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ABSTRACT

HIDDEN MARKOV MODEL-BASED HOMOLOGY SEARCH AND GENE PREDICTION IN
NGS ERA

By

Prapaporn Techa-angkoon

The exponential cost reduction of next-generation sequencing (NGS) enabled researchers to

sequence a large number of organisms in order to answer various questions in biology, ecology,

health, etc. For newly sequenced genomes, gene prediction and homology search against charac-

terized protein sequence databases are two fundamental tasks for annotating functional elements

in the genomes. The main goal of gene prediction is to identify the gene locus and their structures.

As there is accumulating evidence showing important functions of RNAs (ncRNAs), comprehen-

sive gene prediction should include both protein-coding genes and ncRNAs. Homology search

against protein sequences can aid identification of functional elements in genomes. Although there

are intensive research in the fields of gene prediction, ncRNA search, and homology search, there

are still unaddressed challenges. In this dissertation, I made contributions in these three areas.

For gene prediction, I designed an HMM-based ab initio gene prediction tool that considers G+C

gradient in grass genomes. For homology search, I designed a method that can align short reads

against protein families using profile HMMs. For ncRNA search, I designed an ncRNA alignment

tool that can align highly structured ncRNAs using only sequence similarity. Below I summarize

my contributions.

Despite decades of research about gene prediction, existing gene prediction tools are not care-

fully designed to deal with variant G+C content and 5′-3′ changing patterns inside coding regions.

Thus, these tools can miss genes with positive or negative G+C gradient in grass genomes such as

rice, maize, sorghum, etc. I implemented a tool named AUGUSTUS-GC that accounts for 5′-3′



G+C gradient. Our tool can accurately predict protein-coding genes in plant genomes especially

grass genomes.

A large number of sequencing projects produced short reads from the whole genomes or tran-

scriptomic data. I designed a short reads homology search tool that employs paired-end reads to

improve homology search sensitivity. The experimental results show that our tool can achieve sig-

nificantly better sensitivity and accuracy in aligning short reads that are part of remote homologs.

Despite the extensive studies of ncRNA search, the existing tools that heavily depend on the

secondary structure in homology search cannot efficiently handle RNA-seq data that is accumu-

lating rapidly. It will be ideal if we can have a faster ncRNA homology search tool with similar

accuracy as those adopting secondary structure. I implemented an accurate ncRNA alignment tool

called glu-RNA that can achieve similar accuracy to structural alignment tools while keeping the

same running time complexity as sequence alignment tools. The experimental results demonstrate

that our tool can achieve more accurate alignments than the popular sequence alignment tools and

a well-known structural alignment program.



To my beloved family, my tireless teachers, my encouraging friends, and the inspired scientists

iv



ACKNOWLEDGMENTS

The completion of this dissertation would not have been possible without the support, encourage-

ment, and guidance of several people. I would like to express my sincere gratitude to all of them.

First of all, I would like to express the deepest appreciation and thanks to my advisor, Dr. Yanni

Sun, for accepting me into her research group and all her excellent support, valuable guidance,

understanding, patience, and encouragement that she gave me throughout my research and disser-

tation work in the fields of Computational Biology and Bioinformatics. It was a pleasure working

with her and learning from her research expertise.

I am also grateful my Ph.D. guidance committee members: Dr. Shin-Han Shiu, Dr. Eric

Torng, and Dr. Jin Chen, for their interest in my work and their precious time. They gave me a

lot of important suggestions, helpful discussions, and information throughout my Ph.D. program.

I also gratefully acknowledge Dr. C. Titus Brown, Dr. Kevin Childs, and Dr. Tiffany Liu for

their valuable time, useful suggestions, and all research support. I would also like to thank all

the faculty and staff members in the Department of Computer Science and Engineering who have

taught me or assisted me. Without their support, my work would have undoubtedly been much

more challenging.

I also want to thank my lab mates, Dr. Yuan Zhang, Dr. Rujira Achawanantakun, Dr. Jikai Lei,

Dr. Cheng Yuan, Jiao Chen, and Nan Du for providing a friendly working environment, discussing

and cooperating on various research topics. I would also like to thank Yuanchun Zhao, Xiaoqing

Zhu, Ke Shen, Dr. Aditya K. Sood, Dr. Surangkana Rawangyot, Worawut Srisukkham, Chotirat

Rattanasinchai, Suttipun Sungsuwan, other graduate students in the department, and my friends in

Thailand for their support and help in my daily life and useful discussions throughout these years.

I would also like to acknowledge Panjasawatwong family and Techa-angkoon family especially

v



my beloved parents for their love, care, and support. I thank you for taking care of my little son

and daughter. I thank you from the bottom of my heart. I would also like to give my special thanks

to my husband, Krit Panjasawatwong, for patient love, hard work, endless help, support and en-

couragement throughout my life and my Ph.D. program. I thank you for working hard and raising

our little son and daughter. I also thank my little son and daughter, Danuphat Panjasawatwong and

Chanyaphach Panjasawatwong, for making my life more complete and meaningful and being my

great motivation. I love you with all my heart.

Last but not least. I gratefully acknowledge the Royal Thai Government, Faculty of Science at

Chiang Mai University, NSF CAREER Grant DBI-0953738, NSF IOS-1126998, Dr. Yanni Sun,

and my husband for financial support throughout these years. I would like to thank the staff at the

Office Of Education Affairs (OEADC), all faculty and staff members at Faculty of Science, Chiang

Mai University for all help and support during my graduate study.

vi



TABLE OF CONTENTS

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

Chapter 1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 Gene prediction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Prokaryotic gene prediction . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.1.2 Eukaryotic gene prediction . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Homology search . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.2.1 The challenges of homology search in large-scale genomic data . . . . . . 5

1.2.1.1 Next-generation sequencing technology . . . . . . . . . . . . . . 5
1.2.1.2 The challenges of homology search for next-generation sequenc-

ing data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.2.1.3 Non-coding RNA homology search in large-scale genomic data . 8

1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

Chapter 2 a Review of Markov Chain and Hidden Markov Models . . . . . . . . . 12
2.1 Hidden Markov Models (HMMs) . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.1.1 Markov Chains . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.1.2 Hidden Markov models . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1.2.1 The most probable state path: Viterbi Algorithm . . . . . . . . . 15
2.1.2.2 The Forward Algorithm . . . . . . . . . . . . . . . . . . . . . . 17
2.1.2.3 The Backward Algorithm . . . . . . . . . . . . . . . . . . . . . 18

Chapter 3 AUGUSTUS-GC: a Gene Prediction Model accounting for 5′-3′ G+C
Gradient . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.2.1 The Hidden Markov Model of AUGUSTUS-GC . . . . . . . . . . . . . . . 21
3.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.3.1 Gene Prediction in Arabidopsis Thaliana . . . . . . . . . . . . . . . . . . 29
3.3.1.1 Training the HMM model . . . . . . . . . . . . . . . . . . . . . 29
3.3.1.2 Performance comparison between different gene prediction tools 30

3.3.2 Gene Prediction in Oryza Sativa . . . . . . . . . . . . . . . . . . . . . . . 33
3.3.2.1 Gene Identification in Oryza Sativa obtained from Childs Lab,

Department of Plant Biology, Michigan State University . . . . . 34
3.3.2.2 Finding genes in Oryza Sativa retrieved from Stanke et al . . . . 38

Chapter 4 Sensitive Short Read Homology Search for Paired-End Read Sequenc-
ing Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

vii



4.1.0.3 Is HMMER good enough for short-read homology search? . . . . 46
4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.2.1 Constructing fragment length distribution . . . . . . . . . . . . . . . . . . 50
4.2.2 Probabilistic model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.3 Experimental results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.3.1 Profile-based short read homology search in Arabidopsis Thaliana RNA-

Seq dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
4.3.1.1 Determination for true membership of paired-end reads . . . . . 54
4.3.1.2 Performance of fragment length distribution . . . . . . . . . . . 55
4.3.1.3 Our method can align significantly more reads . . . . . . . . . . 55
4.3.1.4 Sensitivity and accuracy of short read homology search . . . . . 56

4.3.1.4.1 Performance of case 1: . . . . . . . . . . . . . . . . . . 57
4.3.1.4.2 Performance of case 2: . . . . . . . . . . . . . . . . . . 57

4.3.1.5 Performance evaluation on domain-level . . . . . . . . . . . . . 59
4.3.1.6 Running time analysis . . . . . . . . . . . . . . . . . . . . . . . 61

4.3.2 Profile homology search for short reads in a metagenomic dataset from
synthetic communities . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.3.2.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.3.2.2 Determination of true membership of paired-end reads . . . . . . 62
4.3.2.3 Performance of fragment length distribution . . . . . . . . . . . 63
4.3.2.4 Our method can align more reads . . . . . . . . . . . . . . . . . 63
4.3.2.5 Sensitivity and accuracy of short read homology search . . . . . 63

4.3.2.5.1 Case 1: one end is aligned by HMMER . . . . . . . . . 63
4.3.2.5.2 Case 2: both ends are aligned by HMMER . . . . . . . 65

4.3.2.6 Domain-level performance evaluation . . . . . . . . . . . . . . . 65
4.3.2.7 Running time on a metagenomic dataset of synthetic communities 67

4.4 Discussion and conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

Chapter 5 glu-RNA: aliGn highLy strUctured ncRNAs using only sequence simi-
larity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
5.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
5.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

5.3.1 Alignment path and similarity between two alignments . . . . . . . . . . . 78
5.3.2 Choosing the base alignment . . . . . . . . . . . . . . . . . . . . . . . . . 80
5.3.3 Improving alignment accuracy using machine learning methods . . . . . . 82

5.3.3.1 Constructing a legal alignment . . . . . . . . . . . . . . . . . . . 84
5.3.4 Running time analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5.4 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
5.4.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5.4.1.1 Training data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
5.4.1.2 Testing data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.4.2 Performance comparison between different classification and regression
models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.4.3 Performance comparison of different alignment programs . . . . . . . . . . 92

viii



5.4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96
5.5 Conclusion and future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

Chapter 6 Conclusion and Future Work . . . . . . . . . . . . . . . . . . . . . . . . 99

BIBLIOGRAPHY . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

ix



LIST OF TABLES

Table 3.1: Performance comparison of gene prediction tools on Arabidopsis Thaliana. The
transition probabilities were divided into three equal portions. Bold number
indicates that sensitivity or specificity of AUGUSTUS-GC are higher than those
of AUGUSTUS. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

Table 3.2: Performance comparison of gene prediction tools on Arabidopsis Thaliana. The
transition probabilities was trained by computing maximum likelihood estima-
tion. Bold number indicates that sensitivity or specificity of AUGUSTUS-GC
are higher than those of AUGUSTUS. . . . . . . . . . . . . . . . . . . . . . . . 31

Table 3.3: Performance comparison of gene prediction approaches on Oryza Sativa ob-
tained from Childs Lab. The transition probabilities were divided into three
equal parts. Bold number indicates that sensitivity or specificity of AUGUSTUS-
GC are higher than those of AUGUSTUS. . . . . . . . . . . . . . . . . . . . . 36

Table 3.4: Performance comparison of gene prediction approaches on Oryza Sativa ob-
tained from Childs Lab. The transition probabilities was calculated by using
maximum likelihood estimation. Bold number indicates that sensitivity or
specificity of AUGUSTUS-GC are higher than those of AUGUSTUS. . . . . . . 36

Table 3.5: Performance comparison of gene prediction tools on Oryza Sativa provided by
Stanke et al. The transition probabilities were divided into three equal parts.
Bold number indicates that sensitivity or specificity of AUGUSTUS-GC are
higher than those of AUGUSTUS. . . . . . . . . . . . . . . . . . . . . . . . . . 39

Table 3.6: Performance comparison of gene prediction tools on Oryza Sativa provided by
Stanke et al. The transition probabilities was trained using maximum like-
lihood estimation. Bold number indicates that sensitivity or specificity of
AUGUSTUS-GC are higher than those of AUGUSTUS. . . . . . . . . . . . . . 39

Table 4.1: The performance of HMMER under different cutoffs on classifying reads in the
Arabidopsis Thaliana RNA-Seq dataset. There are 2,972,809 paired-end reads
being uniquely mapped to 3,577 annotated protein domain families in the refer-
ence genome. However, HMMER under E-value cutoff 10 missed at least half
of the reads when aligning these reads to input domains. The alignments by
HMMER can be divided into three cases. Case 1: only one end can be aligned
to one or multiple domains. Case 2: both ends can be aligned to one or multiple
domains. Case 3: no end is aligned to any domain. In the table, the percent-
age of a case can be represented by each number. “HMMER w/o filtration”
represents shutting off all filtration steps and running full Forward/Backward.
“HMMER GA cutoff” represents applying HMMER with gathering thresholds. . 46

x



Table 4.2: The percentages of all three cases of paired-end read alignments by HMMER
and our tool for the RNA-Seq data. Case 1 represents one end. Case 2 represents
both ends. Case 3 represents no end. . . . . . . . . . . . . . . . . . . . . . . . 56

Table 4.3: The running time of HMMER under different cutoffs and our tool on the Ara-
bidopsis Thaliana RNA-Seq dataset. Note: The running time is the total run-
ning time of homology search tool to align 9,559,784 paired-end reads with
3962 domains. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

Table 4.4: The percentages of all three cases of paired-end read alignments by HMMER
and our tool for the synthetic metagenomic data. Case 1 represents one end.
Case 2 represents both ends. Case 3 represents no end. . . . . . . . . . . . . . . 64

Table 4.5: The running time of HMMER under different cutoffs and our tool on a metage-
nomic dataset of synthetic communities. Note: The running time is the overall
running time of homology search tool to align 52,486,341 reads with 111 do-
mains. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

Table 5.1: Number of best alignments generated by four sequence alignment tools for
662 pairs of tRNAs and Riboswitches. Note that N-W is Needleman-Wunsch.
ClustalW, a multiple sequence alignment tool, can also be applied to a pair of
sequences. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

Table 5.2: Information of the Training Data Set . . . . . . . . . . . . . . . . . . . . . . . 87

Table 5.3: Information of the Testing Data Set. Note that there is no overlap between the
training and testing data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

Table 5.4: The accuracy of different models. . . . . . . . . . . . . . . . . . . . . . . . . . 92

Table 5.5: Average distances of different alignment programs on 360 pairs of ncRNAs in
the testing data set. Bold number represents the lowest average distance for an
ncRNA family. Underlined numbershows the second lowest average distance
for an ncRNA family. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

Table 5.6: Average distances of different alignment programs on 58 pairs of sequences in
five families with sequence similarity below 40%. Bold number represents the
lowest average distance. Underlined numbershows the second lowest average
distance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

xi



LIST OF FIGURES

Figure 1.1: Prokaryotic gene structure. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

Figure 1.2: Eukaryotic gene structure. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

Figure 1.3: Simplified representation of next generation sequencing technology that pro-
duce single-end reads or paired-end reads. First, the reference genome se-
quence is fragmented. For single-end sequencing, one end of DNA fragment
is sequenced. For paired-end sequencing, both ends of fragmented DNA are
sequenced. Insert size is the length of sequence Read 1 and Read 2 as well as
unknown sequence between read pair. . . . . . . . . . . . . . . . . . . . . . . 7

Figure 1.4: A tRNA sequence and its secondary structure . . . . . . . . . . . . . . . . . . 9

Figure 2.1: An example of Markov Chain . . . . . . . . . . . . . . . . . . . . . . . . . . 13

Figure 2.2: An example of Markov Chain. Begin and end states are added to a Markov
chain model for modelling the beginning and the ending of a sequence. . . . . 14

Figure 3.1: The state diagram of ab initio AUGUSTUS [101].The states beginning with r
represents the reverse strand. Esingle: a single exon. Einit : the initial coding
exon of a multi-exon gene. DSS: a donor splice site. Ishort: an intron emitting
at most d nucleotides. Ifixed: a longer intron with the first d nucleotides. Igeo:
a longer intron emitting one nucleotide at a time after the first d nucleotides.
ASS: an acceptor splice site with branch point. E: an internal coding exon
of a multi-exon gene. Eterm: the last coding exon of a multi-exon gene. IR:
intergenic region. Diamonds represent the states that emit fixed length strings.
Ovals represent the states including explicit length distribution. The numbers
at the arrows show the transition probabilities. The exponents 0, 1, and 2
represent the reading frame phase. For an exon state, this is the position of the
last base of the exon in its codon. For the other states, the exponent are the
preceding-exon phase. The small circles represent silent states. . . . . . . . . . 22

xii



Figure 3.2: The state diagram of AUGUSTUS-GC. The states beginning with r represents
the reverse strand. EH

single: a single exon of high G+C content. EM
single: a

single exon of medium G+C content. EL
single: a single exon of low G+C con-

tent. Einit H: the initial coding exon of a multi-exon gene with high G+C con-
tent. Einit M : the initial exon of a multi-exon gene with medium G+C content.
Einit L: the initial exon of a multi-exon gene with low G+C content. DSS: a
donor splice site. Ishort: an intron emitting at most d nucleotides. Ifixed: a
longer intron with the first d nucleotides. Igeo: a longer intron emitting one nu-
cleotide at a time after the first d nucleotides. ASS: an acceptor splice site with
branch point. EH: an internal coding exon of a multi-exon gene with high G+C
content. EM: the internal exon of a multi-exon gene with medium G+C con-
tent. EL: the internal exon of a multi-exon gene with low G+C content. EH

term:
the last coding exon of a multi-exon gene with high G+C content. EM

term: the
terminal exon of a multi-exon gene with medium G+C content. EL

term: the ter-
minal exon of a multi-exon gene with low G+C content. IR: intergenic region.
Diamonds represent the states that emit fixed length strings. Ovals represent
the states including explicit length distribution. The numbers at the arrows
show the transition probabilities. The exponents 0, 1, and 2 represent the read-
ing frame phase. For an exon state, this is the position of the last base of the
exon in its codon. For the other states, the exponent are the preceding-exon
phase. The small circles represent silent states. . . . . . . . . . . . . . . . . . 23

Figure 3.3: The example of a gene with G+C content gradient in Oryza Sativa data set.
X-axis represents exon index. Y-axis represents G+C content. . . . . . . . . . 27

Figure 3.4: G+C Content of Arabidopsis Thaliana data set . . . . . . . . . . . . . . . . . 30

Figure 3.5: An example of a predicted gene with G+C content gradient of Arabidopsis
Thaliana data set. This gene was predicted by AUGUSTUS-GC. X-axis rep-
resents exon index. Y-axis represents G+C content. . . . . . . . . . . . . . . . 32

Figure 3.6: G+C Content of the first data set of Oryza Sativa . . . . . . . . . . . . . . . . 34

Figure 3.7: G+C Content of the second Oryza Sativa data set . . . . . . . . . . . . . . . . 35

Figure 3.8: A predicted gene on forward strand with G+C content gradient of the first
Oryza Sativa data set. X-axis represents exon index. Y-axis represents G+C
content. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

Figure 3.9: Three predicted genes on reverse strand with G+C content gradient of the first
Oryza Sativa data set. X-axis represents exon index. Y-axis represents G+C
content. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

xiii



Figure 3.10: An example of a uniquely predicted gene on reverse strand with G+C con-
tent gradient of second Oryza Sativa data set. However, regular AUGUSTUS
cannot detect it. X-axis represents exon index. Y-axis represents G+C content. 41

