
 

 

A STUDY OF NON-CODING ROX1 AND ROX2 RNAS IN DROSOPHILA SPECIES 

 

by 

PING HU 

 

(Under the Direction of Russell Malmberg) 

ABSTRACT 

rox1 and rox2 are two non-coding RNAs found in male Drosophila melanogaster, which 

can direct the MSL complex to bind to the X-chromosome to up-regulate all X-linked genes two-

fold. rox1 and rox2 RNAs lack similarity in their primary sequences, but they have functional 

redundancy; that is, in the presence either one of them, males survive. The mechanism of this 

redundancy is unclear. Here we have used comparative bioinformatics methods to predict an 

double internal-loop structure near 3’-end of rox RNAs shared by rox1 and rox2; this structure 

might contribute to the rox1 and rox2 RNA functional redundancy. rox1 and rox2 RNAs in other 

Drosophila species have not been previously reported; we identify putative rox1 and rox2 RNAs 

in Drosophila simulans, sechellia, yakuba and erecta.  
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CHAPTER 1 

INTRODUCTION AND LITERATURE REVIEW 

 
INTRODUCTION 
 

  According to the central dogma of molecular biology, messenger RNA (mRNA), which is 

transcribed from DNA, carries the genetic information and acts as a template in protein synthesis 

by ribosome. In the past 20 years, RNA has been discovered to have many new functions besides 

coding for proteins. The transcribed non-coding RNA (ncRNA) molecules can fold into stable 

 secondary and complicated tertiary structures, directly functioning as structural, catalytic, or 

regulatory factors rather than produce protein products in the cells. 

SOURCES OF NON-CODING RNAs 

  ncRNAs may come from three sources: 

• Noncoding RNA genes encode ncRNAs. Examples are the non-coding rox1 and rox2 

RNAs in male Drosophila melanogaster [ 1, 2 ], and the widely existing miRNAs. It has 

been reported that 10% of the genomic genes in mammals are miRNA genes [ 3 ]. Most  

ncRNAs are not polyadenylated. 

• ncRNAs may derive from the introns of mRNAs coding proteins, for example,  

       snoRNAs [ 4 ].  

• Several important regulatory motifs are found in untranslated regions (UTRs) of mature 

eukaryotic mRNAs. Internal ribosome entry site (IRES) elements are found in the 5’-

UTR region of picornavirus [ 5 ] and some other viruses; some specific mRNAs can be 

translated through IRES under stress conditions when cap-dependent translation is 
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blocked. Iron response elements (IRE) are found in both 5’ UTR and 3’UTR to regulate 

the metabolism of iron in the cells [ 6, 7 ]. 

BIOLOGICAL FUNCTIONS OF ncRNAs 

The functions of two classic ncRNAs (rRNA and tRNA) are well known. rRNAs  

are part of the ribosomal complex mediating  amino acids transfer and polypeptide chain 

elongation. tRNAs play an important role in transporting amino acids to messenger RNA 

during the translation process. Both of them participate in the translation process. In the last 

20 years, many studies have uncovered new biological functions of ncRNA, which include  

• Maturation of RNAs: A large number of ncRNAs are involved in the maturation of 

      RNAs. For example snRNAs, a component of spliceosome, play a key role in  

      mRNA maturation by recognition of the intron splicing sites [ 8 ]; RNase P functions in  

      5’end maturation of tRNA [ 9 ]; guide RNAs (gRNAs) are involved in editing RNA  

      Precursors [ 10 ]. 

• RNA modification:  In eukaryotes, the site-specific modification is directed by C/D  

      box or H/ACA box snoRNAs through base pairing with target RNAs. The function of  

       the C/D box RNAs is to methylate  2-O-ribose of target nucleotides,  while H/ACA  

       box RNAs guide the conversion of specific uridine residues to pseudouridine [ 11 ]. 

• Regulation of gene expression and translation: The well known miRNAs, 21-23 nts  

       sequence, imperfectly base pair with the 3’-UTR of transcript mRNA of target gene to  

       inhibit its translation. Similarly, RNAi (22 nts) causes targeted gene silence by perfectly  

       base pairing with mRNA to trigger its degradation [ 12, 13 ]. 
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• Regulating the fidelity of DNA replication: Telomerase RNA provides the template  

       for addition of the telomeric repeats to the ends of chromosomes [ 14 ]. 

• Regulation of dosage compensation: In female mammals, the 17 kb Xist (X- inactivate 

specific transcript) ncRNA  spreads along the x-chromosome to inactivate most gene 

expression by a cis-acting mechanism [ 15 ]. By contrast, the 3.7  kb rox1 and 1.2 kb rox2 

RNAs found in male Drosophila melanogaster can direct MSL (male-specific- lethal) 

complex spread along the whole X- chromosome to up-regulate the transcription rate of   

X-linked genes about 2-fold [ 1,  2,  16,  17 ] .       

• Some ncRNAs are involved in epigenetic regulation of imprinted gene silencing, where 

gene expression is restrained to the parental-specific alleles. The expression of the non-

coding Air RNA can inhibit three paternal protein-coding genes ( Igf2r/Slc22a2/Slc22a3 ) 

expression in mice [ 18 ] ;  the expression of H19 ncRNA gene found in human, mouse, rat 

and rabbit is exclusive to maternal chromosomes, and the 2.3 kb transcripts may function 

as a tumor suppressor [ 19 ].     

      As the number of genome sequencing projects increases, the number of non-coding genes 

found should also increase dramatically. The data from genomic projects reveals that the number 

of protein coding genes is lower than was expected. In humans, only about 1.4 % of total RNAs 

are translated to proteins; the functions of the rest of the RNAs are little known [ 20 ].  Interest in 

studying ncRNA has been growing in the bioinformatics field. Several well-annotated ncRNA 

databases have appeared, such as, the Rfam database with over 280,000 regions of 379 families  

[ 21 ] ; the noncoding RNA database contains 109 “ transitional ” classes and nine groups [ 22 ]; the 

RNAdb includes over 800 known mammalian ncRNAs, but excludes tRNAs, rRNAs and 
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snRNAs [ 23 ] and the Arabidopsis small RNA project ( ASRP ). The functions of several classes 

of ncRNAs have been analyzed, and are summarized in Table 1.1 [ 24 ].  

