the usefulness of SCFGs in 
searching databases for tRNA sequences with in- 
trons. Extending the grammar to handle the more 
unusual mitochondrial tRNAs would also be of in- 
terest. However, the most challenging future prob- 
lem is to model a family of longer RNA sequences, 
e.g., ribosomal RNA, with SCFGs. 

Another important future research focus will be 
to determine how much prior knowledge about the 
structure of the RNA class being modeled is neces- 
sary. In our experiments with tRNA, we started 
training with an initial grammar that contained 
considerable knowledge about tRNA structure. A 
more challenging training approach would be to use 
a homogeneous initial grammar embodying no spe- 
cific knowledge about the tRNA family. As de- 
scribed in Section 2.5, we could then try to gradu- 
ally extend the grammar to account for the struc- 
ture of the training sequences4 We might do this by 
starting with a regular grammar that represents an 
HMM like those we used to model protein families 
[14]. Then, by studying multiple alignments pro- 
duced by this grammar, we might be able to apply 
methods for finding correlations between columns 
in this multiple alignment, such as those in [9, 16, 
13, 28, 29, 23, 271, to discover some of the base- 
pairing structure in tRNA. Having done this, it 
would be straightforward to modify the grammar to 
account for this base pairing, and then iterate this 
process until no new structure is found. This pro- 
cess would essentially automate some of the hand 
methods originally used in phylogenetic analysis of 
tRNA. (See [6] for a related approach.) 

Finally, there is the question of what further 
generalizations of hidden Markov models, beyond 
SCFGs, might be useful. The key advantage of our 
method over the HMM method is that it allows us 
to explicitly deal with the secondary structure of 
the RNA sequence. By extending stochastic mod- 
els of strings to stochastic models of trees, we can 
model the base-pairing interactions of the molecule, 

'Independently of the work described here, Eddy and 
Durbin [6] have recently described a class of adaptive sta- 
tistical models that simultaneously capture both primary se- 
quence and secondary structure consensus features of a fam- 
ily of RNA sequences. 
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< D a r m  > < Anticodon arm >< Extra a r m  >< T a r m  > 
((((((( (((( )))) ((((( =-- )>)))  ( ( ( ( (  )))))))))))) 
GCCCGGCUAGCUCAGUC-GGU--AGAGCAUGAGACU~AAUCUCAGG------------ GUCGUGGGWCGAGCCCCACGWGGGCG 
GCGAAGGUGGCGGAAW-GGUA-GACGCGCUAGCUUCAGGUGWAGU-GUC~ACGGACG-UCCGGGWCAAGUCCCCCCCCUCGCA 
GCGGGGGUGGCUGAGCCAGGCCAAAAGCGGCGGACWAAGAUCCGCU-CCC-GUAG-GGGWCGCGAGWCGAAUCUCGUCCCCCGCA 

( ( ( ( ( ( (  (((( ) > > I  ( ( ( ( (  === ))))) ((((( ))))))))))>> 
GCCCGGCUAGCUCAGU.CGCU..AGAGCAUGAGACUCWAAUCUCAG.. ....... G...........GUCGUCCGWCGAGCCCCACGWGGGCG 
GCGAAGGUGGCGGAAU.UGCUa.GACGCGCUAGCWCAGGUGWAGU ......... GuccuuacggacG-UCCGGGWCAAGUCGCA 
GCGGGGGUGGCUGAGCcAGGCcaAMGCGGCGGACWMGAUCCGCUcccguagggG ........... WCGCGAGWCGAAUCUCGUCCCCCGCA 

Figure 5 :  Shown are the trusted (top) and trained-grammar (bottom) alignments for three randomly 
chosen tRNA sequences ( B .  mori ,  E. coli, and H .  volcaniz). Abbreviations are "(>" for base-paired 
columns; "===" , anticodon domain; ".", fill characters; and "-", deletions by skip productions. 

which determine its secondary structure. This pro- 
gression is similar to the path taken by the late King 
Sun Fu and collcagues in their development of the 
field of syntactic pattern recognition [8]. Model- 
ing higher-order structure would require still more 
general methods. One possibility would be to  con- 
sider slochasiic graph grammars  (e.g., [7]) in hopes 
of obtaining a more general model of the interac- 
tions present in the molecule beyond the primary 
structure. If a stochastic graph grammar frame- 
work could be developed that included both an ef- 
ficient method of finding the most probable folding 
of the molecule given the grammar and an efficient 
EM method for estimating the grammar's param- 
eters from folded examples, then extensions of our 
approach to  more challenging problems, including 
RNA tertiary structure and protein folding, would 
be possible. This is perhaps the most interesting 
direction for further research suggested by this pa- 
per's results. 
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