Figure 3.11: First example of a predicted gene on forward strand with G+C content gra-
dient of second Oryza Sativa data set. X-axis represents exon index. Y-axis
represents G+C content. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

Figure 3.12: Second example of a predicted gene on forward strand with G+C content gra-
dient of second Oryza Sativa data set. X-axis represents exon index. Y-axis
represents G+C content. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

Figure 3.13: First example of a predicted gene on reverse strand with G+C content gradi-
ent of second Oryza Sativa data set. X-axis represents exon index. Y-axis
represents G+C content. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

Figure 3.14: Second example of a predicted gene on reverse strand with G+C content gra-
dient of second Oryza Sativa data set. X-axis represents exon index. Y-axis
represents G+C content. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

Figure 3.15: Third example of a predicted gene on reverse strand with G+C content gra-
dient of second Oryza Sativa data set. X-axis represents exon index. Y-axis
represents G+C content. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

Figure 4.1: An example of a protein family, its alignment with a gene, and read mapping
positions of a read pair against the gene. The Pkinase model had annotation
line of consensus structure. The line beginning with Pkinase is the consensus
of the query model. Capital letters show positions of the most conservation.
Dots (.) in this line represent insertions in the target gene sequence with respect
to the model. The midline represents matches between the Pkinase model and
the AT2G28930.1 gene sequence. A + represents positive score. The line
beginning with AT2G28930.1 is the target gene sequence. Dashes (-) in this
line represents deletions in the gene sequence with respect to the model. The
bottom line indicates the posterior probability of each aligned residue. A 0
represents 0-5%, 1 represents 5-15%, ..., 9 represents 85-95%, and * represents
95-100% posterior probability. The line starting with r1 and ending with r2 is
read mapping regions on the gene sequence. A - indicates where the position
of the read can be mapped to the gene sequence. . . . . . . . . . . . . . . . . 48

xiv



Figure 4.2: HMM alignments of a read pair. Paired-end reads r1 and r2 represented by
two greyscale lines are aligned against models M1, M2, and M3 with different
scores of alignments. The darker lines represent bigger scores. The fragment
size distribution is provided above each model. The distance between the two
alignments is computed and is used to compute the likelihood of the corre-
sponding fragment size. In this example, M1 is most likely to be the native
family. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

Figure 4.3: An example of fragment length calculation. The alignment positions along
the profile HMM can be converted into positions in each seed sequences. The
fragment size is computed as the average size of those mapped regions. . . . . 52

Figure 4.4: Comparing fragment length distribution of our method (blue) to fragment
length distribution constructed from read mapping results (red). X-axis rep-
resents the length of fragment in amino acids. Y-axis represents probability
of the corresponding fragment size. . . . . . . . . . . . . . . . . . . . . . . . 56

Figure 4.5: ROC curves of profile-based short read homology search for Arabidopsis RNA-
Seq data. We compared HMMER and our tool on case 1, where one end can
be aligned by HMMER with default E-value. Note that HMMER with GA
cutoff has one data point. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

Figure 4.6: ROC curves of profile-based short read homology search for Arabidopsis RNA-
Seq data. We compared HMMER and our tool on case 2, where both ends are
aligned by HMMER with default E-value. Note that HMMER with GA cut-
off has one data point. Using posterior probability helps remove false aligned
domains and thus leads to better tradeoff between sensitivity and FP rate. . . . 58

Figure 4.7: The distance comparison between our method and HMMER on case 1 of the
RNA-Seq dataset of Arabidopsis. 377 domains with the largest distance val-
ues are listed in the four subplots. X-axis shows the indices of the domains.
Smaller value indicates closer domain abundance to the ground truth. The av-
erage distances of HMMER, HMMER w/o filtration, HMMER GA cutoff, and
our tool are 704.92, 781.80, 1,054.77, and 522.12, respectively. . . . . . . . . 60

Figure 4.8: The distance comparison between our method and HMMER on case 2 of the
RNA-Seq dataset of Arabidopsis. 358 domains with the largest distances are
listed in the four subplots. X-axis shows the indices of the domains. Smaller
value indicates closer domain abundance to the ground truth. The average
distances of HMMER, HMMER w/o filtration, HMMER GA cutoff, and our
method are 818.09, 704.65, 1084.50, and 558.60, respectively. . . . . . . . . . 61

xv



Figure 4.9: Comparing fragment length distribution of our tool (blue) to fragment length
distribution constructed from read mapping results (red). X-axis represents
fragment length in amino acids. Y-axis represents the probability of the cor-
responding fragment size. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

Figure 4.10: ROC curves of profile-based short read homology search for the synthetic
metagenomic data set. We compared HMMER and our tool on case 1, where
one end can be aligned by HMMER with default E-value. Note that HMMER
under GA cutoff has one data point. . . . . . . . . . . . . . . . . . . . . . . . 65

Figure 4.11: ROC curves of profile-based short read homology search for the synthetic
metagenomic data. We compared HMMER and our tool on case 2, where
both ends are aligned by HMMER under default E-value. Note that HMMER
under GA cutoff has one data point. Using posterior probability helps remove
false aligned domains and thus leads to better tradeoff between sensitivity and
FP rate. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

Figure 4.12: The distance comparison between our method and HMMER on case 1 of the
metagenomic data set. X-axis shows the indices of the domains. Smaller
value indicates closer domain abundance to the ground truth. Domains are
sorted based on the distance of our tool. Due to scaling issues, domains with
the largest distances are plotted in the embedded window. . . . . . . . . . . . 67

Figure 4.13: The distance comparison between our method and HMMER on case 2 of the
metagenomic data set. X-axis shows the indices of domains. Smaller value
indicates closer domain abundance to the ground truth. . . . . . . . . . . . . . 68

Figure 5.1: Alignments generated by four alignment programs for a pair of tRNAs with
sequence similarity 80%. X-axis represents sequence 2 and Y-axis represents
sequence 1. The alignment starts with (0,0). . . . . . . . . . . . . . . . . . . . 74

Figure 5.2: Alignments generated by four alignment programs for a pair of tRNAs with
sequence similarity 40%. X-axis represents sequence 2 and Y-axis represents
sequence 1. The alignment starts with (0,0). . . . . . . . . . . . . . . . . . . 75

Figure 5.3: The reference alignment and alignments generated by four alignment pro-
grams for a pair of tRNAs with sequence similarity 40%. The predicted sec-
ondary structures are shown when each alignment is used as input to Pfold, a
structure prediction program. . . . . . . . . . . . . . . . . . . . . . . . . . . 77

Figure 5.4: Construct a legal alignment using local search. × represent nodes in the base
alignment. © represent new positions of nodes in base alignment after exten-
sion. (A). node (3,3) is moved to (3,4), which is represented by �. (B). �
represent inserted nodes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

xvi



Figure 5.5: Types of ncRNAs and their consensus secondary structures (tRNA and ri-
boswitches). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

Figure 5.6: Sequence similarity histogram of training data set. X-axis represents the se-
quence similarity. Y-axis represents the number of ncRNA pairs. . . . . . . . . 88

Figure 5.7: Consensus secondary structures of U2 and gcvT. . . . . . . . . . . . . . . . . 90

Figure 5.8: Comparing the alignments generated by glu-RNA, dpswalign, and Dynalign to
the reference alignment of a THI pair with sequence similarity 45%. glu-RNA
can produce more accurate alignment than dpswalign and Dynalign. . . . . . . 97

xvii



Chapter 1

Introduction

The exponential cost reduction of NGS enables us to sequence many more organisms including

non-model species or any species that are of interest to biologists. Genome annotation, which

labels functional elements inside genomes, is a fundamental step for understanding the functions

of newly sequenced genomes. In particular, gene annotation is a key step in whole genome an-

notation. With increased knowledge about the importance of noncoding RNAs, gene annotation

should include both protein-coding genes and non-coding RNA genes. Homology search is also an

essential task for annotating functional elements in newly sequenced genomes. There has been ex-

tensive research in areas of gene prediction, homology search, and ncRNA search. However, there

are still unaddressed challenges. During my Ph.D. study, I conducted research in these three areas.

I will first describe the background of the three problems. Then I will highlight the unaddressed

challenges. Finally, I summarize my work.

1.1 Gene prediction

With advanced sequencing technology, the number of new genomes has rapidly increased. The

abundance of newly sequenced genomes needs better and efficient computational sequence anal-

ysis methods and tools to understand more about a wide variety of organisms. One of the most

important steps in genome analysis is the identification of all genes in a genome. The objective of

gene prediction is to identify the gene locus and their structure.
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Figure 1.1: Prokaryotic gene structure.
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Figure 1.2: Eukaryotic gene structure.

There are two types of gene prediction distinguished by the organisms: prokaryotes and eu-

karyotes. Prokaryotes like bacteria and archaea are organisms whose cells have no nucleus or any

other membrane-bound compartments. Eukaryotes are organisms whose cells contain nucleus and

membrane-bound organelles [56]. Eukaryotes can be single-celled or multi-celled, and include

animals, plants, fungi, microsporidia, etc. Identifying genes in prokaryotic genomes is less com-

plicated owing to the high gene density and no introns in the protein coding regions. Figure 1.1

shows the structure of the prokaryotic gene. Complete prokaryotic gene structure begins at pro-

moter region. Transcription start site (TSS) indicates the start location of transcription of the gene.

Transcription stop site indicates the stop of transcription. Transcription comprises of 5′ Untrans-

lated region (5′UTR), Open reading frames (ORFs), and 3′UTR. For translation in prokaryotes, a

continuous coding segment from start codon to stop codon will be translated.

Gene prediction in eukaryotes is more challenging due to the exon-intron structure. Figure 1.2

illustrates eukaryotic gene structure. In eukaryotes, the coding genes are not continuous. Most

of the genes are divided into several pieces called exons (initial exons, internal exons, terminal
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exons) that are interspersed with introns. Some genes have only single exon without introns.

Unlike prokaryotic gene structure, eukaryotic gene structure does not have ORF with continuous

segment. Because, significant amounts of non-coding sequences that do not translate into proteins

but the proportion of protein coding genes in the entire genome is relative small [44]. The genome

in eukaryotes is enormous and more complicated than the genome in prokaryotes.

1.1.1 Prokaryotic gene prediction

Identifying genes in a sequence of prokaryotes is less difficult than predicting genes in a genome

of eukaryotes. The gene structure of prokaryotes is less complex than that of eukaryotes because

it does not contain introns. One protein-coding gene in a genome corresponds to one ORF starting

with a start codon and ending with a stop codon. Because the start codon can occur inside a se-

quence of a gene or appear in upstream of the translation start site. The goal of prokaryotic gene

prediction tools is to distinguish between the coding and non-coding regions in the genome and

determine the correct start codon of each gene. In order to identify genes, there are many compu-

tational methods. These methods consist of probabilistic models such as Hidden Markov Models

(HMMs) [61, 92, 23, 11, 55], and machine learning methods such as Support Vector Machines

(SVMs) [49] and Self-Organizing Maps (SOMs) [64].

1.1.2 Eukaryotic gene prediction

Comparing with prokaryotic gene prediction, the gene identification in eukaryotic organisms is a

more challenging problem. Because the genomes are very large, but they contain only a small pro-

portion of protein-coding genes surrounded by the large amounts of non-coding sequence. More-

over, the complicated of gene structure in eukaryotic makes identification of the correct position
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of gene structure in a genome more challenging. Several methods have been implemented. One of

the most widely used approaches for gene finding is based on Hidden Markov Models (HMMs).

Existing gene prediction tools roughly fall into two groups. The first category comprises of ab ini-

tio tools which utilize statistical patterns and an intrinsic information extracting from training data

set to accurately locate the boundaries of coding regions in a query DNA sequence. Many ab initio

tools based on probabilistic models. The success of HMM-based gene prediction has been applied

in HMMgene [50, 51] and VEIL [39]. A very successful extension of HMMs for gene identifica-

tion is Generalized HMM (GHMM). The generalization of standard HMM is to allow variable state

length. GHMM was first implemented for gene prediction tool in GENIE [53] followed by one of

the most famous gene identification GENSCAN [14, 15]. Then, there are many GHMM-based

gene finders including Phat [18], AUGUSTUS [98], Exonomy [65], SNAP [47], TIGRscan [66],

GlimmerHMM [66], etc. The second category consists of comparative tools which employ infor-

mation other than a query sequence. Some extrinsic methods incorporate one or more sequences

from other species and compare a query sequence with the genomic sequences of closely related

species to identify genes. The tools in this group include SLAM [1], SGP2 [81], TWINSCAN [48],

N-SCAN [34], DOUBLESCAN [73], AGenDA [105, 75], etc.

1.2 Homology search

In computational biology, homology search is one of the important steps in biological sequence

analysis. The step of homology search compares a query sequence to another sequence or a se-

quence family database to find statistically significant similarity between sequences. Homologous

sequences share a common ancestry and have the same or similar functions. The state-of-the-

art method for homology search is based on comparative sequence analysis. There are two main
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comparative methods for homology search. One approach for homology search is based on pair-

wise sequence comparison. This approach compares a query sequence against each sequence in a

database and generates pairwise sequence alignment with significant similarity. One of widely used

pairwise homology search tools is BLAST [3]. However, conventional pairwise sequence compar-

ison tools such as BLAST yield low sensitivity for remotely related sequences [80]. Thus, more

sensitivity homology search tools are required [63, 13, 102, 20, 2]. Pairwise sequence comparison

has been extended to multiple sequences and probabilistic models. The second approach for ho-

mology search is profile-based homology search. Profile-based homology search is more sensitive

than pairwise homology search. Profile-based homology search compares a query sequence to pro-

tein domain databases such as Pfam [31], InterProScan [116], FIGfams [72], TIGRFAMs [35], etc.

The majority of profile-based homology search tools make use of Profile Hidden Markov Models

(pHMMs). Profile Hidden Markov Model is a probabilistic model of multiple sequence alignment.

pHMM represents position-specific information embedded in a multiple sequence alignment. In

the protein family database such as Pfam, a pHMM [52] is used to represent sequence conserva-

tion of each column of a multiple sequence alignment. The example of a widely used package for

profile-based homology search is HMMER [29].

1.2.1 The challenges of homology search in large-scale genomic data

1.2.1.1 Next-generation sequencing technology

Sequencing is the method of determining the order of base pairs within a strand of DNA/RNA.

Prior to Next-Generation Sequencing (NGS) technologies, Sanger’s method dominated the se-

quencing market for over 30 years [93, 94]. Sanger’s method is DNA sequencing method based on

chain-terminating inhibitors. However, Sanger sequencing has several limitations. First, Sanger’s
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method requires a large amount of time and resources to sequence and analyze. Using Sanger’s se-

quencing, the first human genome required 10 years to sequence and three more years to complete

the analysis [5, 109]. Due to the high cost of Sanger sequencing, this drawback makes many scien-

tists in small laboratories inaccessible with the budget constraints [60]. Thus, faster, cheaper, and

higher throughput technologies are required. To overcome these limitations of Sanger sequencing,

next-generation sequencing technologies are developed. NGS technologies are massively parallel.

Thus, NGS technologies can produce a large amount of data in a short period of time with low

costs [121, 67, 71, 17]. The NGS technologies are dominated by the following platforms commer-

cialized around 2005: Roche 454 Genome Sequencer, the Illumina Genome Analyzer, Solexa and

the Life Technologies SOLiD System [121]. Currently, Illumina sequencing is the leader of NGS

platform which offers the highest throughput per run and the lowest cost per base [60, 109].

Many NGS technologies can produce single-end and paired-end reads. Single-end sequencing

reads a DNA fragment only one end generating a sequence of base pairs. For paired-end reads, the

paired-end sequencing enables both ends of a DNA fragment to be sequenced to generate a pair of

reads. The main advantage of paired-end sequencing is that the paired-end read contains positional

information which is called insert size. Insert size is the length of sequence Read 1 and Read 2 as

well as the unknown gap between both ends. Many alignment algorithms can use this information

to map the reads to a reference genome leading to more accurate alignment algorithms for short

reads [62, 97]. A simplified representation of single-end sequencing and paired-end sequencing is

illustrated in Figure 1.3. With advances in next generation sequencing (NGS) technologies, using

reads sequenced by NGS technologies enable us to study, analyze, and understand in many aspects

of Biological research.
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Figure 1.3: Simplified representation of next generation sequencing technology that produce
single-end reads or paired-end reads. First, the reference genome sequence is fragmented. For
single-end sequencing, one end of DNA fragment is sequenced. For paired-end sequencing, both
ends of fragmented DNA are sequenced. Insert size is the length of sequence Read 1 and Read 2
as well as unknown sequence between read pair.

1.2.1.2 The challenges of homology search for next-generation sequencing data

With an increasing number of genomic data (DNA, RNA, and protein sequences), homology search

has become an essential task for sequence analysis. One example of large-scale genomic data is

next-generation sequencing (NGS) data. Applications of NGS in sequencing the transcriptomes of

various non-model species enable us to identify genes and their isoforms that are lowly transcribed

or only transcribed in specific tissues or conditions. New homologs of existing gene families and

even new gene families are expected by analyzing the data produced by NGS. However, high-

throughput data from sequencing machines present new challenges for homology search. Homol-

ogy search is still the key step to annotate various NGS data. Homology search can be conducted
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in two ways. The de facto approach is to conduct de novo assembly and then apply existing ho-

mology search tools to the assembled sequences. However, de novo assembly from billions of

reads, which are very short and high as well as low-quality reads, poses a significant challenge.

Furthermore, datasets of NGS are very large. These large data sets require large memory usage

and/or long computational time. These challenges need to be tackled [4, 117, 120]. The second

method is to conduct homology search directly to short reads. This method avoids the complicated

and error-prone assembly step. However, short reads pose great challenges for homology search.

With the increase of read length by the second and third-generation sequencing technologies, new

opportunities appear.

However, the short reads sequenced from poorly conserved regions pose a great challenge for

existing homology search tools. Therefore, we need to develop the profile-based homology search

method to improve sensitivity for short reads.

1.2.1.3 Non-coding RNA homology search in large-scale genomic data

Non-coding RNAs (ncRNAs) have played important roles in many biological processes. ncRNAs

are functional molecules that are not translated into protein but function directly as RNAs. There

are many different types of ncRNAs such as tRNA, rRNA, miRNA, etc. As ncRNAs perform their

functions through both their sequences and secondary structures, these provide useful information

for homology search of ncRNAs. An example of a tRNA sequence and its secondary structure

are shown in Figure 1.4. The development of NGS technologies enables researchers to sequence

genomes and transcriptomes of various model and non-model species, providing unique opportu-

nities for ncRNA mining. Conducting homology search is usually the first step for ncRNA gene

finding. There are two types of homology search tools for ncRNA gene finding. The first type of

methods focuses on identifying ”known” ncRNAs that are homologous to characterized ncRNA
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Figure 1.4: A tRNA sequence and its secondary structure

sequences or families. The representative tool that can effectively take advantage of both sequence

and structural similarity is based on context-free grammar (CFG) [77]. This method uses a prob-

abilistic model to represent a ncRNA family and aligns a query sequence with the model. The

alignment score indicates how likely the query is a member of the ncRNA family. The second type

of method is not restricted to known ncRNAs. By comparing two sequences, such as intergenic

sequences of two genomes, or unannotated transcripts of two related species, novel ncRNAs might

be detected. Usually, secondary structure-aware pairwise comparison tools are applied to ncRNA

secondary structure prediction and ncRNA gene finding. Despite the extensive studies of ncRNA

gene finding, the tools that heavily depend on the secondary structure in homology search cannot

efficiently handle RNA-Seq data that is accumulating rapidly. It will be ideal if we can have a

faster ncRNA homology search tool with similar accuracy as those adopting secondary structures.
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1.3 Contributions

In this work, we mainly focus on gene prediction and homology search. Gene finding is one

of the essential steps for genome annotation. Gene prediction can be applied in the annotation

of genomic data produced by genome sequencing methods. For gene prediction tools in grass

genomes, existing gene identification tools are not carefully modeled for 5′-3′ G+C gradient. As

a consequence, the existing tools have limited sensitivity and accuracy for identifying genes with

G+C gradient. Homology search is also essential for protein domain analysis. One of the important

steps of functional analysis is conducting homology search or classifying short reads into different

types of protein families or protein domain families. The existing tools of profile-based homology

search have been successfully used for genome-wide domain analysis. However, reads sequenced

from poorly conserved regions may still be missed by existing homology search tools. Thus, there

is a need to ”rescue” missing reads and to improve the sensitivity of profile-based homology search

for short reads lacking reference genomes.