             Table 1.1 Major classes of functional RNAs ( Bompfűnewerer, et al., 2005 ) 

 
Class 
 

Size Function Phylogenetic 
Distribution 

tRNA 70-80 translation ubiquitous 
rRNA 
16S/18S 
28S+5.8S/23S 
5S 

 
1.5k 
3k 
130 

 
translation 
translation 
translation 

 
ubiquitous 
ubiquitous 
ubiquitous 

RNase       P P 
MRP 
 

220-440 
250-350 

tRNA maturation 
endonuclease, 5.8S 
rRNA maturation 

ubiquitous 
eukarya 

snoRNA    H/ACA 
 
C/D 
 
 
telomerase 

~130 
 
60-80 
 
 
400-550 

pseudouridinylation 
in rRNAs 
ribose 2'-O-
methylation in 
rRNAs 
 

eukarya 
 
eukarya, archaea 
 
 
eukarya 

snRNA      
U1,U2,U4,U5,U6 
 
U11,U12 
 
SL 

100-160 
 
130-140 
 
~100 

major spliceosome, 
mRNA maturation 
minor spliceosome, 
mRNA maturation 
trans-splicing 

eukarya 
 
eukarya 
lower eukaryotes 

U7 
 
7SK 
 
7SL/SRP 
 
vault 
 
Y 
 

~65 
 
~300 
 
300-400 
 
80-100 
 
80-100 

histone mRNA 
maturation 
transcriptional 
regulation 
signal recognition 
particle 
part of vault particle 
 
part of Ro particle 

eukaryotes 
 
vertebrata 
 
ubiquitous 
 
vertebrate 
 
metazoans 

tmRNA 
 

300-400 tags protein for 
proteolysis 

bacteria, 
chloroplasts, 
cyanoplasts 

miRNA 
 

~22 post-transcriptional 
regulation 

multicellular 
organisms 
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RNA SECONDARY STRUCTURES            

            Single strand RNA molecules fold back on themselves to form different shapes. The 

interactions between nucleotides in the molecule determine what kinds of structures can be 

formed, such as stem-loops, internal loops or the more complicated pseudoknots. Figure 1.1 

illustrates several RNA secondary structures [ William Liu, CS374 lecture Notes, available at 

web http://ai.stanford.edu/~serafim/CS374_2004/  ]. 

 

 

 

 

 

 

 

             

 

 
a.  hairpin loop  

b.  internal loop  

c.  bulge loop  

d.  multibranched loop  

e.  stem   

f.   pseudoknot    

    Figure 1.1 RNA secondary structure 

BLAST searching and other kinds of gene finding algorithms and comparative genome 

analysis have been successfully applied to identify protein coding genes, homologs and potential 

functions, but these methods don’t work as well on ncRNA genes. The primary sequence of 

ncRNAs varies over a relatively short evolution distance, making the use of BLAST difficult. 

Even though some ncRNAs share similar functions, they may have varied sequence lengths or 

nucleotide composition, and there are no ORFs. The known ncRNAs have a highly conserved 

secondary structure over evolution. A stable structure by itself is not a significant signal of 

function, since all single strand RNAs can easily form secondary structure with the canonical 

base pairing system A-U, G-C and additional base pairing G-U. Thus, a reasonable way to 
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identify ncRNAs may be to combine sequence analysis and conserved secondary structure 

analysis together in genomic searches.  

 Similarity searching is performed by dynamic programming algorithms based on both 

sequence similarity and structural similarity; the alignment score comes from both sequence 

conservation and structure conservation. Figure 1.2 is an example of how to identify structural 

homologs [ William Liu, CS374 lecture Notes, http://ai.stanford.edu/~serafim/CS374_2004/ ]. 

  

 

Figure 1.2 Sequence alignment scoring vs structural alignment scoring 

COMPUTATIONAL METHODS TO STUDY ncRNAs 

            Computational approaches to study RNA structure from primary sequence data involve 

three problems: (1) structure prediction based on single RNA sequence; (2) two or multiple-

sequence common consensus structure prediction and alignment; and (3) structural homology 

searching in databases or genomes. 
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Section 1 : Structure Prediction 

             Free Energy Minimization (FEM) dynamic programming is the most widely used method 

for predicting RNA secondary structure from a single sequence. It is motivated by the general 

concept established by Anfinsen [ 25 ] that the three dimensional conformation of a macromolecule 

forms based upon minimum free energy. A critical step in this line of research was the 

development of ‘Mfold’ software for RNA folding by Zuker and Stiegler [ 26 ]. This program 

predicts RNA secondary structure based on energy parameters determined  

according to the nearest-neighbor model. Most of these thermodynamic parameters are 

determined experimentally. This method cannot predict pseudoknots; also, Mfold produces 

multiple structural predictions with similar free energies. Sometimes the results are not 

completely reliable [ 27 ]. The Vienna RNA Package [ 28 ] is available at 

http://www.tbi.univie.ac.at/~ivo/RNA/, RNAfold predicts secondary structures with minimum 

energy and pair probabilities similar to Mfold; RNAcofold can predict a hybrid structure of two 

sequences; RNAduplex can predict possible hybridization sites between two sequences; 

RNAdistance can compare the similarity among secondary structures.  

            The main alternative algorithm is probabilistic modeling approaches using Stochastic 

Context Free Grammars (SCFGs) [ 29 ], which are capable of capturing the long range, nested, 

pairwise correlations, such as those induced by base-pairing in non-pseudoknot RNA secondary 

structures. An advantage of this method is that it is easy to combine with other sources of 

statistical information to structure prediction, but at the price of greater complexity in memory 

use and time. This algorithm requires a set of training data, and cannot model or profile the more 

complex structural motif of pseudoknots. SCFG is a modified Chomsky Grammar [ 

http://en.wikipedia.org/wiki/Chomsky_hierarchy ].  Figure 1.3 [William Liu, CS374 lecture 
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Notes, http://ai.stanford.edu/~serafim/CS374_2004/ ] describes the process of RNA folding based 

on the information of sequence cgacccccucg with a SCFG. Let S be the non-terminal node, which 

can be replaced by either non-terminal or terminal nodes. The structure of the sequence 

cgacccccucg  is modeled as shown on the right of the Figure 1.3 using three rules. 