In the following sections of the dissertation, We present contributions in three areas: gene pre-

diction, homology search, and ncNRA search. First, the gene identification method that accounts

for 5′-3′ G+C gradient is presented in Chapter 3. Our method benefits for grass genomes which

have been investigated that there is G+C gradient inside exons of a gene. Our tool can increase

the accuracy of predicting genes in plant genomes especially grass genomes such as rice, maize,

etc. Second, short read homology search using paired-end read information is proposed in Chapter

4. We use an approximate Bayesian approach applying alignment scores and the fragment length

distribution to rescue missing end and indicate the true domains. We can improve the accuracy for

short reads that are part of remote homologs. Third, Chapter 5 introduces glu-RNA: aliGn highLy

strUctured ncRNAs using only sequence similarity which can be applied to ncRNA gene finding.
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We describe an accurate ncRNA alignment method to align highly structured ncRNAs using only

sequence similarity. We show that we can generate accurate alignments of highly structured ncR-

NAs without using structural information by incorporating posterior probability and a machine

learning approach. We also test our approach on over three hundreds of pairs of highly structured

ncRNAs from BRAliBase 2.1.
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Chapter 2

a Review of Markov Chain and Hidden

Markov Models

2.1 Hidden Markov Models (HMMs)

A Hidden Markov Model (HMM) is a stochastic model which is widely used for many areas

in computational biology. In the late 1960s, HMMs were first presented in statistical papers by

Baum et al. [10, 9, 22]. HMMs have been applied in speech recognition since the early 1970s

[88, 87]. Since the late 1980s, HMMs have been developed in the analysis of biological sequences.

HMMs have been applied to various areas of computational biology. They can be used to model

a sequence or a family of sequences [27] for protein-profile analysis, prediction of protein coding

genes in genome sequences, etc. This section is adapted from Durbin et al. [27]. Markov chains

and HMMS are described.

2.1.1 Markov Chains

A Markov model is a finite set of states connected by transitions which can transit from one state

to other states. Each transition has a probability. A Markov chain for genomic sequence X =

(x1,x2, ...,xL) ∈ Σ∗ where Σ = {A,C,G,T} can be represented as 1) a weighted directed graph, 2)

a node represents a state, 3) an edge represents transition between states associated with transition
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probability ast = Pr(xi = t|xi−1 = s) with ∑t={A,C,G,T} act = 1. Figure 2.1 shows an example of a

Markov Chain Model. Nodes are states with names A, C, G, and T. Edges are possible transitions

associated with transition probabilities. Given a sequence x of length L, we can ask the probability

A T

C G

Figure 2.1: An example of Markov Chain

of generating a sequence x, |x|= L given a Markov Chain Model.

Pr(x) = Pr(xL,xL−1, ...,x1)

= Pr(xL|xL−1, ...,x1)Pr(xL−1|xL−2, ...,x1)...Pr(x1)

Key property of a Markov chain (first order): the probability of each symbol xi depends only
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on xi−1.

Pr(x) = Pr(xL|xL−1)Pr(xL−1|xL−2)...Pr(x2|x1)Pr(x1)

= Pr(x1)
L

∏
i=2

axi−1xi

A T

C G

Begin End

Figure 2.2: An example of Markov Chain. Begin and end states are added to a Markov chain
model for modelling the beginning and the ending of a sequence.

Figure 2.2 shows the full Markov chain model modified from Figure 2.1. a Begin state and

an End state are added to the Markov chain model to describe a probability distribution over all

possible sequences of any sequence length. The objective of adding End(E) state is that we would

like to model sequence length distribution. Let B be the Begin state. Assume that x0 = B. Thus,

the probability of the first character in a sequence is

Pr(x1 = s) = aBs = Pr(s) (2.1)

where Pr(s) is the background probability of a symbol s. We also model the end state. Let E be

the End state. Thus, the probability of the ending with state t is

Pr(xL = t) = axLE (2.2)
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2.1.2 Hidden Markov models

Hidden Markov models are the extension models of the classical Markov Chains which output

symbols are not the same as the states.

Definition: A Hidden Markov Model (HMM) is defined as a triplet M = (Σ,Q,Θ).

• Σ is an alphabet of symbols such as Σ = {A,C,G,T}

• Q is a finite set of states. The states are capable of emitting symbols from Σ

• Θ is the set of probabilities, including

State transition probabilities = akl for each k, l ∈ Q

Emission probabilities = ek(b) for each k ∈ Q and b ∈ Σ

Let a path Π = (π1,π2, ...,πL) be a sequence of states in the model M. Given a sequence

X = (x1,x2, ...,xL) and a path Π = (π1,π2, ...,πL). The probability of sequence X and a sequence

of states Π is

Pr(X ,Π) = a0π1

L

∏
i=1

eπi(xi)aπiπi+1 (2.3)

2.1.2.1 The most probable state path: Viterbi Algorithm

As we defined the probability Pr(X ,Π), we do not know what the state sequence that emitted the

given sequence. Thus, the generating path of a given sequence X is hidden.

The decoding problem can be defined as given a HMM M = (Σ,Q,Θ) and a sequence X ∈

Σ∗, we want to find the most probable path Π∗ between states of a model for X that maximizes

Pr(X ,Π∗)

Π
∗ = argmaxπ{Pr(X ,Π)} (2.4)
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To find the optimal path, we can compute the most probable path in HMM employing an

algorithm of dynamic programming called Viterbi Algorithm. Suppose υk(i) is the probability of

the most probable path ending in state k, for sequence x1x2...xi and xi is generated by state k. Then,

υl(i+1) = el(xi+1)maxk∈Qυk(i)akl (2.5)

Algorithm: Viterbi algorithm

Input: a HMM M = (Σ,Q,Θ) and a sequence X ∈ Σ∗

Output: the most probable path Π∗

Initialization:

υ0(0) = 1 (2.6)

υk(0) = 0, f ork > 0 (2.7)

Recursion: for i = 1, ...,L and for l ∈ Q

υl(i) = el(xi)maxk∈Qυk(i−1)akl (2.8)

ptri(l) = argmaxk∈Qυk(i−1)akl (2.9)

Termination:

Pr(X ,Π∗) = maxk∈Qυk(L)ak0 (2.10)

π
∗
L = argmaxk∈Qυk(L)ak0 (2.11)

Traceback: for i = L, ...,1

π
∗
i−1 = ptri(π

∗
i ) (2.12)
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2.1.2.2 The Forward Algorithm

The evaluation problem can be defined as given a HMM M = (Σ,Q,Θ) and a sequence X ∈ Σ∗, we

want to compute the probability Pr(X |M).

This probability can be efficiently calculated using Forward Algorithm. This algorithm is sim-

ilar to Viterbi algorithm by replacing maximization steps by sums. The forward variable fk(i) can

be defined as

fk(i) = Pr(x1x2...xi,πi = k) (2.13)

Here, fk(i) is the probability of the observed sequence x1x2...xi, requiring that πi = k (xi is gener-

ated by πi). The recursion is as follow.

fl(i+1) = el(xi+1)Σk∈Q fk(i)akl (2.14)

Algorithm: Forward algorithm

Input: a HMM M = (Σ,Q,Θ) and a sequence X ∈ Σ∗

Output: the probability Pr(X |M)

Initialization (i = 0):

f0(0) = 1 (2.15)

fk(0) = 0, f ork > 0 (2.16)

Recursion: for i = 1, ...,L and for l ∈ Q

fl(i) = el(xi)Σk∈Q fk(i−1)akl (2.17)
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Termination:

Pr(X) = Σk∈Q fk(L)ak0 (2.18)

2.1.2.3 The Backward Algorithm

For the backward algorithm, the variable of backward is similar to the forward variable. However,

the backward calculation is different from the calculation of forward. Instead of calculating from

the beginning of a sequence, the backward recursion is started at the end of the sequence. The

backward variable bk(i) can be defined as

bk(i) = Pr(xi+1xi+2...xL,πi = k) (2.19)

where bk(i) is the probability of the observed sequence xi+1xi+2...xL, given that πi = k

Algorithm: Backward algorithm

Input: a HMM M = (Σ,Q,Θ) and a sequence X ∈ Σ∗

Output: the probability Pr(X |M)

Initialization (i = L): for all k

bk(L) = ak0 (2.20)

Recursion: for i = L−1, ...,1 and for k ∈ Q

bk(i) = Σl∈Qaklel(xi+1)bl(i+1) (2.21)

Termination:

Pr(X) = Σl∈Qa0lel(x1)bl(1) (2.22)
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Chapter 3

AUGUSTUS-GC: a Gene Prediction Model

accounting for 5′-3′ G+C Gradient

3.1 Introduction

Computational gene prediction plays an important role in the annotation of newly sequenced

genomes. The goal of gene prediction is to identify the location and structure of protein-coding

genes in genomic sequences. The identification and annotation of genes in genomic DNA se-

quences will help us detect and understand the essential functional elements in a sequenced genome.

Computational gene prediction methods can be broadly divided into two main categories: ab

initio methods and homology-based methods. The first category contains ab initio gene prediction

tools that can predict genes using the query sequence as the only input sequence. Major ab initio

gene prediction tools use Hidden Markov Models (HMMs), which are the probabilistic models

that can represent the gene structure. HMMs can label different segments in an unknown sequence

as gene structure elements such as intergenic region, exons, and introns. Given a sequence, we

can use HMMs to infer the most probable path corresponding to an annotation of gene structure.

The examples of ab initio gene prediction tools include GENSCAN [14, 15], GENEID [82],

HMMGene [50], GeneMark.hmm [61], GlimmerHMM [66], FGENESH [91], SNAP [47], and

AUGUSTUS [98] et al. The second category contains comparative gene prediction tools, which
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compare a query sequence with homologous sequences of related species and employ their se-

quence similarity for gene annotation. The examples of the second group include GENEWISE

[12], GENOMESCAN [113], AGenDA [105, 75], TWINSCAN [48], SGP2 [81], DOUBLES-

CAN [73], CEM [8], SLAM [1], etc.

Using more information such as homologous sequences has potential to produce better results

but requires a closely-related species. Similarity-based methods perform not very well when the

target sequence has no homology. Thus, ab initio gene prediction tools play a significant role to

find novel genes in the sequences without a priori known homologies.

As the base composition and the exon length distributions can differ significantly for genes with

different G+C contents, most gene prediction tools employ G+C content-dependent training [98,

101, 100, 14, 15]. Specifically, training genes are divided into several subsets according to their

G+C content (e.g. low, medium, and high). Then different sets of model parameters are derived

from different subsets of training data. For an input sequence, the gene prediction tool chooses the

parameter set with mean G+C content closest to the input sequence [98]. Both theoretical analysis

and empirical results have shown that G+C content-dependent training greatly improves the gene

prediction accuracy and sensitivity.

However, these tools have two limitations for gene prediction in grass genomes such as rice,

barley, maize, sorghum, and so on. First, many grass genes exhibit a sharp 5′-3′ decreasing G+C

content gradient [43, 90], which is not carefully modeled by existing gene prediction tools. As a

result, these tools have limited sensitivity and accuracy for predicting genes with G+C gradients.

Second, unlike many animal genomes, G+C content of genes in plant genomes are not well cor-

related with the context G+C content (i.e. lacking isochore structures) [28]; it is thus not trivial

to determine which parameter set is optimal for predicting genes in an input sequence. To address

these limitations, we propose a new gene prediction model with two advantages: 1) our model
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can predict genes with G+C gradient with higher sensitivity and accuracy; 2) our unified model is

optimized for genes of variant G+C content and 5′-3′ changing patterns.

3.2 Method

In this section, we describe AUGUSTUS-GC, a tool that predicts genes with 5′-3′ G+C gradient.

The main novelty of our method is a modified hidden Markov model (HMM) that distinguishes

exons of different G+C content. The HMM has a similar topology to the one used in AUGUS-

TUS [101, 100] and many other de novo gene prediction tools [14, 50]. But the major difference

is that our model is designed to handle various G+C content and 5′-3′ changing patterns inside

coding regions.

3.2.1 The Hidden Markov Model of AUGUSTUS-GC

We modify the generalized Hidden Markov Model (GHMM) from AUGUSTUS [101], an ab initio

gene prediction tool. The AUGUSTUS-GC is similar to AUGUSTUS ab initio gene prediction

model. However, instead of using one state to represent an exon, we have three states to model

exons of high, medium, and low G+C contents. Figure 3.1 and Figure 3.2 illustrate the difference of

states between the existing AUGUSTUS HMM and HMM of AUGUSTUS-GC for gene prediction.

Here, we make a reasonable assumption that the G+C content change inside exons of multi-

exon genes is relatively small. This is the tradeoff between model complexity and the resolution of

the model. For single exon genes, three states (EH
single, EM

single, EL
single) are created. For initial exon,

three states (E0
init H, E0

init M, E0
init L) are used to model exons of high, medium, and low G+C content.

Moreover, the initial exons of other phases, the internal exons of all phases, and the terminal exon
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Figure 3.1: The state diagram of ab initio AUGUSTUS [101].The states beginning with r represents
the reverse strand. Esingle: a single exon. Einit : the initial coding exon of a multi-exon gene. DSS: a
donor splice site. Ishort: an intron emitting at most d nucleotides. Ifixed: a longer intron with the first
d nucleotides. Igeo: a longer intron emitting one nucleotide at a time after the first d nucleotides.
ASS: an acceptor splice site with branch point. E: an internal coding exon of a multi-exon gene.
Eterm: the last coding exon of a multi-exon gene. IR: intergenic region. Diamonds represent the
states that emit fixed length strings. Ovals represent the states including explicit length distribution.
The numbers at the arrows show the transition probabilities. The exponents 0, 1, and 2 represent
the reading frame phase. For an exon state, this is the position of the last base of the exon in its
codon. For the other states, the exponent are the preceding-exon phase. The small circles represent
silent states.
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Figure 3.2: The state diagram of AUGUSTUS-GC. The states beginning with r represents the
reverse strand. EH

single: a single exon of high G+C content. EM
single: a single exon of medium G+C

content. EL
single: a single exon of low G+C content. Einit H: the initial coding exon of a multi-

exon gene with high G+C content. Einit M : the initial exon of a multi-exon gene with medium
G+C content. Einit L: the initial exon of a multi-exon gene with low G+C content. DSS: a donor
splice site. Ishort: an intron emitting at most d nucleotides. Ifixed: a longer intron with the first d
nucleotides. Igeo: a longer intron emitting one nucleotide at a time after the first d nucleotides.
ASS: an acceptor splice site with branch point. EH: an internal coding exon of a multi-exon gene
with high G+C content. EM: the internal exon of a multi-exon gene with medium G+C content.
EL: the internal exon of a multi-exon gene with low G+C content. EH

term: the last coding exon
of a multi-exon gene with high G+C content. EM

term: the terminal exon of a multi-exon gene with
medium G+C content. EL

term: the terminal exon of a multi-exon gene with low G+C content. IR:
intergenic region. Diamonds represent the states that emit fixed length strings. Ovals represent
the states including explicit length distribution. The numbers at the arrows show the transition
probabilities. The exponents 0, 1, and 2 represent the reading frame phase. For an exon state, this
is the position of the last base of the exon in its codon. For the other states, the exponent are the
preceding-exon phase. The small circles represent silent states.

23



all have three states for high, medium, and low G+C content. Genes of variant G+C changing

patterns can be represented by the new exon states.

The added exon states allow the HMM to predict genes of various G+C content and changing

patterns with higher accuracy. For example, genes of negative G+C gradient tend to be represented

by a path starting with EH and ending with EL. Genes with high G+C content and moderate

gradient tend to be produced by a path mainly consisting of EH.

For purpose of gene identification, the states of AUGUSTUS-GC in the state set Q are consis-

tent with meaning of biology such as intron, exon, and splice site, etc. We allow a state transiting to

other states in biologically meaningful ways. For example, an intron must follow an donor splice

site. the model of AUGUSTUS-GC has the following 79 states:

Q = {IR,EH
single,E

M
single,E

L
single,E

H
term,E

M
term,E

L
term,rEH

single,rEM
single,rEL

single,rEH
init,rEM

init,rEL
init}

⋃
2⋃

i=0

{E i
init H,E

i
init M,E i

init L,DSSi, Ii
short, I

i
fixed, I

i
geo,ASSi,E i

H,E
i
M,E i

L}
⋃

2⋃
i=0

{rE i
term H,rE i

term M,rE i
term L,rDSSi,rIi

short,rIi
fixed,rIi

geo,rASSi,rE i
H,rE i

M,rE i
L}

(3.1)

Figure 3.2 shows the states in the state set Q. In the upper half of Figure 3.2, the states represent

protein-coding genes on the forward strand. The state IR stands for the intergenic region. The

diamond-shaped states are the states emitting fixed-length strings at a time. The oval-shaped states

are the states emitting variable-length strings. The state EH
single, EM

single, and EL
single represent a gene

containing just only one exon of high, medium, and low G+C contents. Other states in the upper

half associate with genes with several exons. Regarding the reading frame position, three states

for each type of exon of high, medium, and low G+C contents are shown except the terminal exon

EH
term, EM

term, and EL
term. The initial exon states E i

init H, E i
init M, E i

init L for i = 0,1, and 2 are related to
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the first coding exon of a gene. The internal exon states E i
H, E i

M, E i
L for i = 0,1, and 2 are related to

the interior coding exons of a gene. The superscript i for i= 0,1, and 2 denotes the phase of reading

frame where the exon ends. The superscript 0 means that the end of the exon is at the boundary

of a complete codon. The superscript 1 represents that the boundary of codon is 1 position prior

to the exon end. The superscript 2 means the boundary of codon is 2 positions prior to the exon

end. DSSk (0 ≤ k ≤ 2) is the state of donor splice site. ASSk (0 ≤ k ≤ 2) represent the state of

acceptor splice site. Ik
short (0 ≤ k ≤ 2) is the state of intron with the length at most d bases. Ik

fixed is

the state of a longer intron with the first d bases. Ik
geo is the state of a longer intron with emitting

single nucleotides at a time after the first d bases. The superscript k denotes the phase of reading

frame of previous exon. In the lower half of Figure 3.2, the states represent protein-coding genes

on the reverse strand. For each state of reverse strand, the name begins with ’r’. They have the

consistent biological meaning with the states on the forward strand. The superscript on the reverse

strand represents the phase of the reading frame at the rightmost position of exon. Thus, they have

nine states for a terminal exon and three states for an initial exon considering high, medium, and

low G+C contents.

In Figure 3.2, the arrows represent the transitions between states in the state set Q having

non-zero probabilities. The transitions from and to the intron states are the same as those of

states described in the AUGUSTUS model [101]. Figure 3.1 shows the state model of original

AUGUSTUS [101]. The transition probabilities are fixed values given in Figure 3.1 rounded up

to 6 decimal places. For AUGUSTUS-GC, we consider two strategies for computing transition

probabilities. First, we use a very simple strategy by dividing the old probabilities of AUGUSTUS

equally for three states of high, medium, and low G+C contents. This strategy can be used when we

have very limited training data. Our hypothesis is that they start with equal probabilities. Figure 3.2

presents the transition probabilities of first strategy. The second strategy is a more standard method.
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We consider training data and compute the transition probabilities using the maximum likelihood

estimation. Let akl be the transition probability for k, l ∈Q, Akl be the number of times that transits

from the state k to state l in training data. The maximum likelihood estimator is defined as

akl =
Akl

∑q∈Q Akq
(3.2)

For some states, there are many transitions. When we have many transitions, many parameters,

we need a large number of training samples. Otherwise, the training is very biased. To avoid zero

probabilities due to sparse/insufficient training data, we use pseudocounts by adding one extra

counts to the observed frequencies to reflect prior biases regarding the probability values. Given

pseudocounts rkl , we define A′kl as

A′kl = Akl + rkl (3.3)

Usually, in Laplace method, all rkl equal to 1.

The performance comparisons of two strategies for computing transition probabilities are shown

in Experiment Results section.

For each exon state on both forward strand and reverse strand, the exon length distribution

of EH
single, EM

single, EL
single, E i

init H, E i
init M, E i

init L, E i
H, E i

M, E i
L, EH

term, EM
term, EL

term, rEH
single, rEM

single,

rEL
single, rE i

term H, rE i
term M, rE i

term L, rE i
H, rE i

M, rE i
L, rEH

init, rEM
init, and rEL

init for i = 0,1, and 2 are

computed on the corresponding exons, respectively. Similarly, different inhomogeneous kth-order

Markov models (by default k=4) for each exon state are derived separately.
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3.3 Experimental Results

To evaluate the performance of AUGUSTUS-GC, we tested AUGUSTUS-GC on three different

test sets in plant genomes: Arabidopsis Thaliana [7], Oryza Sativa obtained from Childs Lab,

Department of Plant Biology, Michigan State University and Oryza Sativa provided by Stanke et

al. [99]. We compared our results to the regular AUGUSTUS ab initio gene finding program. Our

method is designed for finding genes with G+C gradient. It has been investigated that many grass

genes present a sharp 5′-3′ decreasing gradient of G+C content.
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Figure 3.3: The example of a gene with G+C content gradient in Oryza Sativa data set. X-axis
represents exon index. Y-axis represents G+C content.

Figure 3.3 shows an example of descending slope of G+C content in Oryza Sativa data set by

starting with high G+C content and ending with low G+C content. We also tested AUGUSTUS-GC

on Arabidopsis Thaliana [7]. Arabidopsis Thaliana is not grass genome. It may not exhibit G+C

content gradient. However, Arabidopsis Thaliana has a good quality of genome annotation. Thus,

we focus on testing AUGUSTUS-GC in both Arabidopsis Thaliana and Oryza Sativa. We expect

to see a bigger improvement of gene prediction performance in Oryza Sativa than in Arabidopsis

Thaliana.

To quantify the performance of gene prediction tools, we evaluated the gene prediction accu-
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racy by using two measures: sensitivity and specificity. We quantified the performance of gene

prediction programs at three different levels: the nucleotide level, the exon level, and the gene

level. We adopted commonly used metrics from Stanke and Waack [101]. The sensitivity and the

specificity are defined as

Sensitivity(Sen) =
T P

T P+FN
(3.4)

Speci f icity(Spe) =
T P

T P+FP
(3.5)

where T P represents the number of correctly predicted features (coding nucleotides, exons, or

genes). FN represents the number of annotated features that are not the predicted features. FP

represents the number of predicted features that are not the annotated features. At each level, two

basic metrics are being used. Sensitivity is the proportion of correctly predicted features in the set

of all annotated features. Specificity is the proportion of correctly predicted features in the set of

all predicted features. At the exon level, a predicted exon will be correct if both splice sites are

identical to the true position of an exon. At the gene level, a predicted gene is considered correctly

predicted if all coding exons are correctly identified, and no additional exons are identified in the

gene. The predicted partial genes are considered as the predicted genes. The forward and reverse

strands are considered as different sequences. Officially, the definition of specificity is defined as

Speci f icity(Spe) =
T N

T N +FP
(3.6)

However, because the amount of non-coding nucleotides in a DNA sequence is much greater than

the amount of coding nucleotides, T N becomes much larger than FP. Hence, specificity in gene

prediction has typically been calculated by the first definition of specificity.
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3.3.1 Gene Prediction in Arabidopsis Thaliana

To show the utility of AUGUSTUS-GC, the training data set was downloaded from Stanke’s web-

site [7]. We trained the model on Arabidopsis Thaliana data set. The data set contained 249

genbank sequences. There were two single exon genes and 247 multi-exon genes in the data set.

3.3.1.1 Training the HMM model

To train our HMM, we calculated G+C contents for all of the exons and classified them as high,

medium, and low using specified cutoffs. For AUGUSTUS-GC, we have two cutoffs: LowT and

highT. An exon will be classified as low G+C content group if the G+C content of exon is lower

than specified LowT. Similarly, an exon will be classified as high G+C content group if the G+C

content of exon is above the specified highT. An exon will be classified as medium G+C content

group if the G+C content of exon is higher than or equal to specified lowT and lower than specified

highT. Table 3.1 shows lowT and highT that we used in the experiments. There are three groups of

exons according to G+C contents that we classified. For each group, it had different parameter sets.

We used 10-fold cross-validation. It divided the data set randomly into 10 subsets. The evaluation

method is repeated 10 times. Each round, one of 10 subsets is evaluated as the test set and the other

nine subsets are put together for training. Then the average prediction accuracy of all 10 trials is

calculated.

For computing transition probabilities, we tested on two strategies. First, we equally divided the

probabilities of AUGUSTUS for three states of high, medium, and low G+C contents. The results

by using the first strategy are shown in Table 3.1. Second, we used maximum likelihood estimation

to calculate transition probabilities. The results by using the second strategy for computing the

transition probabilities are shown in Table 3.2. Moreover, the length distribution for each new
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exon state was computed. Correspondingly, we calculated kth-order Markov Model (by default

k=4) for each new exon state. Figure 3.4 illustrates the distribution of exons by their G+C content

for 1431 exons in Arabidopsis Thaliana data set.
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Figure 3.4: G+C Content of Arabidopsis Thaliana data set

3.3.1.2 Performance comparison between different gene prediction tools

We tested original AUGUSTUS and AUGUSTUS-GC on the testing data set of Arabidopsis Thaliana [7].

The testing data set was different from the training data set. There were 74 genbank sequences with

168 genes on forward and reverse strand. Our program was modified from AUGUSTUS version

2.4 downloaded from [6]. Both original AUGUSTUS and AUGUSTUS-GC were tested using

default input parameters.

Table 3.1 shows the comparison of the accuracy of AUGUSTUS and AUGUSTUS-GC with

different thresholds of G+C contents on the set of Arabidopsis Thaliana. We used the first strat-
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Table 3.1: Performance comparison of gene prediction tools on Arabidopsis Thaliana. The tran-
sition probabilities were divided into three equal portions. Bold number indicates that sensitivity
or specificity of AUGUSTUS-GC are higher than those of AUGUSTUS.

Program AUGUSTUS AUGUSTUS-GC
lowT=0.47 lowT=0.30 lowT=0.30 lowT=0.60
highT=0.63 highT=0.60 highT=0.70 highT=0.70

Base Sen 0.968 0.962 0.963 0.962 0.963
level Spe 0.708 0.709 0.71 0.71 0.71
Exon Sen 0.87 0.848 0.848 0.845 0.848
level Spe 0.666 0.669 0.679 0.68 0.679
Gene Sen 0.554 0.565 0.548 0.548 0.548
level Spe 0.352 0.36 0.354 0.354 0.354

Table 3.2: Performance comparison of gene prediction tools on Arabidopsis Thaliana. The transi-
tion probabilities was trained by computing maximum likelihood estimation. Bold number indi-
cates that sensitivity or specificity of AUGUSTUS-GC are higher than those of AUGUSTUS.

Program AUGUSTUS AUGUSTUS-GC
lowT=0.47 lowT=0.30 lowT=0.30 lowT=0.60
highT=0.63 highT=0.60 highT=0.70 highT=0.70

Base Sen 0.968 0.96 0.972 0.972 0.972
level Spe 0.708 0.711 0.709 0.709 0.709
Exon Sen 0.87 0.851 0.882 0.882 0.882
level Spe 0.666 0.674 0.677 0.677 0.677
Gene Sen 0.554 0.56 0.565 0.565 0.565
level Spe 0.352 0.346 0.351 0.351 0.351
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egy for computing the transition probabilities. The transition probabilities were equally separated

into three states of high, medium, and low. These experimental results show that AUGUSTUS-

GC achieved better sensitivity and specificity for gene level. For base level and exon level,

AUGUSTUS-GC has higher specificity than AUGUSTUS. In addition, we showed different cutoffs

for AUGUSTUS-GC. Changing cutoffs for G+C contents can improve the performance.
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Figure 3.5: An example of a predicted gene with G+C content gradient of Arabidopsis Thaliana
data set. This gene was predicted by AUGUSTUS-GC. X-axis represents exon index. Y-axis
represents G+C content.

We further implemented the AUGUSTUS-GC by computing the transition probabilities based

on the training set. The transition probabilities from intron to different exon states were computed

using maximum likelihood estimation. Table 3.2 presents the comparison of accuracy of AU-

GUSTUS and AUGUSTUS-GC with different cutoffs and trained transition probabilities. Using

maximum likelihood estimation for computing the transition probabilities gave the better overall

performance. We conducted additional analysis using the results of lowT=0.30 and highT=0.60.

We observed that, for some sequences, we can predict more genes and we can identify correctly

position. For example, we can detect the gene in Figure 3.5 because it contained G+C content gra-

dient. However, the regular AUGUSTUS cannot identify it correctly. Moreover, we compared the

G+C change between the uniquely found genes by our tool and the common ones shared by AU-
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GUSTUS and AUGUSTUS-GC. The results showed that there were 14 uniquely identified genes

by our tool and 149 shared genes. We further examine whether our tool can find genes with more

G+C change. We computed the standard deviation (SD) and the distance between the exon that has

highest G+C content and the exon that has lowest G+C content for each protein-coding gene and

reported the average of all genes. The experimental results demonstrated that the average SD of

the uniquely predicted genes was 0.046. However, the average SD of the common ones was 0.033

which is smaller than the uniquely predicted genes. Also, the average distance between the exon

that has highest G+C content and the exon that has lowest G+C content for each protein-coding

gene of the uniquely found genes was 0.111 but the average distance of the common genes was

0.087. The average distance of our tool is wider than that of common ones.

3.3.2 Gene Prediction in Oryza Sativa

For Oryza Sativa data sets, we conducted two experiments. First Oryza Sativa data set was pro-

vided by Childs Lab, Department of Plant Biology, Michigan State University. Second Oryza

Sativa data set was obtained from Stanke et al. [99]. These two data sets were constructed from

different ways. The ground truth sequences of two data sets were different. The first data set is

smaller than the second data set. Figure 3.6 presents the distribution of exons by their G+C content

for 844 exons in first Oryza Sativa data set. Figure 3.7 shows the distribution of exons by their G+C

content for 16199 exons in second Rice data set. According to Figure 3.6 and Figure 3.7, the G+C

content change for the exons has wider range than that of Arabidopsis Thaliana. Our hypothesis

is that in some grass genes such as rice, they have G+C gradient of exons rather than consistent.

Thus, we conducted the experiments to test how our tool performed to handle the change of G+C

content for each separated exons.
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Figure 3.6: G+C Content of the first data set of Oryza Sativa

3.3.2.1 Gene Identification in Oryza Sativa obtained from Childs Lab, Department of Plant

Biology, Michigan State University

In the first experiment of Oryza Sativa data set, we tested the performance of gene finding tools

in Oryza Sativa data set obtained from Childs Lab, Department of Plant Biology, Michigan State

University. This data set is a part of MSU Rice Genome Annotation Project [79, 114]. The training

data set consisted of a set of 150 genbank sequences with 11 single-exon genes and 139 multi-exon

genes on forward strand and reverse strand. Again, we used 10-fold cross validation strategy for

training.

We examined the accuracy of gene prediction methods. There were 150 genbank sequences

with 13 single exon genes and 137 multi-exon genes on forward and reverse strand for testing data

set. In grass genomes, the sharp 5′-3′ decreasing G+C content gradient is exhibited as we showed
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Figure 3.7: G+C Content of the second Oryza Sativa data set

in Figure 3.3. Therefore, we assessed the performance on Oryza Sativa data set to demonstrate the

utility of our AUGUSTUS-GC.

We compared AUGUSTUS-GC with AUGUSTUS in Table 3.3. In this experiment, we ob-

served changing patterns of G+C content of exons inside each gene. For example, some genes

tend to start with high G+C content of exon and end with low G+C content of exon. As the result,

AUGUSTUS-GC achieved higher sensitivity than AUGUSTUS. AUGUSTUS-GC can improve

both the sensitivity and the specificity at all levels using a cutoff of low G+C content(0.40) and

the cutoff of high G+C content(0.60). With training transition probabilities using maximum like-

lihood, the results are shown in Table 3.4. Furthermore, we compared changes in G+C contents

of the uniquely identified genes by AUGUSTUS-GC and the common genes shared by AUGUS-

TUS and AUGUSTUS-GC. There were four uniquely predicted genes by AUGUSTUS-GC and

143 common genes. We compared the uniquely identified genes and common ones in terms of SD
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Table 3.3: Performance comparison of gene prediction approaches on Oryza Sativa obtained from
Childs Lab. The transition probabilities were divided into three equal parts. Bold number indi-
cates that sensitivity or specificity of AUGUSTUS-GC are higher than those of AUGUSTUS.

Program AUGUSTUS AUGUSTUS-GC
lowT=0.39 lowT=0.35 lowT=0.50 lowT=0.40
highT=0.61 highT=0.61 highT=0.60 highT=0.60

Base Sen 0.839 0.84 0.831 0.921 0.841
level Spe 0.892 0.902 0.898 0.883 0.901
Exon Sen 0.613 0.617 0.589 0.698 0.617
level Spe 0.694 0.733 0.715 0.692 0.725
Gene Sen 0.26 0.28 0.267 0.267 0.287
level Spe 0.235 0.261 0.25 0.234 0.267

Table 3.4: Performance comparison of gene prediction approaches on Oryza Sativa obtained from
Childs Lab. The transition probabilities was calculated by using maximum likelihood estimation.
Bold number indicates that sensitivity or specificity of AUGUSTUS-GC are higher than those of
AUGUSTUS.

Program AUGUSTUS AUGUSTUS-GC
lowT=0.39 lowT=0.35 lowT=0.50 lowT=0.40
highT=0.61 highT=0.61 highT=0.60 highT=0.60

Base Sen 0.839 0.85 0.847 0.923 0.847
level Spe 0.892 0.898 0.898 0.876 0.899
Exon Sen 0.613 0.633 0.62 0.707 0.629
level Spe 0.694 0.732 0.716 0.67 0.727
Gene Sen 0.26 0.253 0.253 0.267 0.267
level Spe 0.235 0.235 0.235 0.227 0.247
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Figure 3.8: A predicted gene on forward strand with G+C content gradient of the first Oryza Sativa
data set. X-axis represents exon index. Y-axis represents G+C content.

Figure 3.9: Three predicted genes on reverse strand with G+C content gradient of the first Oryza
Sativa data set. X-axis represents exon index. Y-axis represents G+C content.

and the distance between the exon that has highest G+C content and the exon that has lowest G+C

content for each protein-coding gene. The results showed that the average SD of the uniquely pre-

dicted genes (0.098) was higher than that of commmon genes (0.075). Also, the average distance

of the uniquely found genes by AUGUSTUS-GC (0.241) was wider than that of common genes

(0.171).

Figure 3.8 and Figure 3.9 illustrates the genes that AUGUSTUS-GC can detect accurately, but

the regular AUGUSTUS cannot identify it correctly. Because they contained G+C content gradient

inside each gene, the G+C content of exon change rather than similar. The existing gene prediction

tools do not work well for this case because they assumed the G+C contents of exons inside a gene

are consistent.
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3.3.2.2 Finding genes in Oryza Sativa retrieved from Stanke et al

In the second experiment of Oryza Sativa data set, the Rice test set was retrieved from Stanke

et al. [99]. This is the brief description about how they picked those genes. First, they made a

genbank file from the genome and the gff file. Second, they constructed a set with both UTRs

annotated. Then, they generated selected genes with both UTRs and CDS plausible (from a visual

inspection in JBrowse against panicle and leaf RNA-Seq STAR alignments). Fourth, they trained

the data set to identify genes with errors only and removed the sequences with errors. Finally, the

1000 genes consist of 128 manually selected and 872 randomly chosen ones (from among filtered

genes with both UTRs annotated). The Oryza Sativa parameter set was trained on a selection of

800 genes with UTRs from phytozome. For training data set, there were 187 single exon genes

and 613 multi-exon genes on forward and reverse strand.

To assess the performance, 200 genes which were a subset of the 1000 genes were tested. The

testing file consisted of 40 single-exon genes and 160 multi-exon genes on forward and reverse

strands. Table 3.5 shows the summary of the accuracy results of AUGUSTUS and AUGUSTUS-

GC on the test set. By applying AUGUSTUS-GC, the sensitivity of AUGUSTUS-GC at base level

was enhanced from 0.859 to 0.942 for 0.31 low G+C content cutoff and 0.52 high G+C content

cutoff. However, specificity of AUGUSTUS is slightly better than that of AUGUSTUS-GC for

0.31 low G+C content cutoff and 0.52 high G+C content cutoff. Moreover, AUGUSTUS-GC had

the better sensitivity than AUGUSTUS at exon level. At exon level, the sensitivity of AUGUSTUS-

GC was improved from 0.67 to 0.768 for 0.31 low G+C content cutoff and 0.52 high G+C content

cutoff. At the gene level, AUGUSTUS-GC had better sensitivity and specificity (0.4 and 0.211,

respectively). We computed the transition probabilities using maximum likelihood in Table 3.6.

The sensitivity and specificity of AUGUSTUS-GC were improved.
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Table 3.5: Performance comparison of gene prediction tools on Oryza Sativa provided by Stanke
et al. The transition probabilities were divided into three equal parts. Bold number indicates that
sensitivity or specificity of AUGUSTUS-GC are higher than those of AUGUSTUS.