Let the production rules be: 
              S → aSu | gSc | cSg | ccccc  

 
S → cSg 

      → cgScg 

          → cgaSucg 

                → cgacccccucg  

 
   CCC 

 C       C 
  A – U 
  G – C 
  C – G 

 

 

 

This base-pairing sequence can also be 

described as:  (c(g(a(ccccc)u)c)g) 
 

 

Figure 1.3 An example of RNA modeling by Stochastic Context Free Grammars 

Section 2: Multiple-sequence consensus structure prediction 

             A structure prediction can be achieved by comparative sequence analysis and structure 

conservation analysis. The dynamic programming algorithm formulated by Sankoff [ 30 ] can 

produce a sequence alignment and minimize free energy folding simultaneously. This method 

involves finding the optimal alignments with minimal cost and folding the common consensus 

structure with minimum free energy; unfortunately, the method requires too much memory and 

time to be practical. Modifications of this idea are widely applied in the several more recent 

algorithms discussed later.  

  The Covariance Model ( CM ) developed by Eddy and Durbin [ 31 ] employs a 

probabilistic approach to find the common consensus structure. It describes both the RNA 

secondary structure and the primary sequence consensus, and is the first optimal global algorithm 

for RNA secondary structure prediction based on pairwise covariations. The covariance model is 
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directly built from either aligned or unaligned RNA input sequences. The probabilities of 

insertions, deletions, and mismatches are calculated according to observed RNA sequences. An 

initial model is constructed based on the input sequences, then a new model is built by iteratively 

re-estimating the probabilities of emission and state transition based on an Expectation 

Maximization ( EM ) algorithm until the parameters converge. This cycle is repeated until both 

the model structure and its parameters are not significantly changing; the optimal global structure 

can be found by dynamic programming algorithm. Limitations of this method are that it can’t 

detect non-pairwise interactions ( base triples ) or non-nested pairs ( pseudoknots ) structure.            

2.1  Algorithms for finding the common secondary structure between two RNA sequences 

• Dynalign [ 32 ]  is an algorithm to predict a common secondary  structure with  

      minimum free energy for two RNA sequences, it doesn’t requires any identity in  

      the sequences. There are two parameter variants involved, gap penalty and a set of 

      thermodynamic parameters. Dynalign doesn’t predict pseudoknots and is limited to  

      sequence length less than 300 nucleotides.  

• The Foldalign [ 33 ] algorithm combines local alignment and maximum number of base-  

      pairs together to predict the structure for two sequences. Foldalign optimizes the  

      number of base pairs rather than minimizes free energy. Multibranch loop structures  

      are not allowed to form in Foldalign. 

• CARNAC [ 34 ]  is another algorithm for pairwise folding of two unaligned RNA 

      sequences. The program takes four steps to find the structure common to two RNA  

      sequences: ( 1 ) searching for the best candidate stems; ( 2 ) finding the regions of high  

      similarity between the two sequences, called anchor points; ( 3 ) performing a pairwise  

      selection of stems, taking into account the information of anchor points and  
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      covariations ( 4 ) constructing the common structure based on energy minimization  

      from the set of pre-selected stems. 

• Pair HMMs on Tree Structures (PHMMTSs): [ 35 ]  Pair Hidden Markov Models can  

      be used to find a structural pairwise alignment between an unfolded RNA sequence  

      and a RNA sequence of known secondary structure. An RNA secondary structure can  

      be represented by a tree, thus, a pair HMM on tree structures ( PHMMTSs ) is applied  

      to find a secondary structural alignment between the unfolded RNA sequence and the  

      tree of the known RNA secondary structure.  

2.2   Algorithms for searching for the common consensus structure among multiple RNA 

sequences 

• MSARi implements a distribution-mixture approach to detect conserved common  

      stems. It is based on computing the statistical significance of short, contiguous  

      potential secondary structure base-paired regions that are conserved between  

      candidate orthologs and allows for small variations between alignments of  

      orthologous base pairs [ 36 ] .  

• RNAalifold is designed for constructing the consensus structure among aligned 

      sequences; it considers both thermodynamic stability and sequence covariation, and it  

      also introduces a base-pairing probability matrix for RNA folding [ 37 ]. 

2.3 Algorithms for predicting and searching for pseudoknots 

      RNA pseudoknots are functionally important in several known RNAs. For example, RNA 

pseudoknots are conserved in ribosomal RNAs, the catalytic core of group I introns,  

RNase P RNAs and telomeras RNAs [ 38 ]
.

• PCSG ( parallel communicating system grammar) is an algorithm to model RNA  
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      structures including pseudoknots [ 39 ]. This approach can automatically generate a  

      pseudoknot prediction algorithm for each specified pseudoknot structure model.  

            A 5 × 5 probability matrix that describes the probability distribution of all possible  

            base pairs among the four nucleotides and gaps, as well as probabilities for the  

            production rules, are needed. 

• PKNOT is an algorithm ( modified SCFG ) for predicting optimal RNA  

            secondary structure including pseudoknots [ 40 ]. It is built based on the standard RNA  

            thermodynamic model with an augmented set of estimated pseudoknot weighting  

            parameters and coaxial stacking energy. This method can’t analyze sequences larger  

            than 130 nucleotides, as the computational time needed is great.  

• The ILM  ( iterative loop matching ) algorithm combines thermodynamic stability and  

      mutual-information scores to produce a secondary structure including pseudoknots [ 41 ]  

      This algorithm can be applied on both multiple aligned sequences and single sequence;  

        the length of each input sequence can be as long as 2000 nucleotides.    

2.4 Other methods: 

     Some other algorithms were also developed for searching for specific classes of ncRNAs, 

such as tRNAscan-SE, snoscan and snoGPS for detecting tRNAs, methylation-guide C/D box 

snoRNAs and pseudouridylation-guide H/HAC box snoRNAs [ ] 42 . The microinspector program 

is used to identify the miRNA potential binding sites [ 43 ]. A simple hidden Markov model with 

two states (‘‘RNA’’ and ‘‘background genome’’) is applied and ncRNAs identified by screening 

for GC-rich regions in the AT-rich Methanococcus jannaschii and Pyrococcus furiosus genomes [ 

44 ].In addition, some other methods that have been successfully applied to identify ncRNAs are 

summarized in the Table 1.2 [ 24 ]
.
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    Table 1.2 General Purpose algorithms for RNA Motif Detection 

Program 
Comparative or single 

organism 
Description 

Approaches which search for instances of a motif 

ERPIN  

 

comparative 

 

Input is a sequence alignment with consensus 

structure. For each helix and single strand a 

log-odds-score profile is defined which 

describes the motif. 

PATSearch  

 

single 

 

Motif is defined by a language inspired by 

regular expressions. 

fragrep  

 

single 

 

Detects patterns consisting of approximately 

matched gapless blocks with constrained inter-

block distances. 

Palingol  single 

A constraint programming language 

particularly adapted for secondary structures. 

Allows both sequence and structure patterns, 

including pseudo-knots. 

RNAMotif  

 

comparative 

 

Description of structural motif in terms of 

helices and sequence patterns. Putative hits are 

ranked according to user defined rules. 

infernal  

 

comparative 

 

Toolkit for constructing covariance models 

and finding new members of a family. Input is 

a multiple alignment with structural 

annotation. With SCFGs a consensus model of 

RNA structure shared by these sequences is 

defined 

Rsearch  

 
single 

 Input is a single RNA sequence and its 

structural information. Rsearch is a local 

alignment algorithm which considers structural 

and sequence constraints. A base pair and 

single nucleotide substitution matrix for RNAs 
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(RIBO-SUM) defines alignment scores. 

FastR  

 
single 

Like a pairwise alignment algorithm that 

addresses structural and sequence 

conservation. Running time is highly 

decreased by preprocessing the target 

sequences. Only those targets sharing similar 

structural features with the query RNA are 

aligned. 

Approaches which search for motifs from scratch 

SLASH  

 
comparative 

Inputs are unaligned sequences. foldalign 

defines highest scoring local alignments of 

these sequences according to sequence and 

structure constraints. COVE creates a SCFG 

model from those local alignments and does 

database searches. 

RNAProfile  

 
comparative  

Input is a set of unaligned sequences. Motif is 

defined by the number of single hairpins it 

may contain. Greedy heuristic to find 

sequences in 

the input set which share a common motif with 

defined number of hairpins. 

GPRM  

 
comparative  

Genetic programming approach to find 

structural RNA motifs that discriminate a set 

of input sequences from a set of randomized 

sequences 

HyPa and HyPaLib  

 

single  

 

A search engine and pattern library for hybrid 

patterns", consisting of sequence and structure 

elements. The language also includes 

thermodynamic constraints. Currently, 

however, HyPaLib contains only some 60 

patterns. 
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Section 3: Searching for ncRNA structures in genomes 

• QRNA [ 45 ] is used for searching ncRNAs given two aligned sequences. The key idea  

      is to test the pattern of substitutions observed in the pairwise alignment of two  

      homologous sequences using three different probabilistic models: a pair HMM for a  

       protein-coding RNA, a pair SCFG for non-coding RNAs, a pair HMM for non- 

       transcribed DNA.  

• RNAz [ 46 ]  classifies multiple sequence alignments as ncRNA sequence or non-  

      ncRNA based on two components: Z-score, which is the measure of RNA secondary  

      structure thermodynamic stability, and the structure conservation index ( SCI ), a  

      measure of the conservation of secondary structure constructed from the input  

      multiple alignment. The alignment is classified as ncRNA or not by a support vector  

      machine  ( SVM ). It is suitable for large-scale genomic annotation whenever alignments  

      can be obtained, but it requires the input as a structural aligned sequences protein-  

      coding RNA, a pair SCFG for non-coding RNAs,  and a pair HMM for non- 

      transcribed DNA.  

• The Tree-Decomposition model developed by Yinglei Song and Chunmei Liu is a  

       novel RNA profile model, which can search for complex structures including  

       those  with pseudoknot structures [ 47 ]. A conformational graph of the consensus  

       structure of a RNA family is specified based on a set of structurally aligned training  

       data set. Whether there is a significant hit is determined by the Z-score, which is  

       calculated from the log odds ratio of structural alignment scores to random sequences  

       with the same base composition. This algorithm has higher sensitivity and  

       specificity, and is much faster than the Covariance Model.   
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CHAPTER  2 

COMPARATIVE BIOINFORMATIVE OF NON-CODING RNA ROX1 AND ROX2 IN 

DROSOPHILA 

INTRODUCTION 

In some mammals and flies, dosage compensation is essential for males to equalize the 

expression of X-linked genes between two sexes [ 48 ]. In Drosophila, the male-specific lethal 

complex ( MSL ) , which can significantly increase histone H4 acetylation at lysine 16 and cause 

chromatin remodeling [ 49 ] , spreads along the X-chromosome to up-regulate transcription rate of 

X-linked genes about 2-fold [ 50 ]. rox1 and rox2 are non-coding genes discovered in male 

Drosophila melanogaster [ 51 ]; both of them are located on the X-chromosome with major 

transcriptional products 3742 bps [ 52]  and ~581 bps [ 53 ], respectively. It is believed that un-

translated rox1 RNA and un-translated rox2 RNA provide a nucleation site for the MSL complex 

to remodel the male’s x-chromosome by covalently modifying the histone H4 [ 49 ]. The rox 

RNAs join the complex at their synthesis sites in cis [ 54 ]. Deletions of either rox1 or rox2 RNA 

produce viable males, but the double deletion leads to a 95% reduction in viability [ 55, 56 ].  Both 

rox1 and rox2 RNAs have several alternative transcribed products by using multiple 5’ and 3’ 

splicing sites between two exons [ 57 ]. 

rox RNAs are highly unstable unless they are co-localized with MSL proteins [ 58 ] . 