Program AUGUSTUS AUGUSTUS-GC
lowT=0.31 lowT=0.49 lowT=0.30 lowT=0.60
highT=0.52 highT=0.52 highT=0.50 highT=0.70

Base Sen 0.859 0.942 0.95 0.937 0.84
level Spe 0.619 0.607 0.597 0.59 0.622
Exon Sen 0.67 0.768 0.781 0.748 0.63
level Spe 0.552 0.546 0.553 0.52 0.559
Gene Sen 0.355 0.4 0.4 0.355 0.365
level Spe 0.191 0.211 0.205 0.177 0.204

Table 3.6: Performance comparison of gene prediction tools on Oryza Sativa provided by Stanke
et al. The transition probabilities was trained using maximum likelihood estimation. Bold number
indicates that sensitivity or specificity of AUGUSTUS-GC are higher than those of AUGUSTUS.

Program AUGUSTUS AUGUSTUS-GC
lowT=0.31 lowT=0.49 lowT=0.30 lowT=0.60
highT=0.52 highT=0.52 highT=0.50 highT=0.70

Base Sen 0.859 0.955 0.945 0.948 0.858
level Spe 0.619 0.607 0.601 0.586 0.62
Exon Sen 0.67 0.798 0.769 0.765 0.665
level Spe 0.552 0.565 0.544 0.572 0.547
Gene Sen 0.355 0.425 0.36 0.35 0.37
level Spe 0.191 0.217 0.186 0.17 0.204
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We conducted additional analysis using the results of lowT=0.31 and highT=0.52. We found

that AUGUSTUS-GC can detect the genes containing G+C content gradient. In addition, there

were 26 uniquely predicted genes by AUGUSTUS-GC and 163 common genes shared by AUGUS-

TUS and AUGUSTUS-GC. Comparing uniquely predicted genes with common genes by average

SD and the average distance between the exon that has highest G+C content and the exon that has

lowest G+C content. The experimental results showed that uniquely predicted genes had higher

SD than common genes which were 0.099 and 0.080, respectively. Besides, the average distance

between the exon that has highest G+C content and the exon that has lowest G+C content for each

protein-coding gene of the uniquely found genes had larger than that of the common genes which

were 0.211 and 0.171, respectively.

Figure 3.10 illustrates a gene predicted by AUGUSTUS-GC. However, regular AUGUSTUS

cannot identify. This gene is on reverse strand with G+C content gradient. This is strong evi-

dence that our tool can predict the gene as we expected. Figure 3.11, Figure 3.12, Figure 3.13,

Figure 3.14, and Figure 3.15 are the examples of the genes that have G+C content gradient. These

genes were predicted by our tool, AUGUSTUS-GC. However, the regular AUGUSTUS cannot

identify them correctly.
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Figure 3.10: An example of a uniquely predicted gene on reverse strand with G+C content gradient
of second Oryza Sativa data set. However, regular AUGUSTUS cannot detect it. X-axis represents
exon index. Y-axis represents G+C content.
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Figure 3.11: First example of a predicted gene on forward strand with G+C content gradient of
second Oryza Sativa data set. X-axis represents exon index. Y-axis represents G+C content.
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Figure 3.12: Second example of a predicted gene on forward strand with G+C content gradient of
second Oryza Sativa data set. X-axis represents exon index. Y-axis represents G+C content.

0.9

0.7

0.8

0 5

0.6

0.4

0.5

0.2

0.3

0

0.1

0

1 2 3

Figure 3.13: First example of a predicted gene on reverse strand with G+C content gradient of
second Oryza Sativa data set. X-axis represents exon index. Y-axis represents G+C content.
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Figure 3.14: Second example of a predicted gene on reverse strand with G+C content gradient of
second Oryza Sativa data set. X-axis represents exon index. Y-axis represents G+C content.
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Figure 3.15: Third example of a predicted gene on reverse strand with G+C content gradient of
second Oryza Sativa data set. X-axis represents exon index. Y-axis represents G+C content.
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Chapter 4

Sensitive Short Read Homology Search for

Paired-End Read Sequencing Data

4.1 Introduction

Homology search has been one of the most widely used methods for inferring the structure and

function of newly sequenced data. For example, the state-of-the-art profile homology search tool,

HMMER [29] has been successfully applied for genome-scale domain annotation. The major ho-

mology search tools were designed for long sequences, including genomic contigs, near-complete

genes, or long reads produced by conventional sequencing technologies. They are not optimized

for data produced by next-generation sequencing (NGS) platforms. For reads produced by py-

rosequencing or more recent PacBio and nanopore technologies, frameshift caused by sequencing

errors are the major challenges for homology search. For data sets produced by Illumina, short

reads will lead to marginal alignment scores and thus many reads could be missed by conventional

homology search tools. In order to apply homology search effectively to NGS data produced by Il-

Prapaporn Techa-Angkoon, Yanni Sun, and Jikai Lei, ”Improve Short Read Homology Search using Paired-End
Read Information”, Proceedings of International Symposium on Bioinformatics Research and Applications (ISBRA
2016), Minsk, Belarus, June 5-8, 2016. (Appeared in Lecture Notes for Bioinformatics (LNBI) 9683)

Prapaporn Techa-Angkoon, Yanni Sun, and Jikai Lei, ”Sensitive Short Read Homology Search for Paired-End Read
Sequencing Data”, Under review
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lumina, many of which contain short reads, read mapping or de novo assembly [84, 76, 42, 117, 58]

is first employed to assemble short reads into contigs. Then existing homology search tools can be

applied to the contigs to infer functions or structures.

However, it is not always feasible to obtain assembled contigs from short reads. For example,

complex metagenomic data poses serious computational challenges for assembly. Just 1 gram of

soil can contain 4 petabase pairs (1× 1015 bps) of DNA [115] and tens of thousands of species.

Read mapping is not very useful in finding the native genomes or genes of these reads as most

reference genomes are not available. De novo assembly also has limited success due to the com-

plexities and large sizes of these data [108, 42, 117]. Besides metagenomic data, which usually

lack complete reference genomes, RNA-Seq data of non-model species also faces similar compu-

tational challenges. Assembling short reads into correct transcripts without using any reference

genome is computationally difficult.

Thus, in order to analyze the NGS data without reference genomes, a widely adopted method

for functional analysis is to classify reads into characterized functional classes, such as protein/domain

families in Pfam [31, 86], TIGRFAM [35], FIGfams [72], InterProScan [116], FOAM [85], etc.

The read assignment is usually conducted by sequence homology search that compares reads with

reference sequences or profiles, i.e., a family of homologous reference sequences. The represen-

tative tools for sequence homology search and profile homology search are BLAST [3] and HM-

MER [29], respectively. Profile homology search has several advantages over pairwise alignment

tools such as BLAST. First, the number of gene families is significantly smaller than the number of

sequences, rendering much faster search time. For example, there are only about 13,000 manually

curated protein families in Pfam, but these cover nearly 80% of the UniProt Knowledgebase and

the coverage is increasing every year as enough information becomes available to form new fam-

ilies [86]. The newest version of HMMER [29] is more sensitive than BLAST and is about 10%
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faster. Second, previous work [27] has demonstrated that using family information can improve the

sensitivity of a remote protein homology search, which is very important for metagenomic analysis

because many datasets contain species remotely related to ones in the reference database.

4.1.0.3 Is HMMER good enough for short-read homology search?

HMMER has been successfully used in genome-scale protein domain annotation in many species.

It has both high specificity and sensitivity in identifying domains. Thus, it is also widely adopted

for profile homology search in a number of existing NGS analysis pipelines or websites (e.g.

IMG/M [41], EBI metagenomics portal [74], CoMet [59], etc.). However, HMMER is not opti-

mized for short-read homology searches. Short reads sequenced from regions of low conservation

tend to be missed. We have quantified the performance of HMMER on several NGS datasets and

the results showed that HMMER has much lower sensitivity than when applied to complete genes

or genomes. Below we describe one of the experiments.

Table 4.1: The performance of HMMER under different cutoffs on classifying reads in the Ara-
bidopsis Thaliana RNA-Seq dataset. There are 2,972,809 paired-end reads being uniquely mapped
to 3,577 annotated protein domain families in the reference genome. However, HMMER under E-
value cutoff 10 missed at least half of the reads when aligning these reads to input domains. The
alignments by HMMER can be divided into three cases. Case 1: only one end can be aligned to
one or multiple domains. Case 2: both ends can be aligned to one or multiple domains. Case 3:
no end is aligned to any domain. In the table, the percentage of a case can be represented by each
number. “HMMER w/o filtration” represents shutting off all filtration steps and running full For-
ward/Backward. “HMMER GA cutoff” represents applying HMMER with gathering thresholds.

Case HMMER HMMER HMMER
under E-value 10 w/o filtration GA cutoff

under E-value 10

Case 1 34.51% 32.83% 22.51%
Case 2 28.42% 31.58% 8.84%
Case 3 37.07% 35.59% 68.65%

We applied HMMER to annotate protein domains in reads sequenced from a normalized cDNA
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library of Arabidopsis Thaliana [68, 119]. There were a total of 9,559,784 paired-end reads of 76

bp by Illumina. The known reference genome, the gene and domain annotations, and the read

mapping results are combined to determine the true membership of reads. We downloaded all

coding sequences (CDS) of Arabidopsis Thaliana from TAIR10 [106]. We identified the positions

of domains in CDS using HMMER with gathering thresholds (GAs) by aligning CDS to 3,962

plant-related Pfam domains [31]. Then, bowtie allowing up to two mismatches [54] was used to

map separately paired-end reads to CDS. We compared the positions of uniquely mapped reads in

CDS to annotated domains in CDS. We chose all reads with both ends being uniquely mapped to

a protein domain as the true positive set. Then the sensitivity of HMMER, which quantifies how

many of these true positive reads can be identified, was computed. There were 2,972,809 read

pairs in this true positive set. Their alignments by HMMER under different cutoffs can be divided

into three cases. Case 1: only one end can be aligned. Case 2: both ends can be aligned to the

corresponding protein family by HMMER. Case 3: neither end can be aligned. The results of this

experiment were shown in Table 4.1. Case 2 is the ideal case. But it only takes about one-third of

all read pairs. Turning off filtration does not improve the percentage of case 2 significantly. Using

gathering thresholds (GA) cutoff is recommended for accurate domain annotation in genomes.

However, near 70% of read pairs cannot be aligned under GA cutoff.

A closer look reveals that for many of those reads, the missing end is usually sequenced from

a region with low sequence conservation with the underlying protein family. By using the whole-

gene alignment against the protein family and the read mapping positions on the gene, we reveal

the alignment of the reads against the model. One example is shown in Figure 4.1. In this example,

one end r1 can be aligned to the domain using HMMER with filtration on. However, the other end

r2 cannot be output by HMMER because of its poor alignment.

In order to improve the sensitivity, one may consider to use loose cutoffs such as a low score
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File: C:\Users\Beebee\Dropbox\paired-end reads\read-homology\gene_alignment3.txt  9/15/2015, 12:57:40 AM

      Pkinase 149 eksseklttlvgtreYmAPEvllkakeytkkvDvWslGvilyelltgklpfsge..............seedqlelirkilkkkleede 223
                    +s+  t ++gt  Y+APE l    + t+k+Dv+s+Gv+l e+l+g+  ++++                +++++l+ ++ +++l+ ++
  AT2G28930.1 243 GDKSHVSTRIMGTYGYAAPEYLA-TGHLTTKSDVYSYGVVLLEVLSGRRAVDKNrppgeqklvewarpLLANKRKLF-RVIDNRLQDQY 329
                  7777888999*************.99********************9966665544444446655554222222222.22222333333 PP
                               r1---------------------------            -------------------------r2

        
                 
                           

Page: 1

Figure 4.1: An example of a protein family, its alignment with a gene, and read mapping posi-
tions of a read pair against the gene. The Pkinase model had annotation line of consensus struc-
ture. The line beginning with Pkinase is the consensus of the query model. Capital letters show
positions of the most conservation. Dots (.) in this line represent insertions in the target gene
sequence with respect to the model. The midline represents matches between the Pkinase model
and the AT2G28930.1 gene sequence. A + represents positive score. The line beginning with
AT2G28930.1 is the target gene sequence. Dashes (-) in this line represents deletions in the gene
sequence with respect to the model. The bottom line indicates the posterior probability of each
aligned residue. A 0 represents 0-5%, 1 represents 5-15%, ..., 9 represents 85-95%, and * repre-
sents 95-100% posterior probability. The line starting with r1 and ending with r2 is read mapping
regions on the gene sequence. A - indicates where the position of the read can be mapped to the
gene sequence.

or high E-value cutoff. However, using loose cutoffs can lead to false positive domain alignments.

In this work, we will describe a new method to improve the sensitivity of profile homology search

for short reads without jeopardizing the alignment accuracy.

4.2 Methods

In this section, we describe a short read homology search method that incorporates properties of

paired-end read sequencing. Paired-end sequencing is the preferred sequencing mode and is widely

adopted by many sequencing projects. We have observed that for a large number of read pairs, only

one end can be aligned by HMMER while the other end is missed. Thus, we exploit the sequencing

property of paired-end reads to rescue the missing end.

Our probabilistic homology search model quantifies the significance of the alignment between

a read pair and a protein domain family. The computation incorporates the distribution of fragment

lengths (or insert sizes) of paired-end reads and the alignment scores. Similar approaches have been

applied to mapping paired-end DNA reads to a reference genome [62, 97]. But to our knowledge,
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this is the first time that an approximate Bayesian approach has been employed to align paired-end

reads to protein families.

There are three major steps. In the first step, we will align each end (all-frame translations) to

given protein families using HMMER under E-value cutoff 10. Note that although GA-cutoff is

the recommended cutoff by HMMER for accurate domain annotation, only a small percentage of

short reads can pass GA cutoff. Thus, we use E-value cutoff 10 in the first step in order to recruit

more reads. As the reads are short, this step will usually align each read to one or multiple protein

families. Not all of the alignments are part of the ground truth. In the second step, for all read-pairs

where only one end is aligned by HMMER, we use the most sensitive mode of HMMER to align

the other end to the protein families identified in the first step. Although the sensitive search mode

of HMMER is slow, it is only applied to the specified protein families that are significantly fewer

than total protein families in the dataset and thus will not become the bottleneck of large-scale

homology search. In the last step, the posterior probability of the alignment between a pair of

reads and a protein domain family is calculated.

The falsely aligned domains in the first step will be removed in the last through the computation

of the posterior alignment probability. Figure 4.2 shows an example about determining the true

protein family if both ends can be aligned to several families. In this example, M1 is the most

likely to be the native family due to the bigger alignment scores and the higher probability of the

observed fragment length. We quantify the posterior probability of each read pair being correctly

aligned to a protein family.

As the example in Figure 4.2 shows, in order to calculate the posterior probability of an align-

ment, we need to know the size distribution of fragments, from which paired-end reads are se-

quenced. Usually we may have the information about the range of the fragments (shortest and

longest). However, the size distribution is unknown. For metagenomic data and RNA-Seq data of
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Figure 4.2: HMM alignments of a read pair. Paired-end reads r1 and r2 represented by two
greyscale lines are aligned against models M1, M2, and M3 with different scores of alignments.
The darker lines represent bigger scores. The fragment size distribution is provided above each
model. The distance between the two alignments is computed and is used to compute the like-
lihood of the corresponding fragment size. In this example, M1 is most likely to be the native
family.

non-models species whose complete or quality reference genomes are not available, it is not trivial

to derive the fragment size distribution. In this work, we take advantage of the protein alignment

and the training sequences to estimate the fragment size distribution. The next two sections will

describe the details about computing fragment size distribution and the method to rank alignments

using posterior probabilities.

4.2.1 Constructing fragment length distribution

Paired end reads are sequenced from the ends of fragments. When the reference genome is avail-

able, the fragment size can be computed using the distance between the mapping positions of

the read pair. Thus, the distribution profile can be computed [62, 97] from a large-scale of read

mapping positions. However, this method is not applicable to our work because we are focusing

on the homology search of NGS data that lack reference genomes. For these data, we propose a

model-based method to estimate fragment size distribution. The key observation is that if a read

pair can be uniquely aligned to a protein family, it is very likely that this pair is sequenced from a

gene that is homologous to the member sequences of the protein family. The homology is inferred
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from statistically significant sequence similarity. Thus, we will use the alignment positions and

the homologous seed sequences to infer the fragment size. This method is not accurate as we are

not using any reference genomes/genes. However, our experimental results have shown that the

estimated distribution is very close to the true distribution.

Figure 4.3 sketches the main steps of inferring a fragment’s size from the alignment of a read

pair against a protein family model. A read pair r1 and r2 are uniquely aligned to a protein family

M. The alignment positions along the model M are from w to x and y to z, respectively. Model M

is trained on a group of homologous sequences ( “seed sequence 1” to “seed sequence N”). Note

that the actual sequence from which r1 and r2 are sequenced is not in the training set of model M.

The alignment positions along the model M will be first converted into the column indices in the

multiple sequence alignment constructed by all seed sequences. Then after accounting for deletions

and insertions, the column indices will be converted into positions along each seed sequence. As it

is unknown which seed sequence shares the highest sequence similarity with the gene containing

the fragment, we calculate the fragment size as the average of the distances between converted

alignment positions.

The fragment size estimation is conducted for all paired end reads that are uniquely aligned

to protein domain families. All the estimated fragment sizes are used to construct the fragment

size distribution. We will compare the estimated fragment size distribution with the ones that are

derived based on read mapping results.

4.2.2 Probabilistic model

For each aligned paired-end read, an approximate Bayesian approach [62, 97] is used to estimate

the “alignment quality.” The quality of alignment is defined as the probability of a pair of reads

being accurately aligned to its native protein domain family. Because a pair of reads could be
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Seed sequence N
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......

- - --- - - - ----

Figure 4.3: An example of fragment length calculation. The alignment positions along the profile
HMM can be converted into positions in each seed sequences. The fragment size is computed as
the average size of those mapped regions.

aligned to multiple domain families and some of them might not be in ground truth, we can rank all

alignments using computed posterior probabilities and keep the alignments with high probability.

Let r1 and r2 be a read pair. Let A1 and A2 be the candidate alignment sets of r1 and r2 against

one or more protein family models. For each alignment pair a1 ∈ A1 and a2 ∈ A2 with a1 and a2

being aligned to the same protein family M, we calculate the posterior probability of a1 and a2

being the true alignments generated by the read pair r1,r2 against M as:

Pr(a1,a2|r1,r2) ∝ esa1/T esa2/T Pr( fr1,r2) (4.1)

where esa1/T is the target probability of generating an alignment score of a1 against M [29, 45]. T

is the scaling factor used in E-value computation. Pr( fr1,r2) is the probability of observed fragment
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size between r1 and r2. The posterior probability depends on the fragment length computed from

a1 and a2 as well as their alignment scores.

We compute Equation (1) for each read pair’s alignments and keep the alignments above a

given threshold. For each read pair, suppose the maximum posterior probability of its alignments

against all aligned models is pmax. We keep all alignments with probabilities above pmax×τ , where

τ is 40% by default. Users can change τ to keep more or less alignments.

4.3 Experimental results

We designed profile-based homology search method for NGS data lacking reference genomes, in-

cluding RNA-Seq data of non-model species and metagenomic data. In order to demonstrate its

utility in different types of data, we applied our tool to a RNA-Seq dataset and a metagenomic

dataset. In both experiments, we choose datasets with known reference genomes so that we can

quantify the performance of homology search. It is important to note that the ground truth in

this work is defined as the homology search results for complete genes. We are aware that com-

putational protein domain annotation for complete genes or genomes are not always accurate. But

whole-gene domain annotation has significantly higher sensitivity and accuracy than short read

homology search and has been extensively tested in various species. Thus, our goal is to decrease

the performance gap between short read homology search and whole-gene homology search.