Although rox1 and rox2 lack similarity in their primary sequences, they have redundant functions 

in dosage compensation. One possible explanation is that the interaction between the rox RNAs 

and MSL complex is not due to simple binding of MSL proteins to the rox RNA sequences; it 

may involve some more complicated unknown mechanism. It is possible that there is a core rox 

RNA structural element shared by rox1 and rox2, which is important in association with MSL 
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complex. Some studies suggest nascent transcripts of rox genes play an important role in 

initializing the assembly of MSL complex to the X-chromosome [ 59 ].

Stuckenholz et al [ 60 ] discovered that deletions of 10% of the rox1 RNA gene still can 

have rox1 RNA function at nearly normal activity level. They also found that ~900 nts near the 

5’-end of rox1 RNA is very important to its function; if this region was deleted, rox1 RNA would 

completely lose its function. They found a stem-loop structure within the region of ~600 nts near 

the 3’-end of the rox1 RNA, this structure is essential to dosage compensation, and showed that 

mutations disrupting the stem-loop caused defects in its location and processing. Figure 2.1 

describes the series of deletions they created in the rox1 RNA gene.  

 

 
 

 Figure 2.1 Rescue by rox1 deletion constructs. ( Overview of the 5' and the 3' rox1           

constructs and deletions rox1 1–rox1 30 ( Stuckenholz, et al., 2003 ). Where rox1 RNA gene is 

located on the X- chromosome of the position from 3752978 ~ 3756719; while rox1 RNA c20 is 
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324 nts shorter than rox1 RNA from the 5’- end and located on the X- chromosome of the               

position from 3756442 ~ 3756719. The rescue frequency was defined as the ratio of males to 

their respective sisters when roX1- roX2- females were crossed to males carrying a y+ X-

chromosome and a roX1 transgene balanced by either CyO or TM3, depending on whether the 

insertion of the transgene was on the second or third chromosome.( For details see original paper 

at  http://www.genetics.org/cgi/reprint/164/3/1003 and supplements at  

http://www.genetics.org/supplemental/ ).                             

It is a challenge to investigate the causes of redundant function of rox1 and rox2 RNAs. 

Since their primary sequences are not homologous to each other, traditional comparative analysis 

of sequence alignment doesn’t work well. Computational approaches have been successfully 

used in classifying RNAs with the same or similar functions, where they do not have similarities 

in their primary sequences, but they share some common conserved secondary structures. The 

RNAz [ 46 ] and RNAalifold programs [ 37 ]  are designed for constructing the consensus structure 

among aligned sequences. They consider both thermodynamic stability and sequence covariation 

The aim of this study is to explore the possible mechanism of functional redundancy 

within the rox1 RNA gene, to see if there is a similar structure shared by rox1 and rox2 RNAs, 

using a bioinformatic approach. As part of this, we identify new members of the rox RNA gene 

family in the other Drosophila species, simulans, erecta, yakuba, and sechellia. 

MATERIALS AND METHODS 

• Blast search for homologs of rox1 and rox2 genes in Drosophila other species   

We used rox1(gi:1835653) with a sequence length of 3742 nts and rox2 ( gi:1835654 ) 

with sequence a length of 1293 nts ( downloaded from  http:// www.ncbi.nlm.nih.gov ) as query 
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sequences to perform blast searches against Drosophila and other sequences in flybase ( at http:// 

flybase.bio.indiana.edu ). The parameters used were the default parameters. 

• Multiple sequence alignments 

We selected candidate hits with p-value < 0.02 from simulans, erecta, yakuba, and 

sechellia species, then used these hit sequences as inputs to perform multiple sequence 

alignments by CLUSTAL W (1.83) program ( at 

http://www.genebee.msu.ru/clustal/advanced.html ). Based on the initial results of alignments, 

we expanded each hit region in both directions to get a longer conserved alignment ,  then 

checked the alignments with the CLUSTAL W ( 1.83 ) program, identifying highly conserved 

homologs of rox1 and rox2 gene. The default parameters were used in the CLUSTAL W ( 1.83 ) 

program. 

• RNA Structure Prediction 

            We selected candidate conserved 3’end sequences of rox1 and rox2, performed a 

CLUSTAL W (1.83) alignment, then used the best alignment region ( ~200nts ) as an input file to 

run the RNAalifold  [37] program ( http://rna.tbi.univie.ac.at/cgi-bin/alifold.cgi ). The parameters 

used were the default parameters.  

RESULTS 

1. The functional redundancy within rox1 RNA is not due to some sequence similarity 

within rox1 RNA                 

According to Stuckenholz et al’s (2003) report that deletions of 10% of the rox1 RNA 

gene still can keep rox1 RNA function at nearly normal activity level  and ~900 nts near the 5’-

end of rox1 RNA is very important to its function, we looked for the possible reasons of 

functional redundancy within rox1 RNA near 5’-end.  We subdivided the 5’ end of alternative 
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rox1 (gi:12657620)  gene product with length about 900 nts into three sub-regions that 

correspond to Stuckenholz.et al’s experimental analyses.  

            Sub-sequence-1:   7-271        ( 264  bps from 5’end of RNA ) 

            Sub-sequence-2:   252-622    ( 377  bps from 5’end of RNA ) 

            Sub-sequence-3:   586-908    ( 422  bps from 5’end of RNA )      

            First, to test whether there is a similar sequence or pattern existing among these three sub-

regions, two methods were applied: Pairwise Blast ( bl2seq ) and Multiple Sequence Alignment 

CLUSTAL W ( 1.83 ). All the parameters used in the programs are default parameters. Both 

programs give the same result that there is no significant sequential homology within the 5’-end 

of rox1.  