HMMER can be run in different modes. In this work, we choose the most commonly used

modes: HMMER with default E-value, HMMER with gathering thresholds (GAs) cutoff, and

HMMER without filtration. GA cutoff is the recommended cutoff because of its accuracy. Turning

off filtration will yield the highest sensitivity with sacrifice of speed.

The first dataset in our experiment is the RNA-Seq dataset of Arabidopsis Thaliana. The
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second one is metagenomic dataset sequenced from bacterial and archaeal synthetic communities.

We will first carefully examine whether our method and HMMER can correctly assign each read

to its correct domain families. Then we will evaluate the performance of homology search from

users’ perspective. A user needs to know the composition of domains and also their abundance in

a dataset. Thus we will compare HMMER and our method in both aspects.

4.3.1 Profile-based short read homology search in Arabidopsis Thaliana RNA-

Seq dataset

The RNA-Seq dataset was sequenced from a normalized cDNA library of Arabidopsis using

paired-end sequencing of Illumina platform [68]. There were 9,559,784 paired-end reads in total

and the length of each read is 76 bp. The authors [68] indicated that the fragment lengths are

between 198 and 801 bps. However, the fragment size distribution is unknown.

4.3.1.1 Determination for true membership of paired-end reads

The true membership of paired-end reads was determined using read mapping and domain anno-

tation on complete coding sequences. First, all coding sequences (CDS) of Arabidopsis Thaliana

genome were downloaded from TAIR10 [106]. Second, we downloaded 3,912 plant-related pro-

tein or domain models from Pfam [31]. We notice that some of these domain families are trained

on genes of Arabidopsis. Thus, in order to conduct a fair evaluation of homology search perfor-

mance, we removed all genes of Arabidopsis from the domain seed families and re-trained the

Pfam profile HMMs. Third, CDS were aligned against Pfam domains [31] using HMMER with

gathering thresholds (GAs) [29]. The alignment results contain the positions of domains in CDS.

Note that it is possible that several domains are partially aligned to the same region in a coding se-
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quence. This happens often for domains in the same clan [32] because these domains are related in

structures and functions. In this case, we will keep all domain alignments passing the GA cutoff in

the ground truth. Fourth, paired-end reads were mapped separately to CDS using Bowtie allowing

up to 2 mismatches [54]. The positions of uniquely mapped reads in CDS were compared to anno-

tated domains in CDS. If the mapping positions of read pairs are within annotated domain regions,

we assigned the reads to those Pfam domains. The reads and their assigned domains constitute the

true membership of these reads.

4.3.1.2 Performance of fragment length distribution

We compared our estimated fragment length distribution with the true fragment length distribution

in Figure 4.4. The true fragment size distribution is derived by mapping all paired-end reads back

to the reference genome. The comparison shows that, for a given length, the maximum probability

difference between our fragment length distribution and the true fragment length distribution is

0.02, which slightly decreases the accuracy of the posterior probability calculation.

4.3.1.3 Our method can align significantly more reads

As shown in the first section, HMMER missed one end of at least half of the read pairs in the

RNA-Seq dataset of Arabidopsis. By applying our tool, the percentage of case 2 (both ends) of

paired-end read alignments increases from 28.42% to 62.51%. Table 1 presents the comparison.

Importantly, the improvement is not achieved by sacrificing specificity. As we use the posterior

probability to discard false alignments, the tradeoff between sensitivity and specificity is actually

improved, as shown in the next section.
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Figure 4.4: Comparing fragment length distribution of our method (blue) to fragment length dis-
tribution constructed from read mapping results (red). X-axis represents the length of fragment in
amino acids. Y-axis represents probability of the corresponding fragment size.

Table 4.2: The percentages of all three cases of paired-end read alignments by HMMER and our
tool for the RNA-Seq data. Case 1 represents one end. Case 2 represents both ends. Case 3
represents no end.

Case HMMER, HMMER, HMMER, Our tool
E-value 10 w/o filtration, GA cutoff

E-value 10

Case 1 34.51% 32.83% 22.51% 0.42%
Case 2 28.42% 31.58% 8.84% 62.51%
Case 3 37.07% 35.59% 68.65% 37.07%

4.3.1.4 Sensitivity and accuracy of short read homology search

Although GA cutoff is the recommended threshold for domain annotation by HMMER, it yields

low sensitivity for short read homology search. In order to align as many reads as possible, the

default E-value cutoff is chosen. However, even for case 2, where both ends can be aligned by

HMMER, these reads may be aligned to multiple domains and not all of them are correct. Our

method can be used to improve the tradeoff between sensitivity and accuracy for both case 1 and
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case 2.

In this section, the performance of profile-based homology search for each read is quantified

by comparing its true protein domain family membership and predicted membership. For each

read pair, suppose it is sequenced from domain set T P = {T P1,T P2, ...,T Pn}, which is derived

from the read mapping results. The homology search tool aligns this read pair to domain set

C = {C1,C2, ...,Cm}. The sensitivity and false positive (FP) rate for this read pair are defined using

the following equations:

Sensitivity =
|T P∩C|
|T P|

(4.2)

FP rate =
|C−T P|
|T N|

(4.3)

Note that TN represents the true negative domain set. Let U represent all domains we downloaded

from Pfam (|U |=3,962). Then, for each read pair, T N =U−T P. In this section, the sensitivity and

FP rate for each pair of reads are computed and then the average of all pairs of reads is reported

using ROC curves.

4.3.1.4.1 Performance of case 1: There are 1,025,982 paired-end reads, where only one end

can be aligned to one or multiple domain families by HMMER with filtration on. Figure 4.5 shows

ROC curves of short read homology search using HMMER under different cutoffs and our method.

For HMMER, we changed the E-value cutoff from 1000 to 10−5 with ratio 0.1. As some E-value

cutoffs yield the same output, several data points overlap completely. For our method, each data

point corresponds to different τ values (10% to 70%) as defined in Probabilistic Model Section.

Unless specified otherwise, all the ROC curves are generated using the same configuration.

4.3.1.4.2 Performance of case 2: There are 844,796 paired-end reads with both ends being

aligned by HMMER with filtration on. Some read pairs are aligned to false families. The falsely
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Figure 4.5: ROC curves of profile-based short read homology search for Arabidopsis RNA-Seq
data. We compared HMMER and our tool on case 1, where one end can be aligned by HMMER
with default E-value. Note that HMMER with GA cutoff has one data point.

aligned domain families can be removed by our method. Therefore, our method have better trade-

off between sensitivity and false positive rate. In Figure 4.6, we plotted ROC curves of HMMER

and our method.
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Figure 4.6: ROC curves of profile-based short read homology search for Arabidopsis RNA-Seq
data. We compared HMMER and our tool on case 2, where both ends are aligned by HMMER with
default E-value. Note that HMMER with GA cutoff has one data point. Using posterior probability
helps remove false aligned domains and thus leads to better tradeoff between sensitivity and FP
rate.
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The results showed that HMMER with GA cutoff yields low sensitivity and low FP rate. Our

method has better tradeoff between sensitivity and FP rate for both cases. We also computed

other metrics including F-score ( 2×sensitivity×PPV
sensitivity+PPV ) and PPV (Positive Predictive Value, |T P∩C|

|C| ).

Comparing all tools in terms of F-Score and PPV under different thresholds for case 1, our tool

achieves the highest F-Score 81.98%; the corresponding PPV is 80.41%. HMMER w/o filtration

has the second highest F-Score 75.39% and its PPV is 65.17%. For case 2, our method has the

highest F-score 86.33% with PPV 94.34%. HMMER with default E-value cutoff has the second

highest F-Score 76.45% with PPV 67.50%.

4.3.1.5 Performance evaluation on domain-level

In order to assess the homology search performance on domain-level, we focused on comparing

the set of domains found by HMMER and our tool. We further quantified the domain abundance,

which is the number of reads classified in each domain by given tools. The predicted domain

set and their abundance are also compared to the ground truth, which is derived using the read

mapping results and the whole-gene domain annotation.

Our experimental results showed that the set of domains reported by HMMER under the default

E-value cutoff and our method are almost identical. They only differ by 1 out of 3,962 domains.

Both tools can identify almost all the ground-truth domains. The only exception is HMMER with

GA cutoff, which returns 84% of true domains.

Although HMMER and our method reported near identical domain sets, they generated very

different domain abundance. We compared the predicted abundance to the ground truth by comput-

ing their distance, which is the difference in the number of reads classified to a domain. According

to the definition, small distance indicates higher similarity to the ground truth. For case 1, our tool

has smaller distance to the ground truth than HMMER, with average distance being 65.39. Our

59



tool produced the same abundance as the ground truth for 1,185 domains. The average distances

of HMMER, HMMER without filtration, and HMMER with GA cutoff are 107.60, 126.85, and

153.64, respectively. Figure 4.7 shows the distance of 377 domains for which our tool has distance

above 86.

Figure 4.7: The distance comparison between our method and HMMER on case 1 of the RNA-Seq
dataset of Arabidopsis. 377 domains with the largest distance values are listed in the four subplots.
X-axis shows the indices of the domains. Smaller value indicates closer domain abundance to the
ground truth. The average distances of HMMER, HMMER w/o filtration, HMMER GA cutoff,
and our tool are 704.92, 781.80, 1,054.77, and 522.12, respectively.

Figure 4.8 illustrates the distance between the predicted domain abundance and the ground

truth for case 2, where both ends can be aligned by HMMER under the default E-value cutoff. The

average distances for HMMER, HMMER without filtration, HMMER with GA cutoff, and our

tool are 121.61, 107.81, 139.56, and 96.34 respectively. Figure 4.8 only includes 358 domains for

which our tool has the distance above 30.

In summary, being consistent with the results shown in Figures 4.5 and 4.6, our method can

assign reads to their native domains with higher accuracy.
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Figure 4.8: The distance comparison between our method and HMMER on case 2 of the RNA-
Seq dataset of Arabidopsis. 358 domains with the largest distances are listed in the four subplots.
X-axis shows the indices of the domains. Smaller value indicates closer domain abundance to the
ground truth. The average distances of HMMER, HMMER w/o filtration, HMMER GA cutoff,
and our method are 818.09, 704.65, 1084.50, and 558.60, respectively.

4.3.1.6 Running time analysis

We compared the running time of tested tools in Table 4.3. HMMER with GA cutoff is the fastest

but yields low sensitivity. HMMER without filtration is computationally expensive and is the

slowest. We are in between as we rely on the full Viterbi algorithm to align the missing end of a

read pair.

Table 4.3: The running time of HMMER under different cutoffs and our tool on the Arabidopsis
Thaliana RNA-Seq dataset. Note: The running time is the total running time of homology search
tool to align 9,559,784 paired-end reads with 3962 domains.

Case HMMER, HMMER, HMMER, Our tool
E-value 10 w/o filtration, GA cutoff

E-value 10

Time (m) 2,628.9 758,825.2 1,955.1 9,857.3
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4.3.2 Profile homology search for short reads in a metagenomic dataset from

synthetic communities

In the second experiment, we tested the performance of short read homology search in a metage-

nomic dataset. In order to quantify the performance of our method, we chose a mock metagenomic

data with known composition.

4.3.2.1 Dataset

The chosen metagenomic data set is sequenced from diverse synthetic communities of Archaea

and Bacteria. The synthetic communities consist of 16 Archaea and 48 Bacteria [96]. All known

genomes were downloaded from NCBI. The metagenomic dataset of synthetic communities were

downloaded from NCBI Sequence Read Archive (SRA) (accession No. SRA059004). There are

52,486,341 paired-end reads in total and the length of each read is 101 bp. All of reads are aligned

against a set of single copy genes. These genes includes nearly all ribosomal proteins as well as

tRNA synthases existed in nearly all free-living bacteria [26]. These protein families have been

used for phylogenetic analysis in various metagenomic studies and thus it is important to study

their composition and abundance in various metagenomic data. We downloaded 111 domains

from Pfam database [31] and TIGRFAMs [35].

4.3.2.2 Determination of true membership of paired-end reads

The true membership of paired-end reads is determined based on whole coding sequence annota-

tion and read mapping results. First, all coding sequences (CDS) of 64 genomes of Archaea and

Bacteria were downloaded from NCBI. Second, CDS were aligned against 111 domains down-

loaded from TIGRFAMs [35] and Pfam database [31] using HMMER with gathering thresholds
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(GAs) [29]. The positions of aligned domains in all in CDS were recorded. Third, paired-end

reads were mapped back to the genomes using Bowtie [54]. The read mapping positions and the

annotated domain positions are compared. If both ends are uniquely mapped within an annotated

domain, we assign the read pair to the domain family. The true positive set contains all read pairs

with both ends being uniquely mapped to a protein domain. We will only evaluate the homology

search performance of chosen tools for these reads.

4.3.2.3 Performance of fragment length distribution

Again, we need to examine the accuracy of our fragment size computation. Figure 4.9 shows

the fragment length distribution constructed from our tool and the fragment length distribution

derived from the read mapping results. For a given length, the maximum probability difference

between our method and the ground truth is 0.01, which slightly reduces the accuracy of posterior

probability computation.

4.3.2.4 Our method can align more reads

In this experiment, the read length is longer than those in the first experiment. Consequently,

HMMER can align more reads against their native domain families. Nevertheless, it still has one

third of pairs of reads with one end being aligned to the protein domain families. By applying our

tool, the percentage of case 2 (both ends) of paired-end read alignments is enhanced from 65.82%

to 88.71%. The percentages of three cases by our tool and HMMER are shown in Table 4.4.

4.3.2.5 Sensitivity and accuracy of short read homology search

4.3.2.5.1 Case 1: one end is aligned by HMMER There were 213,668 paired-end reads with

only one end being aligned to one or multiple domains. Figure 4.10 shows the ROC curves of short
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Figure 4.9: Comparing fragment length distribution of our tool (blue) to fragment length distri-
bution constructed from read mapping results (red). X-axis represents fragment length in amino
acids. Y-axis represents the probability of the corresponding fragment size.

Table 4.4: The percentages of all three cases of paired-end read alignments by HMMER and our
tool for the synthetic metagenomic data. Case 1 represents one end. Case 2 represents both ends.
Case 3 represents no end.

Case HMMER, HMMER, HMMER, Our tool
E-value 10 w/o filtration, GA cutoff

E-value 10

Case 1 23.15% 21.63% 3.76% 0.26%
Case 2 65.82% 68.46% 2.46% 88.71%
Case 3 11.03% 9.91% 93.77% 11.03%

read homology search using HMMER and our tool. HMMER with GA cutoff has the lowest FP

rate (0.0). However, the sensitivity of HMMER with GA cutoff is only 4.11%. In addition, we

further computed PPV and F-Score of each data point in ROC curves. Comparing all tools, our

tool has the highest F-Score and PPV (90.87% and 88.01%, respectively). HMMER with E-value

10 has the next highest F-score and PPV (64.79% and 48.07%, respectively).
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Figure 4.10: ROC curves of profile-based short read homology search for the synthetic metage-
nomic data set. We compared HMMER and our tool on case 1, where one end can be aligned by
HMMER with default E-value. Note that HMMER under GA cutoff has one data point.

4.3.2.5.2 Case 2: both ends are aligned by HMMER 607,558 paired-end reads were classi-

fied to case 2. We divided data into two groups: 1
)

both ends being aligned to one domain and

2
)

both ends being aligned to multiple domains. There were 515,586 paired-end reads and 91,972

paired-end reads, respectively. When both ends are aligned to one single domain, the classification

is usually correct. Thus, we focus on evaluating the performance of the second group, where read

pairs are aligned to more than one domain. Figure 4.11 shows the average performance comparison

between HMMER and our tool on 91,972 paired-end reads. Comparing all tools in term of F-Score

and PPV, our tool achieves the highest F-Score of 96.05% and its PPV is 92.42%. HMMER w/o

filtration achieves the second highest F-Score 80.28% with PPV 80.45%.

4.3.2.6 Domain-level performance evaluation

For whole dataset, we compared the set of domains identified by HMMER and our tool. The

results showed that every tool identified all ground truth domains (111 domains) except HMMER

with GA cutoff, which only found 26 domains.
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Figure 4.11: ROC curves of profile-based short read homology search for the synthetic metage-
nomic data. We compared HMMER and our tool on case 2, where both ends are aligned by
HMMER under default E-value. Note that HMMER under GA cutoff has one data point. Using
posterior probability helps remove false aligned domains and thus leads to better tradeoff between
sensitivity and FP rate.

In addition, the domain abundance was quantified and compared to the ground truth. For each

domain, we compute the “distance”, which is the difference in the number of reads classified to a

domain by a tool and in the ground truth. Smaller distance indicates closer domain abundance to

the ground truth. For case 1, the average distances of HMMER, HMMER w/o filtration, HMMER

with GA cutoff, and our method are 272.74, 280.65, 505.56, and 178.60, respectively. Our tool has

the same abundance as the ground truth in 43 domains. We removed those 43 domains and showed

distance of other domains in Figure 4.12.

For case 2, where both ends can be aligned, all tools have worse domain abundance estimation.

The average distances of HMMER, HMMER w/o filtration, HMMER with GA cutoff, and our

method are 702.39, 1698.79, 1831.55, and 666.96, respectively. Our tool still has the closest

domain abundance to the ground truth. It has the same domain abundance as the ground truth for

68 domains. We removed the 68 domains and plotted the distances of other domains in Figure 4.13.

Although the read lengths of this data set are longer than the first data set, the average sequence
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Figure 4.12: The distance comparison between our method and HMMER on case 1 of the metage-
nomic data set. X-axis shows the indices of the domains. Smaller value indicates closer domain
abundance to the ground truth. Domains are sorted based on the distance of our tool. Due to
scaling issues, domains with the largest distances are plotted in the embedded window.

conservation of the domain families is as low as 30%. The poorly conserved families contain

large numbers of substitutions, long insertions and deletions, leading to either over-prediction or

under-prediction of the tested tools. HMMER with E-value cutoff 10, HMMER w/o filtration,

and our method all classified significantly more reads into the domain families than ground truth.

HMMER with GA cutoff significantly under-classified short reads into the underlying families.

Thus, the distances of all these tools are large.

4.3.2.7 Running time on a metagenomic dataset of synthetic communities

The running times of HMMER under different cutoffs and our tool are compared in Table 4.5. As

expected, HMMER with filtration is the fastest. Our method is slower than HMMER with filtration

but much faster than HMMER w/o filtration.
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Figure 4.13: The distance comparison between our method and HMMER on case 2 of the metage-
nomic data set. X-axis shows the indices of domains. Smaller value indicates closer domain
abundance to the ground truth.

Table 4.5: The running time of HMMER under different cutoffs and our tool on a metagenomic
dataset of synthetic communities. Note: The running time is the overall running time of homology
search tool to align 52,486,341 reads with 111 domains.

Case HMMER, HMMER, HMMER, Our tool
E-value 10 w/o filtration, GA cutoff

E-value 10

Time (m) 353.13 152,864 378.39 4,468.40

4.4 Discussion and conclusion

Homology search has been widely used for sequence-based functional analysis in various NGS

sequencing projects. In particular, for gene-centric analysis, reads are classified into characterized

protein/domain families using profile-based homology search. While HMMER is the state-of-the-

art tool for profile homology search, its performance on short reads has not been systematically

examined. Our test of HMMER in various NGS data containing short reads shows that it could

miss a large number of short reads. In this work, we described a probabilistic homology search

model for paired-end reads. The goal is to improve the performance of short read homology search.
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It is built on HMMER and can be used as a complementary tool to HMMER for more sensitive

read classification.