Second, we looked for some possible common secondary structures shared by these three 

sub-regions. We ran the Mfold program ( http://bioweb.pasteur.fr/seqanal/interfaces/mfold-

simple.html ) for each of the three sub-sequences to investigate the possible functional structures 

shared by them. All the parameters used in the programs were default parameters. Most of the 

time, the Mfold program will produce multiple structures for a given sequence. For example, 

Figure 2.2 displays 3 of the 8 candidate structures produced by Mfold for the sequence rox1-sub1 

( 7-271), the energy ranged from - 69.30 Kcal/mol to -72.60 Kcal/mol. We can see the energy of 

the two structures in panel B and panel C in Figure 2.2 are close to each other, but their structures 

were quite different.  I picked the most similar structures among these three rox1-sub sequences 

after removing overlapping parts, and show the results in Figure 2.3.  The red box regions 

indicate candidate common structure. 
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A  dG = -72.60 Kal /mol          B dG = -69.50 Kal /mol      C dG = -69.30 Kal /mol 
 

 

 
Figure 2.2  Predicted structures of rox1-sub1 ( 7-271 ) by Mfold  
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( rox1-sub1: 7-271 ;  rox1-sub2: 252-622  and  rox1-sub3: 586-908 ) as displayed in the Figure 

2.5. The red box region indicates a potential common structure shared by these three regions. It 

seems that both Mfold and RNAalifold programs produced a similar stem-loop structure. 

 

Figure 2.4 Alignment of three sub-regions of rox1(rox1-sub1: 7-271; rox1-sub2: 252-622;  rox1-

sub3: 586-908)  from CLUSTAL W ( 1.83 ). 
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Figure 2.5 Common structure shared within 5’-end of rox1 RNA. ( Partial output from RNAz: 

Sequences: 3 (number of input sequences ); Columns: 174 ( length of input sequences, including 

gaps ); Consensus MFE: -2.38 Energy; Mean pairwise identity: 38.1 ( average of identity 

between two sequences ); Structure conservation index: 0.05;  Mean z-score:  -1.53 ;            

Mean single sequence MFE( average of minimum free energy for each sequence): -49.45;  SVM 

RNA-class probability: 0.282826 ( predicted probability of functional structure by RNAz ) where 

the nucleotides in the circles mean non-conserved nucleotides.The box indicates potential 

common conserved structure. 

2. Identify candidate members of rox RNAs family in other Drosophila species 

      It has been widely reported that non-coding rox1 and rox2 RNA are involved in dosage 

compensation in male Drosophila melanogaster, but it hasn’t been reported if rox1 and rox2 

RNAs also exist in other Drosophila species. Here, we applied comparative bioinformatic 

methods to identify putative rox1 and rox2 RNAs in other Drosophila species as a prelude to 

consensus structure prediction. 

 23



      We did a blast search for new members of the rox1 and rox2 RNA family in other 

Drosophila species with query sequences of Drosophila melanogaster  rox1(gi:1835653) and 

rox2 (gi:1835654 ) in flybase (at http://flybase.net/blast/ ); we found some highly conserved 

homologues of rox1 and rox2 RNAs, respectively, and estimated the length of candidate rox 

RNAs according to the extent of conservation ( see Figure 2.6 and Figure 2.7 ). The boxes of 

sub1, sub2, sub3, sub4, sub5 and sub6 indicate the conserved regions of rox1 RNA; the average 

of the mean pairwise identity of these regions is 0.89 among Drosophila species. Similarly, the 

sub1 and sub2 regions of rox2 RNAs have mean pairwise identity of 0.91 and 0.93 respectively. 

The solid lines show the regions that have a lot of sequence variation and the dashed lines show 

the rox1 RNA sequence with full length of 3742 nts and rox2 RNA sequence with length of 581 

nts in Drosophila melangoster.  

 

Figure 2.6 Candidate rox1 RNAs in Drosophila simulans, yakuba, sechelli, and erecta   
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melanogaster 

  Figure 2.7 Candidate rox2 RNAs in Drosophila simulans, yakuba, sechellia 

3. There are some common conserved predicted structures of rox RNAs shared 

among different Drosophila species 

      We picked the sub2 region of rox1 RNA as described in Figure 2.6. The alignment was 

performed by the program clustalw( 1.83 ) ( Figure 2.8 ).We used this set of aligned sequences to 

run the RNAalifold  and RNAz programs, and obtained a predicted common consensus structure 

for this region.( Figure 2.9 ). Since the RNAz algorithm works better with input sequence length 

less than 200 nts, we shortened the sequences by removing 130 nts from 3’-end and removing 20 

nts from 5’-end from the alignment in the Figure 2.8, then re-ran Clustalw ( 1.83 ) to obtain the 

alignment described in Figure 2.10. There is no significant difference between these two sets of 

alignments except the length of aligned sequences. We used the alignment showed in Figure 2.10 

to run RNAalifold program and obtained the predicted structure shown in Figure 2.11.  

       581 nts 
sub1 sub2 

sechellia 
     543 nts 

simulans 
      524nts 

yakuba 
     538 nts 
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Figure 2.8 Sequence alignments of rox1-sub2 region among Drosophila Melanogaster, simulans, 

sechellia, erecta, yakuba 
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 Figure 2.9 Predicted common consensus structure for rox1-sub2 region among  Drosophila 

melanogaster, simulans, sechellia, erecta, yakuba from the RNAz. 

( Partial RNAz output: Sequences: 5; Columns: 331;  Mean pairwise identity: 93.16; Mean single 

sequence MFE: -106.46; Consensus MFE:  -90.42 Energy; Mean z-score:   -1.33; SVM RNA-

class probability: 0.6599 ) 
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Figure 2.10 Shortened sequence alignments of rox1-sub2 region among Drosophila 

melanogaster, simulans, sechellia, erecta, yakuba 
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Figure 2.11   Predicted common consensus structure for shortened rox1-sub2 region among 

Drosophila melanogaster, simulans, sechellia, erecta, yakuba from the RNAz. 