One future direction is to improve the short read homology search performance for poorly con-

served families. Near 4,000 domain families in the first experiment have higher average sequence

identity and thus lead to reasonable domain abundance estimation. The 100+ families in the second

experiment have low sequence identity and the tested tools tend to either over-classify or under-

classify heavily for some families. Thus, better methods need to be designed to align short reads

to poorly conserved protein families.

The advances of NGS technologies enable output of longer reads. The increased length will

lead to better sensitivity of HMMER. However, before the reads reach the length of near complete

transcripts or genes, there is still a need for improving short read homology search. In addition, ex-

isting sequencing projects are still heavily relying on today’s sequencing technologies. We expect

our tool can be used to improve the functional analysis.
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Chapter 5

glu-RNA: aliGn highLy strUctured ncRNAs

using only sequence similarity

5.1 Introduction

Noncoding RNAs (ncRNAs), which function directly as RNAs without translating into proteins,

is highly important to modern biology. Different types of ncRNA have diverse and important

biological functions. For example, house-keeping RNAs such as tRNAs and rRNAs, and small

regulatory RNAs including miRNAs, have been extensively studied because of their important bi-

ological roles. In particular, the development of next-generation sequencing (NGS) technologies

sheds lights on more reliable and comprehensive ncRNA annotation. Deep sequencing of tran-

scriptoms of various organisms has revealed that a large portion of transcriptomic data cannot be

mapped back to annotated protein-coding genes in the reference genome, indicating that those

transcripts may contain transcribed ncRNAs.

The functions of many types of ncRNAs are associated with both their sequences and secondary

structures, which contain interacting base pairs such as Watson-Crick base pairs and G-U. For

Prapaporn Techa-angkoon and Yanni Sun, ”glu-RNA: aliGn highLy strUctured ncRNAs using only sequence
similarity”, Proceedings of ACM Conference on Bioinformatics, Computational Biology and Biomedical Informatics
(ACM BCB 2013), Washington DC, USA, 2013.
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example, functional pre-miRNAs in various species fold into hairpin structures. A majority of

tRNAs share the characteristic clover-leaf structure. Thus, ncRNA gene-finding should incorporate

information from both sequences and secondary structures.

Successful genome-scale ncRNA gene finding tools can be roughly divided into two groups.

The first category includes tools for “known ncRNA search”, which compare query sequences

with annotated ncRNAs or ncRNA families and use their sequence and structural similarity for

ncRNA annotation. As characterized ncRNAs or ncRNA families are needed as reference, this

type of tools are limited to “known ncRNAs”, such as tRNA, rRNAs, annotated miRNAs etc. The

second category includes de novo ncRNA gene finding tools that are able to identify novel ncRNAs.

Efficient implementations in this category accept sequence alignments as input and examine how

likely the input sequences encode ncRNAs. Popular tools in this category include RNAz [110],

EvoFold [83], QRNA [89], etc. For example, RNAz and EvoFold have been used for ncRNA gene

finding in human genome [30]. Other tools that do not rely on alignments are also available for

novel ncRNA identification. However, conducting structural alignment makes these tools highly

expensive for genome-scale ncRNA search [107, 38].

A majority of popular de novo ncRNA gene finding tools in the second category require pair-

wise or multiple alignment as input. The qualify of the alignment directly affects the accuracy of

ncRNA gene finding. There exist accurate structural alignment algorithms that maximize both se-

quence and secondary structure similarity [95, 104, 69]. Using structural alignments leads to more

reliable ncRNA gene finding. However, most structural alignment tools cannot be conveniently

applied to whole genomes or NGS data because of two reasons. First, genome scale ncRNA gene

finding needs local alignment tools while many structural alignment programs are either global

or use a simple sliding window strategy to generate local alignments. Second, the time complex-

ity of structural alignment is still significantly higher than sequence alignment. Generating local
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structural alignments between large genomes or large number of short reads generated by NGS

technologies is not practical. It is thus desirable to have an alignment program that can achieve

similar accuracy to structural alignment tools while keeping the same order of running time com-

plexity as sequence alignment tools.

In this work, we designed and implemented an accurate ncRNA alignment program that only

relies on sequence similarity. We applied this tool to 360 pairs of highly structured ncRNAs includ-

ing tRNAs and riboswitch elements. The experimental results demonstrate that our alignment tool

can generate more accurate ncRNA alignments than several popular sequence alignment tools. In

particular, for highly structured ncRNAs with low sequence similarity (<%40), we achieved better

alignment accuracy than a popular structural alignment program while keeping the same running

time complexity as typical sequence alignment programs.

5.2 Related Work

Recently, Will et al. [111] reported many novel ncRNAs using structured-based whole genome

realignment. In their method, existing whole genome sequence alignment was used as the base

alignment. Regions that were poorly aligned were realigned using a banded structural alignment

algorithm, which conducts structural alignment in a restricted search space around the sequence

alignment. The newly generated structural alignments were used for ncRNA examination. It was

found that many of them may contain novel ncRNAs. Our tool shares the similar framework, which

intends to generate a better alignment using a sequence alignment as the starting point. However,

there are several major differences. First, the base alignment we use is generated using posterior

probability, which is expected to be more reliable for sequences with low similarity. Second, unlike

Will et al.’s work that relies on a banded structural alignment, we use sequence similarity and a
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machine learning approach to convert the base alignment into a new alignment. No structural

information is used.

The procedure of modifying a base alignment in our work can also be employed to create a

banded dynamic programming space. The idea of banded alignment has been used in both se-

quence alignment and structural alignment programs [69, 111, 37, 24, 19]. By applying dynamic

programming in banded search space, the running time complexity of alignment programs can

be reduced. The most related work is Dynalign [69], which fixed a window of width M around

the alignment diagonal. Thus, a position in sequence x is restricted to align within M-distance

of the same position in sequence y. This space reduction significantly reduces the running time

complexity of structural alignment. This heuristics is adopted by other structural alignment pro-

grams [38, 111, 24]. For example, a constant deviation (∆) is used in Will et al.’s work to define a

banded region for structural alignment.

The value of M is empirically determined in Dynalign. In an updated version of Dynalign [37],

the authors redefines the search space by applying a cutoff to posterior alignment probabilities.

Only position pairs with posterior alignment probabilities above the given cutoff will be used in

search. Thus, different values of M are used for each row.

Our work differs from Dynalign in both the application and the method. First, our work aims

to generate accurate ncRNA alignment without using structural information. Dynalign conducts

structural alignment within reduced search space. Second, our work employs posterior probability

and more features in a machine learning approach to produce a new alignment. Dynalign only uses

posterior probability to define a search space.
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Figure 5.1: Alignments generated by four alignment programs for a pair of tRNAs with sequence
similarity 80%. X-axis represents sequence 2 and Y-axis represents sequence 1. The alignment
starts with (0,0).

5.3 Method

Our ncRNA alignment program is built on several key observations. First, for ncRNAs with high

sequence similarity, the sequence alignment is usually highly consistent with structural align-

ment [33]. For highly structured ncRNAs that lack strong sequence similarity, the divergence

between the sequence and structural alignments tends to be large. Second, different sequence

alignment tools can generate different alignments, depending on the choice of scoring matrices,
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Figure 5.2: Alignments generated by four alignment programs for a pair of tRNAs with sequence
similarity 40%. X-axis represents sequence 2 and Y-axis represents sequence 1. The alignment
starts with (0,0).

gap penalties, and alignment algorithms. Previous work [37, 21, 70, 40, 57] suggested that align-

ments generated using posterior probabilities tend to be more accurate than alignments generated

using a scoring table. Third, when different alignment programs agree with each other, there is

high chance that the aligned bases are part of the true alignment.

The above observations can be visualized in Figure 5.1 and 5.2 through two pairs of homolo-

gous ncRNAs. In both figures, every path corresponds to an alignment. Besides the reference align-

ment, which is the true alignment from reliable ncRNA annotation databases, the alignments pro-
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duced using four sequence alignment programs including Needleman-Wunsch [78], ClustalW [25],

ProbA [70], and dpswalign [40] are presented. All paths significantly overlap in Figure 5.1 be-

cause the sequence similarity is high. For ncRNAs with low sequence similarity (Figure 5.2), two

alignment programs that use scoring matrix (Needleman-Wunsch and ClustalW) produced highly

different alignments. Similarly, although ProbA and dpswalign both employ posterior probabili-

ties, they produced divergent alignments. In addition, the difference between sequence alignments

and the reference alignment is pronounced. Moreover, the difference is not a constant along the

path. It is changing for different rows in the matrix graph. Towards the end of the alignment

paths, different alignment programs converge; the divergence between sequence alignments and

the reference alignment is diminished.
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>K01389.1_345-433

GGAGAGCUGUCCGAGU-GGUCGAAGGAGCACGAUUGGAAAUCGUGU-AGGCGGUCAACUCCGUCU--CAAGGGUUCGAAUCCCUUGCUCUCCG

>X02172.1_335-407

AGGAUAUUAGCUUAAUUGGU--AUAGCAUUCGUUUUACACACGAAAG------------------AUUAUAGGUUCGAAUCCUAUAUUUCCUA

dpswalign Alignment

>K01389.1_345-433

-GGAGAGCTGTCCGAGTGGTCGAAGGAGCACGATTGGAAATCGTGTAGGCGGTCAACTCCGTCTCAAGGGTTCGAATCCCTTGCTCTCCG

>X02172.1_335-407

AGGATATTAGCTTAATTGGTAT----A---------GCATTCGTTTTACA----CACGAAAGATTATAGGTTCGAATCCTATATTTCCTA

Needleman-Wunsch Alignment

>K01389.1_345-433

GGAGAGCUGUCCGAGUGGUCGAAGGAGCACGAUUGG---AAAUCGUGUAGGCGGUCAACUCCGU----CUCAAG----------GGUUCGAAUCC----CUUGCUCUCCG

>X02172.1_335-407

----------------------AGGA----UAUUAGCUUAAUUGGUAUAG-----CA--UUCGUUUUACACACGAAAGAUUAUAGGUUCGAAUCCUAUAUUUCCUA----

ClustalW Alignment
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GGAGAGCUGUCCGAGUGGUCGAAGGAGCACGAUUGGAA-AUCGUGUAGGCGGUCAACUCCGUCUCAAGGGUUCGAAUCCCUUGCUCUCCG

>X02172_1_335-407

-----------------AGGAUAUUAGCUUAAUUGGUAUAGCAUUCGUUUUACACACGAAAGAUUAUAGGUUCGAAUCCUAUAUUUCCUA

ProbA Alignment
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GGAGAGCUGUCCGAGUGGUCGAAGGAGCACGAUUGGAAAUCGUGUAGGCGGUCA-ACUCCGUCUCAAGGGUUCGAAUCCCUUGCUCUCCG

>X02172.1_335-407

-----------------AGGAUAUUAGCUUAAUUGGUAUAGCAUUCGUUUUACACACGAAAGAUUAUAGGUUCGAAUCCUAUAUUUCCUA

Figure 5.3: The reference alignment and alignments generated by four alignment programs for a pair of tRNAs with sequence similarity
40%. The predicted secondary structures are shown when each alignment is used as input to Pfold, a structure prediction program.



Errors in alignments will be propagated into downstream analysis such as ncRNA gene finding

and secondary structure prediction. A number of secondary structure prediction programs take

alignments as input and output the consensus secondary structure. Erroneous alignments lead to

wrong structure prediction. Figure 5.3 details the alignments corresponding to the paths in Fig-

ure 5.2 and the predicted structures using these alignments as input to Pfold [46]. The structure pre-

diction can output the correct clover-leaf structure for the reference alignment. Other alignments

did not lead to correct secondary structures. Thus, it is important to have accurate alignments.

In this work, our goal is to develop a sequence alignment program that can produce alignments

as close to the reference alignment as possible. We achieved this goal by first choosing an existing

sequence alignment as the base alignment. Then, we employed machine learning methods to de-

termine how we should change the base alignment so that it overlaps or gets closer to the reference

alignment. The features used in the machine learning methods were generated from the key ob-

servations, including sequence similarity and the consistency between various sequence alignment

programs.

The remaining of the Method section is organized as follows. First, we formally define the

alignment path and the quantification of the similarity between alignments. Then, we will briefly

introduce posterior probability and our choice of the base alignment. Finally, we focus on the

method of modifying and improving the base alignment.

5.3.1 Alignment path and similarity between two alignments

For a pair of sequences x and y, a directed matrix graph G of size m× n can be created, where

m and n are the sizes of x and y, respectively. The ith base in x and the jth base in y defines a

node, represented by a tuple, (x,y) in G. Three types of directed edges exist, corresponding to

match/mismatch, insertion, and deletion in an alignment. Thus, a node with index (x,y) has three

78



directed edges to nodes (x+1,y+1), (x+1,y), and (x,y+1). Any legal alignment between x and

y can be visualized as a path in G. The similarity between two alignments can thus be represented

by the distance of their corresponding paths, as suggested by Will et al. [111].

For each row r in the matrix graph, suppose the nodes have position (r,c) and (r,c′) in alignment

1 and 2, respectively. The distance from alignment 1 to 2 at row r is thus c′−c, which also defines

the extension needed to convert one alignment into the other one at row r. More generally, both

alignments may span multiple columns for a row r. Let the node set of alignment 1 at row r be

{(r,c1),(r,c2), . . . ,(r,cm)}; the node set for alignment 2 at row r be {(r,c′1),(r,c′2), . . . ,(r,c′n)}. The

distance from alignment 1 to alignment 2 at row r is defined as:

dr = maxi=1 to m(min j=1 to n(c′j− ci)), (5.1)

which mimics the extension needed between consecutive insertion blocks in sequence 1. In all

experiments, we used the longer sequence as the Y-axis and thus maximumly avoided this case.

As one alignment contains multiple rows (equal to the length of one input sequence), the final

distance between two alignments is :

sumr=1 to mdr (5.2)

where m is the number of rows. Intuitively, this distance is similar to edit distance between two

sequences. It approximates the number of movements needed to convert one alignment path into

the other. For example, Figure 5.4.(B) shows two alignment paths, one consisting of nodes with

shape× and the other consisting of nodes© and �. According to the above definition, the distance

from the alignment represented by × to the other is thus (3− 1)+ (4− 1)+ (5− 2)+ (7− 2)+

(7−2) = 18. Note that for row 3, the distance is 3 according to the definition of dr.
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5.3.2 Choosing the base alignment

Our algorithm needs to use a sequence alignment as the starting alignment, which is referred to

as “base alignment”. Previous work [37, 21, 57] suggested that sequence alignments produced

using posterior probabilities share the smallest distance with the true structural alignments. We

re-evaluate this conclusion on highly structured ncRNAs. In particular, we compare various se-

quence alignment programs and choose the one with the best accuracy. In this paragraph, we

briefly introduce the posterior probability and two alignment programs we chose for generating

this alignment.

For input sequences x and y, the posterior probability of the ith base of x (i.e. xi) being aligned

with the jth base of y (i.e. y j) is denoted as

Pr(xi ∼ y j|x,y), (5.3)

where ∼ represents an alignment. This probability can be computed using two methods. One is

based on a pair-HMM [27] and the other is based on partition function. Both methods compute the

posterior probability for all pairs of bases in x and y. The posterior probability table replaces the

scoring matrix during the dynamic programming equations for conducting sequence alignment. In

addition, the gap penalty is usually set to zero. Both global and local posterior probability-based

alignment algorithms exist. The running time complexity for global alignment is O(|x||y|), where

|x| and |y| are the sizes of sequence x and y, respectively. As there are literatures available for

describing both methods, we refer users to [27] for details about computing posterior probabilies.

In this work, we tested two different implementations of posterior probability-based sequence

alignment. One is probA [70], which is based on partition function. The other is dpswalign [40],

which is based on pair-HMMs. Because of different parameters and methods used for calculating
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Table 5.1: Number of best alignments generated by four sequence alignment tools for 662 pairs of
tRNAs and Riboswitches. Note that N-W is Needleman-Wunsch. ClustalW, a multiple sequence
alignment tool, can also be applied to a pair of sequences.

Alignment program # best alignments
Needleman-Wunsch 72

ClustalW 107
ProbA 73

dpswalign 289
N-W and ProbA 3

ProbA and ClustalW 6
ProbA and dpswalign 41

dpswalign and ClustalW 22
ProbA, dpswalign, and ClustalW 41

N-W, ProbA, and dpswalign 1
N-W, ClustalW, ProbA, and dpswalign 7

posterior probabilities, they tend to output different alignments.

We compared four sequence alignment programs on 662 pairs of homologous tRNAs and Ri-

boswitches. We used tRNAs and Riboswitches with consistent secondary structure annotation

from Rfam [16] and BRAliBase2.1 [112]. Of the four alignments generated for each pair by four

programs, the best alignment is defined as the one with the smallest distance to the reference

alignment. Table 5.1 lists the number of best alignments generated by each tool. In some pairs

of sequences, some tools give the same smallest distance to reference alignment. For example,

there are three pairs of tRNAs and Riboswitches that Needleman-Wunsch (N-W) and ProbA have

the same smallest distance to the reference alignment. In Table 5.1, these numbers show that

posterior probability-based alignments tend to be closer to the reference alignments. Of ProbA

and dpswalign, the latter yields better performance. Thus, we choose the alignment generated by

dpswalign as the base alignment.
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5.3.3 Improving alignment accuracy using machine learning methods

The base alignment shares similarity with the reference alignment. We modify the base alignment

to construct a new alignment that is expected to largely overlap the reference alignment. The mod-

ification is conducted by estimating the distance between the base alignment and the reference

alignment for each row in the matrix graph. The distance is computed using machine learning

methods by incorporating the key observations described at the beginning of Section 5.3. Specifi-

cally speaking, let r be a row index in the matrix graph. Suppose that the node at row r in the base

alignment path is (r,x). The node at row r in the reference alignment path is (r,y). The goal is to

change x into x′ so that the distance between the new node (r,x′) and the node (r,y) in the reference

alignment is minimized. In the ideal case, if x′ == y, the distance is zero, indicating the overlap

of the nodes at row r. We applied machine learning methods to training data, which contains both

base alignments and reference alignments and thus the known distance y− x for each row. The

trained model is then applied to test data to construct new alignments.

There are two steps in constructing a new alignment. First, features extracted from these infor-

mation are used as input to machine learning methods and the specific extension is then calculated

for each row. All these extensions roughly sketch a new alignment. However, some of them may

not be part of a legal alignment path. For example, the extension in row 3 in Figure 5.4 is not part

of a legal alignment path. Thus, in the second step, we fix extensions to construct a legal alignment.

There are 4 features we used as input to classification or regression models.

• F1: sequence similarity, a number between 0 to 1.

• F2-F4: pairwise distance between the three alignments generated by ClustalW, ProbA, and

dpswalign. There are three distances between three alignments. These features are row

specific. For example, for row r in the matrix graph, let the nodes in paths corresponding to
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the alignments generated by ClustalW and dpswalign be (r,w) and (r,z), respectively. We

have F2 = w− z. Note that the direction of the distance is also included. For the training

data, we found that this number can be quite large for some input pairs. The largest distance

for a row is 71, which means that two alignments are very far away from each other.

For each pair of sequences, F1 is evaluated by counting the ratio of identical bases in the global

alignment generated by dpswalign. Features F2, F3, and F4 are computed for each row. The trained

model is applied to each row in a matrix graph. The output value will be the extension value for

the node in the base alignment.

Intuitively, the smaller the sequence similarity is, the larger the distance between the sequence

alignment and the reference alignment paths is. We only chose three sequence alignment programs

because of their overall good performance. Moreover, the three programs have very different

implementations and thus complement with each other. When the pairwise distances between the

three programs are all small, three different programs have a consensus on the alignment and thus

the distance between the base and reference alignments tends to be small.

Theoretically speaking, both classification models and regression models can be trained. For

classification models, we used 10 classes with labels: ±1, ±2, . . . , ±10. Note that the actual

difference can be larger than 10. However, a majority of them should be smaller than 10. We tested

multiple classification models including decision tree, Naive Bayes, and SVM. The 10-fold cross-

validation training shows that a simple decision tree works best for this problem. Thus, we report

the results using decision tree. For regression models, we used the values for F1 to F4 as input and

the output is used as the extension. We tested different types of simple and complicated regression

models. Here, we report the result of linear regression model because it yields better accuracy than

other regression models. All model training was conducted using WEKA package [36].
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Figure 5.4: Construct a legal alignment using local search. × represent nodes in the base align-
ment. © represent new positions of nodes in base alignment after extension. (A). node (3,3) is
moved to (3,4), which is represented by �. (B). � represent inserted nodes.

5.3.3.1 Constructing a legal alignment

The above machine learning methods generate a new position for each node in the base alignment

if the computed extension value is not zero. The extension step does not evaluate whether the

new positions are part of a legal alignment. It is possible that the new nodes are not in any legal

alignment path. For example, Figure 5.4 shows two cases of illegal alignments. In both panels,

the nodes indicated by circles are the results of extension. They do not form legal alignment paths.

Moreover, the two examples represent two general cases. According to the standard glossary of

graph theory, a node u is the direct successor of a node v if there is an edge from v to u in the

path of interest. Figure 5.4.(A) illustrates the case that the new position of a node is smaller than

the column index of the expected direct successor node. Specifically, node (3,2) is changed into

node (3,3) because the trained model outputs an extension value of 1 for row 2. However, node

(2,4) only accepts three possible positions for its successor node: (3,5), (2,5), or (3, 4). Figure

5.4.(B) shows the case that the extended node has much larger column index than the expected

direct successor node. Specifically, for row 3, the expected direct successor node of (2,4) should

be one of (3,5),(2,5),(3,4). However, the extension creates a new position (3,7). We fix the

illegal path using different strategies for these two cases. For case 1, we change the position of the
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node that is not part of the legal alignment. In particular, we move it to right because its column

index is smaller than the corresponding node in a legal alignment. Thus, node (3,3) is moved to

node (3,4), as indicated by the square node in Figure 5.4.(A). For case 2, as the column index is

much larger than the expected node, we insert new nodes, as indicated by the two square nodes in

Figure 5.4.(B).

5.3.4 Running time analysis

The running time of this method includes three parts. The first part depends on the program that

generates the base alignment using posterior probabilities. The second part is to apply the trained

regression or classification model to compute the extension value for each row. Because we only

have four features, this step is efficient. The running time is decided by the length of the alignment

path. The third step is to examine whether the extended nodes form a legal alignment. If not, the

nodes will be modified to form a legal alignment. The time complexity of the last step is linear to

the size of the alignment path. Overall, the first step dominates the running time of glu-RNA. As

we use posterior probability to generate the base alignment, the overall running time complexity is

O(mn), where m and n are the sizes of input sequences, respectively.

5.4 Experimental Results

5.4.1 Data

For ncRNAs with high sequence similarity, such as homologous mature miRNAs, existing se-

quence alignment programs can produce reliable alignments. Our focus is highly structured ncR-

NAs that may lack strong sequence similarity. For these types of ncRNAs, their sequences may
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evolve faster than their secondary structures and thus pose hard cases for sequence alignment

programs. For example, in the recent realignment work by Will et al. [111], the whole genome

alignments were examined. Only regions that showed low alignment quality will be re-aligned.

Thus, we focus on testing our method on highly structured ncRNAs.
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Figure 5.5: Types of ncRNAs and their consensus secondary structures (tRNA and riboswitches).
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Table 5.2: Information of the Training Data Set

Rfam ncRNA Number of Sequence Average
Family Type ncRNA pairs Identity Length

RF00005 tRNA 50 25%-65% 74.01
RF00050 FMN 100 35%-85% 134.50
RF00059 THI 50 20%-85% 109.99
RF00162 S box 12 50%-85% 108.08
RF00167 Purine 100 45%-80% 100.85
RF00174 Cobalamin 50 30%-95% 203.17
RF00521 SAM alpha 100 55%-95% 79.00
RF01055 MOCO RNA motif 100 25%-95% 141.90
RF01057 SAH riboswitch 100 25%-90% 83.50
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Figure 5.6: Sequence similarity histogram of training data set. X-axis represents the sequence similarity. Y-axis represents the number
of ncRNA pairs.



5.4.1.1 Training data

To train the supervised learning models, we constructed our training data set using nine types

of structured ncRNAs from BRAliBase2.1 [112] and Rfam 11.0 [16]. In BRAliBase 2.1, four

types of ncRNAs were selected: tRNA, THI, S box, and Cobalamin. As Rfam contains more

structured ncRNAs, we chose five more riboswitch elements from seed alignment of Rfam. In

total, we have tRNA and other riboswitch structures from FMN, THI, S box, Purine, Cobalamin,

SAM alpha, MOCO RNA motif, and SAH riboswitch. Riboswitch elements play an important

role in transcription and translational regulation in prokaryotes. In addition, riboswitch families

have complicated secondary structures and overall low sequence similarity [103, 118]. Thus, they

were included in our training data. The consensus secondary structures of the nine types of families

are shown in Figure 5.5. The numbers of pairs of sequences of the nine types of ncRNAs in our

training data set are shown in Table 5.2. The pairwise sequence similarity histogram of the training

data is presented in Figure 5.6.

For each pair of sequences in the training data, the true structural alignment is needed. BRAl-

iBase provides quality alignments. For alignments extracted from the seed alignment of Rfam, we

have high confidence in their pairwise alignments. First, these pairwise alignments are extracted

from the multiple alignment of seed sequences in Rfam. Second, except SAM alpha, the secondary

structures of all other types of ncRNAs are published (as shown in Rfam alignment file). Thus,

being part of qualify multiple sequence alignment, these pairwise alignments are not generated by

any of the tested sequence alignment program and should not be biased towards any alignment

program.
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5.4.1.2 Testing data

To evaluate the performance of glu-RNA on quality alignments only, we constructed our testing

data set from BRAliBase2.1. Five types of ncRNAs were chosen: tRNA, THI, Cobalamin, gcvT,

and U2. Three types of ncRNAs (tRNA, THI, and Cobalamin) have the same types as training data

set. However, all pairs of ncRNAs from this testing data set are different from those in the training

data set. We chose tRNA, THI, and Cobalamin because of their complicated secondary structure.

Moreover, the sequences of THI and Cobalamin are long. Two types of ncRNAs (gcvT and U2)

were new and were not included in training data set. The secondary structures of gcvT and U2 are

shown in Figure 5.7. The numbers of pairs of sequences of the five types of ncRNAs in our testing

data set are presented in Table 5.3.
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Figure 5.7: Consensus secondary structures of U2 and gcvT.

5.4.2 Performance comparison between different classification and regres-

sion models

There are multiple classification and regression models to choose from. Without knowing which

model performs best for this problem, we used the output of cross-validation on the training data to
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Table 5.3: Information of the Testing Data Set. Note that there is no overlap between the training
and testing data.

Rfam ncRNA Number of Sequence Average
Family Type ncRNA pairs Identity Length

RF00004 U2 60 40%-95% 185.82
RF00005 tRNA 60 25%-85% 74.76
RF00059 THI 120 20%-75% 108.55
RF00174 Cobalamin 50 25%-70% 204.09
RF00504 gcvT 70 25%-80% 99.72

choose the best model. All models were trained using Weka 3.6 [36]. For each pair of sequences in

the training set, their sequence alignments were generated using dpswalign, ProbA, and ClustalW.

For each row in the matrix graph, the distance between the node in the base alignment, generated

by dpswalign, and the node in the reference alignment, was computed and used to evaluate the

prediction performance of different methods.

We used 10-fold cross-validation, where 10 is the number of data set partitions. The training

data in each fold must contain data of all classes. During each run, nine partitions were used for

training and the remaining one was used for testing. This procedure was repeated 10 times so that

each partition was used for testing exactly one. The accuracy for each run was reported using the

following equation:

Accuracy =
X
Y

(5.4)

where X is the number of rows for which the predicted distance (i.e. predicted extension) is the

same as the known distance. Y is the total number of rows of all alignments in the training data

set. The average accuracy was reported for 10-fold cross-validation.

We conducted the experiments with four standard classification models: Decision Trees, Naive

Bayes, k-Nearest Neighbor (k-NN), and Support Vector Machines (SVM). As indicated in the

Methods Section, the classes include 0,±1,±2, etc. For regression models, we did the experiments
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Table 5.4: The accuracy of different models.

Machine Learning Model Accuracy
Decision Tree 84.64%
Naive Bayes 70.14%

k-NN 79.95%
SVM 76.20%

Linear regression 80.99%
Isotonic regression 79.08%

Pace regression 73.37%

using Linear regression, Isotonic regression, and Pace regression. We used Weka to evaluate the

performance of classification models and regression models with default parameters. The accuracy

is summarized in Table 5.4.

According to Table 5.4, decision tree has the best accuracy among Naive Bayes, k-NN, and

SVM. Thus, we used decision tree to determine the row specific extension in our implementation

named glu-RNA. For regression models, linear regression has higher accuracy than isotonic re-

gression and pace regression. To distinguish the implementation of our alignment program using

linear regression model from decision tree, we name the former REglu-RNA, where RE represents

regression model.

5.4.3 Performance comparison of different alignment programs

In this experiment, we benchmarked the performance of glu-RNA with other popular alignment

programs on the testing data set. We applied glu-RNA, REglu-RNA, EMBOSS-Needle [78],

ClustalW [25], ProbA [70], dpswalign [40], and Dynalign [37] to 360 ncRNA pairs of our test-

ing data set presented in Table 5.3. EMBOSS Needle, ClustalW, ProbA, and dpswalign are

global sequence alignment tools. Dynalign is a global structural alignment tool. For standard

Needleman-Wunsch, we utilized EMBOSS Needle in EMBOSS package version 6.4.0 with gap

opening penalty of 10 and gap extension penalty of 0.5. ClustalW was designed to generate global
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multiple sequence alignment. In this experiment, we applied ClustalW to a pair of ncRNA se-

quences. We used ClustalW2 from ClustalW package version 2.1 with default parameters. ProbA

is a pairwise sequence alignment tool using partition function-based posterior probabilities. We

employed probA version 0.1.1 with default parameters. dpswalign is another posterior probability-

based sequence alignment. However, it uses a pair-HMM to compute the posterior probabilities.

We used dpswalign program from Ian Holmes’ Dart package [40] with default parameters and two

options: -pt and -oa. “-pt” option produces posterior-probability table between two sequences.

“-oa” is used to generate the optimal accuracy alignment. As ClustalW, ProbA, and dpswalign

are features in our models, we compared glu-RNA and REglu-RNA with these tools. The goal is

to evaluate whether glu-RNA and REglu-RNA can generate more accurate alignment than these

tools. Dynalign simultaneously predicts structure and alignment. It has the advantage of employ-

ing the mutual information of a pair of sequences to restrict the prediction of secondary structure.

We used Dynalign program from RNAstructure package version 5.3 and ran Dynalign in the global

mode. Note that there are a number of structural alignment programs. We chose Dynalign because

it had carefully designed banding strategy for fast structural alignment. Thus, it is the most relevant

structural alignment program for this work.

To evaluate the performance of different alignment programs, we used the the distance between

the produced alignment and the reference alignment as defined in Section 5.3.1. The distance eval-

uates how close the predicted alignment to reference alignment. Small distance indicates high

accuracy. There are 360 pairs of ncRNAs in the testing data set. Each program produces an

alignment for each pair. We recorded the average distance on all pairs. glu-RNA has the best over-

all performance on 360 pairs, with average distance 273.219. The next lowest average distance is

REglu-RNA (283.958). dpswalign and Dynalign have the third and fourth lowest average distance:

298.606 and 377.397. The average distances of different alignment programs on each family are
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shown in Table 5.5. We have 4 out of 5 families that glu-RNA and REglu-RNA achieved the best

performance.

94



95

Table 5.5: Average distances of different alignment programs on 360 pairs of ncRNAs in the testing data set. Bold number represents
the lowest average distance for an ncRNA family. Underlined number shows the second lowest average distance for an ncRNA family.

Type # test pairs Needleman-Wunsch ClustalW probA dpswalign Dynalign glu-RNA REglu-RNA
U2 60 397.100 282.433 435.233 159.033 196.950 155.217 157.817

tRNA 60 440.967 184.800 232.167 156.400 104.183 133.583 134.633
THI 120 373.892 430.283 520.083 256.742 396.742 234.125 239.225

Cobalamin 50 1007.580 1323.960 1620.100 762.500 902.300 645.120 733.020
gcvT 70 421.200 608.429 670.943 280.543 358.157 295.429 276.000

Table 5.6: Average distances of different alignment programs on 58 pairs of sequences in five families with sequence similarity below
40%. Bold number represents the lowest average distance. Underlined number shows the second lowest average distance.

# test pairs Needleman-Wunsch ClustalW probA dpswalign Dynalign glu-RNA REglu-RNA
58 1182.655 1510.793 1626.431 726.121 1101.517 605.534 667.345



Moreover, we tested the performance of alignment programs on sequences with sequence sim-

ilarity below 40%. There are 58 pairs of sequences with sequence similarity below 40%. The

average distances of tested alignment programs on these pairs are shown in Table 5.6. This ex-

periment shows that glu-RNA can generate more accurate ncRNA alignments for sequence pairs

with similarity below 40% than tested sequence alignment programs. In addition, all the above

experiments show that glu-RNA generated more accurate alignments than Dynalign, which is a

popular structural alignment program.

5.4.4 Discussion

Our program, glu-RNA, benefits from incorporating posterior probability and a machine learning

approach. Figure 5.8 shows the alignments of a THI pair with sequence similarity 45% generated

by glu-RNA, dpswalign, and Dynalign. We use the alignment generate by dpswalign as the base

alignment and improve the accuracy by using trained models. This figure is a representative exam-

ple showing that glu-RNA can generate more accurate alignments than dpswalign and Dynalign.

Our alignment program, glu-RNA, can generate an accurate ncRNA alignment relying only on

sequence similarity. Thus, it has the same running time complexity as other sequence alignment

programs. Here, we briefly compare glu-RNA and the structural alignment program Dynalign. On

short ncRNAs such as tRNA in the testing data set, the average running time of glu-RNA is 32.88s

while the average running time of Dynalign is 490.49s. When the length of sequence increases, the

average running of Dynalign increases fast. In the Cobalamin data set, the average running time of

glu-RNA is 36.26s. However, the average running time of Dynalign is 143,014s. Thus, for large

input data such as those from metagenomics, applying glu-RNA is expected to be more promising

to identify novel ncRNA clusters.
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Figure 5.8: Comparing the alignments generated by glu-RNA, dpswalign, and Dynalign to the
reference alignment of a THI pair with sequence similarity 45%. glu-RNA can produce more
accurate alignment than dpswalign and Dynalign.

5.5 Conclusion and future work

We presented an accurate ncRNA alignment program that only relies on sequence similarity.

Although it is conceptually easy, it produces alignments with higher accuracy than commonly

used sequence alignment programs. Even without using any structural information, our program

achieved slightly better performance than a widely used structural alignment program. The align-

ment program has quadratic running time complexity, which is both theoretically and practically
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faster than standard structural alignment programs. The alignments can be used as input to ncRNA

gene finding tools and can also be used for ncRNA secondary structure prediction. For example,

the poorly aligned regions in existing pairwise genome-scale alignments can be realigned by our

method before ncRNA gene finding tools are applied.

Our program can be further improved. First, we used the classification models and regression

models conveniently incorporated in Weka. A more rigorous study about choosing the best model

for this problem is needed. Second, the current method treats each row separately, which is not true

in true alignments. The predicted extension values for consecutive rows have strong dependence

with each other. Thus, a kth-order Markov model should be incorporated to improve glu-RNA.

Third, the current implementation of our method can only be applied to a pair of sequences. We

also plan to extend this method to handle multiple sequences simultaneously.

As part of our future work, we plan to apply our pairwise alignment program glu-RNA to

short sequences produced in NGS data. One convenient application is to apply glu-RNA to cluster

sequences from metagenomic data with the goal of detecting novel structural ncRNAs.
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Chapter 6

Conclusion and Future Work

In this dissertation, we first introduced gene prediction and homology search aligning a sequence

to protein families which are two essential steps for annotating functional elements in newly se-

quenced genomes. Then, three challenges in the fields of gene prediction, homology search, and

ncRNA search are discussed. First, traditional gene prediction tools are not carefully designed

to identify coding regions that have 5′-3′ changing patterns. Second, NGS produces plenty short

reads, existing homology search tools are not sensitive enough to align short reads that are part of

remote homologs. Third, most existing structural alignment programs cannot be conveniently ap-

plied to NGS data. In order to address the challenges, we have developed three tools and compared

the performance with existing programs.

First, I developed a tool named AUGUSTUS-GC, which was designed to accurately predict

protein-coding regions that have various G+C content and 5′-3′ changing patterns. It is more

accurate than the existing gene identification programs such as AUGUSTUS. Second, I developed

an approach to align short reads using paired-end read information. It can recover the missing

end and determine the true domains. Third, I developed a program named glu-RNA, which was

designed to accurately align highly structured ncRNAs employing only sequence similarity.

According to the previous studies, several directions can be improved. For gene prediction,

some existing gene prediction tools can identify 5′UTR and 3′UTR regions. Currently, AUGUSTUS-

GC is not able to identify UTR regions. We plan to extend AUGUSTUS-GC to accurately predict
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5’UTR and 3’UTR regions. Existing gene prediction tools demonstrated that using extrinsic evi-

dence derived from matches to an EST or protein database can improve the accuracy of gene pre-

diction. We will further improve AUGUSTUS-GC accuracy by using hints from external sources

if the data is available. Finally, we plan to provide users with a systematical way to better es-

timate lowT and highT for G+C contents based on the training data. For homology search, our

current method relies on HMMER 3.0 at the first step. We plan to apply banded-viterbi algorithm

to improve the sensitivity of short read homology search tool. For ncRNA search, current glu-

RNA employed classification models and regression models from Weka. We can further improve

glu-RNA by finding the better way to choose the best model for this problem. Furthermore, the

current glu-RNA can be conducted pairwise alignment, we plan to extend to conduct multiple se-

quence alignments. We also plan to apply glu-RNA to reads generated by NGS data. For example,

we can use glu-RNA to cluster short sequences from metagenomic data to detect novel structural

ncRNAs.
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