( Partial RNAz output:   Sequences: 5;Columns: 181;  Mean pairwise identity:  92.35; 

Mean single sequence MFE: -49.39; Consensus MFE: -44.06; Mean z-score: -0.98;   

SVM RNA-class probability: 0.267851) 

4. We found there is potential small common consensus structure near the 3’end  

shared by both rox1 and rox2 RNAs 

Previous studies indicated that nascent synthesized rox RNAs play an important role in 

initializing the MSL complex assembly and binding to the X-chromosome, so we proposed that 

there could be a common structure shared by rox1 and rox2 RNAs. We aligned rox1 and rox2 

RNAs near the 5’-end ( ~200 nts ) among several Drosophila species by running Clustalw (1.83) 

program, but we failed to find significant homologues  in their primary sequences. In addition, 
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the 3’-ends of rox RNAs are also very important to their function, so we looked for a potential 

common structure for rox1 and rox2 RNAs around this region. Similarly, we aligned the 3’-end 

of rox1 RNA and rox2 RNA ( ~100 nts ) among Drosophila species using the Clustalw ( 1.83 ) 

program. We obtained two sets of alignments (see Figure 2.12 and Figure 2.13), the only 

difference between these two sets of sequences is that the second set has three additional 

sequences of  rox1- erecta, rox1- sechellia and rox1- simulans; then we used these two sets of 

aligned sequences to run RNAalifold and RNAz  programs, obtaining a common structure 

predicted to be shared by both rox1 and rox2 RNAs (Figure 2.14).  

Although these two sets of sequences yielded the same structure, their RNAz outputs are 

quiet different, especially the prediction probabilities were reduced from 0.920797 with 6 

sequences to 0.6523 with 9 sequences.   

 

 
Figure 2.12   Alignment of the 3’-end of rox1 and rox2 RNAs ( rox1-melanogaster, rox1-yakuba; 

rox2-melanogaster, rox2-sechellia, rox2-erecta, rox2-yakuba)   
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Figure 2.13 Alignment of 3’-end of rox1 and rox2 RNAs (rox1-melanogaster, rox1-simulans, 

rox1-sechellia, rox1-erecta, rox1-yakuba; rox2- melanogaster, rox2-sechellia, rox2-erecta, rox2-

yakuba) 
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5’ 

            

Figure 2.14   Predicted common structure shared by 3’rox1 and rox2 RNAs. 

( Partial RNAz output Sequences: 6; Columns: 112; Consensus MFE: -8.80 Energy;                                 

Structure conservation index: 0.37;  Mean pairwise identity: 73.14; Mean single sequence MFE: -

23.96; Mean z-score: -2.34; SVM RNA-class probability:  0.920797.Where the nucleotides in the 

circles mean non-conserved nucleotides. The box indicates potential common conserved 

structure) 
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CHAPTER  3 

CONCLUSIONS AND FUTURE STUDIES  

 

In some mammals and flies, dosage compensation is essential for males to equalize the 

expression of X-linked genes between two sexes [ 48 ]. In Drosophila, the male-specific lethal 

complex ( MSL ) spreads along the X-chromosome to up-regulate transcription rate of X-linked 

genes about 2-fold. It is believed that un-translated rox1 RNA and un-translated rox2 RNA 

provide a nucleation site for the MSL complex to remodel the male’s X-chromosome by 

covalently modifying the terminal tails of histone [ 49 ] . The rox RNAs join the complex at their 

synthesis sites in cis. Simultaneous mutation of both rox genes can cause a striking male-specific 

reduction in viability. 

In Stuckenholz et al’s study ( 2003 ), they deleted 10% of the rox1 RNA gene and found 

that rox1 RNA still can function at nearly normal activity level, but the mechanism is unknown. 

We explored possible reasons for functional redundancy within rox1 RNA in the 900 nts near the 

5’-end. The results from Pairwise Blast ( bl2seq ), Lalign [ 61 ]  and multiple sequence alignment 

by CLUSTAL W ( 1.83 ) all indicated that there is no significant sequential homology within the 

5’-end of rox1 RNA. We can conclude that the functional redundancy within rox1 RNA is not 

due to some sequence similarity within rox1 RNA. The RNAz program predicted there is a stem 

loop structure shared by these three sub-regions ( see Figure 2.5 ). The redundant function of the 

rox1 5’-end ~900 nts may be due to a stem loop structure with weak signal; the predicted 

probability of the functional structure ( SVM RNA-class probability ) by RNAz is 0.282826. It 

might be worth testing the function of this stem loop structure by changing base pairs to disrupt 

the stem to check if rox1 RNA still can function normally. 
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rox1 and rox2  RNAs show functional redundancy in dosage compensation although they 

lack similarity in their primary sequences. This redundant function may be related to a potential 

core rox RNA structural element shared by rox1 and rox2. Previous studies uncovered the 

observation that nascent rox RNA transcripts play an important role in initializing the assembly 

of MSL complex to the X-chromosome [ 59 ]
. 

 We aligned rox1 and rox2 RNAs near the 5’-end ( 

~200 nts ) among several Drosophila species, but we failed to find significant homologies  in 

their primary sequence.  In addition, the 3’-ends of rox RNAs are also very important to their 

function, We aligned the 3’-end of rox1 RNA and rox2 RNA ( ~100 nts ) among Drosophila 

species and obtained a predicted common structure ( see Figure 2.14 ), which is shared by both 

rox1 and rox2 RNAs with high a probability of 0.920797. This common consensus structure ( a 

double internal loop ) was produced by the RNAz program. We observed that the number of 

input sequences had a big effect on the prediction probabilities, such as the SVM RNA-class 

probabilities were reduced from 0.920797 with 6 sequences to 0.6523 with 9 sequence even 

though the two sets of alignments are almost the same ( see Figure 2.12  and Figure 2.13 ). Thus, 

a  

limitation of this program is that RNAz works well for alignments with sequence less  

than 6. 

Although non-coding rox1 and rox2 RNA have been widely studied in Drosophila 

melanogaster, it hasn’t been reported if rox1 and rox2 RNAs also exist in other Drosophila 

species. Here, we identified putative rox1 and rox2 RNAs  in other Drosophila species ( see 

Figure 2.6 and Figure 2.7 ) . The conservation of nucleotides in their primary sequences is very 

high among several Drosophila species. The average mean pairwise identity of sub1 (256 nts 

described in Figure 2.7)  and sub2 (187 nts described in Figure 2.7) of rox2 RNAs among 
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Drosophila melanogaster, simulans, yakuba, sechellia is up to 0.92, and 443 nts out of a total 

581 nts of  the major product of rox2 RNA were very conserved. Similarly, we found that 3613 

nts out of a  total of 3742 nts of rox1 RNA were conserved and the mean pairwise identity was as 

high as 0.89 among Drosophila melanogaster, simulans, yakuba, sechelli and erecta.  

Future experiments should include RT-PCR to confirm our prediction of these candidate 

RNA members of rox RNA gene family in Drosophila species. The method would be applied as 

described in Smith et al’s paper ( 2000) [ 62 ]. A forward primer for rox2 RNA is 5’-

GGTAGCTCGGATGGCCATCGAAAGGGTA-3’, and a reverse primer  is 5’- 

GACTGGTTAAGGCGCGTAAAACGTTACC-3’.  For the rox1 RNA, we can use following 

three pairs of  primers: forward primers are  5’- 

GGCTAAGTGGAAACTTCTCGTAAGAAACTC-3’;  5’-CCCAGAAGAAACTGCCACTGC-

3’; 5’- CCCAGAAGAAACTGCCACTGC-3’, and reverse primers are 5’-

TGAATCCCGGGTGGATACGATTGTAG-3’; 5’- AATGTCCCTTTTCGAGCG-3’; and 5’- 

TCCGCGAGGCTCCAAGTTTCG-3’ respectively. 

       We ran the RNAalifold and RNAz programs for each conserved sub-region of rox RNAs 

in Figure 2.6 and Figure 2.7, and we obtained the predicted the common conserved structures of 

rox RNAs shared among different Drosophila species. We only listed the results of rox1-sub2 

region here (see Figure 2.9 and Figure 2.11) because although most regions are very conserved, 

there is still some variation within this region. We also noticed that the SVM RNA-class 

probability was reduced from 0.6599 to 0.267851 as the same set of alignments shortened ( see 

Figure 2.8 and Figure 2.10 ); the RNAalifold algorithm is sensitive to the length of the 

alignments and usually works well with the sequences length less than 200 nts. 
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 It difficult to evaluate the prediction result of RNA secondary structure from various kinds 

of software because the predicted structure is highly dependent on the length of the RNA 

sequences and the base composition. The correct prediction rate of the widely applied Zuker’s 

Mfold is still not high since there are not enough experimental thermostable parameters available 

to build models. It is also difficult to choose among the multiple output predictions. To confirm 

the results from the RNAalifold program, I also ran a similar program, the RNAz algorithm to 

predict the common structures shared by several Drosophila species. The RNAz algorithms can 

detect evolutionarily conserved and thermodynamically stable RNA secondary structures from 

multiple sequence alignments. The results of the RNAz can be affected by several factors, so 

how to determine a reliable conclusion based on the RNAz output is complex. From the results 

described above, we can see the SVM-RNA class probability is very sensitive to the number of 

sequences in an alignment and the length of an alignment. Here will discuss several factors that 

influence the interpretation of if a set of aligned RNA sequences containing a common consensus 

structure ( see RNAz  Manual ).  

( 1 ) The Structure Conservation Index ( SCI ) measures the structure conservation, which 

is the ratio of consensus RNA structure Minimum Free Energy ( EA ) to individual single RNA 

structure Minimum Free Energy ( Ē ) , SCI = EA/Ē. SCI depends on the number of sequences in 

the alignment and mean pairwise identity. The RNAz works well for an alignment limited to 6 

sequences. When the SCI is above or close to the mean pairwise identity, this indicates a strong 

signal that the structure is a conserved fold. For example, an RNAz output with the mean 

pairwise identity of 0.95 and SCI of 0.80 doesn’t mean the structure is more conserved than a set 

of alignment with same number of sequences with mean pairwise identity of 0.60 and SCI of 

0.75. ( 2 ) The z-score of Minimum of Free Energy is not strictly normally distributed, but a z-
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score below -3 usually indicates a very stable structure. In the meanwhile, for a given z-score, the 

higher the mean pairwise identity of  the alignment is, the higher false positive will be. An 

alignment with mean pairwise identity of 0.95 is more likely to obtain a z-score of - 4 by chance 

than an alignment with mean pairwise identity of 0.70. ( 3 ) The SVM RNA-class classification 

probability is also called the “decision-value”, this value is not a P-value since there is no 

underlying statistical model applied. The RNAz program uses an ad hoc machine learning 

machine to calculate this classification probability.  It is hard to say a prediction with a SVM 

RNA-class classification probability of 0.95 is more reliable than a prediction with a SVM RNA-

class classification probability of 0.90 without considering other factors. The limitations of 

applying RNAz are that RNAz could produce reliable prediction of the RNA structure for a set of 

alignment only when: the number of sequences in the alignment around 5 or 6, but no more than 

6; the length of sequences is less than 200 nucleotides; the mean pairwise identity of the 

alignments is around 0.80, but no less than 0.60. 

       Our prediction of the common structure shared by rox1 and rox2 near 3’-end , a double 

internal loop structure, is a significantly statistical signal since the z-score is as low as -2.34, 

mean pairwise identity is 0.73 and SVM RNA-class probability is 0.92 except the SCI is a little 

low as 0.37. All these features suggest it might be worth doing an experiment to test this 

structure. We could use the in-line probing assay method [ 63,  64 ] to confirm our prediction, where 

we will label the 5’-end of rox RNAs with 32 P and use RNase T1 to digest the RNAs of 

Drosophila species sequence, then run a gel to resolve the fragments.  

        My experience with these programs suggests the RNAalifold and RNAz can produce 

structural predictions that are worth performing lab experiments to test. 
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B. The alignment of sub2- rox1 RNAs among Drosophila Species Clustalw (1.83) 
 

 46



 
 

 47



C. The alignment of sub3- rox1 RNAs among Drosophila Species Clustalw (1.83) 
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D. The alignment of sub4- rox1 RNAs among Drosophila Species Clustalw (1.83) 
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E. The alignment of sub5- rox1 RNAs among Drosophila Species Clustalw (1.83) 
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F. The alignment of sub6- rox1 RNAs among Drosophila Species Clustalw (1.83) 
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G. The alignment of rox1 RNA among Drosophila species between sub1 and sub2  
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I. The alignment of sub1- rox2 RNAs among Drosophila Species Clustalw (1.83) 
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J. The alignment of sub2- rox2 RNAs among Drosophila Species Clustalw (1.83) 
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L. The alignment of rox2 RNA among Drosophila species between sub1 and sub2  
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