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ABSTRACT OF THE DISSERTATION

Remote Protein Homology Detection Using Hidden Markov Models

by

Steven Johnson

Doctor of Philosophy in Molecular Genetics

Washington University in St. Louis

September, 2006

Sean R. Eddy, Chairman

The �rst sequence comparison algorithms were introduced over 30 years ago. The

motivation behind that work still exists today, to connect thevast reservoir of

existing protein knowledge to lesser known sequences. If two proteins are deemed

homologous, then information regarding function and structure may be common

between them. At the least, it provides a basis for hypotheses and

experimentation. Sequence comparison methods, and the data access that they

rely on, have grown considerably over the decades. This growthhas primarily

come from a constant cycle of incorporating biological sources of information into

search algorithms, the identi�cation of more distant homologies, and the further

re�nement of information gained from the new homologies into the next

generation of algorithms and search strategies. The focus of this research has

been in the use of Hidden Markov Models (HMMs) for remote protein homology

detection. We have implemented information content sequence weighting to

improve local alignment searches. We identi�ed that the Forward null score



distribution can be approximated by the exponential distribution and utilized this

to calculate accurate and robust P-values for HHM Forward scores.In addition,

we have developed an HMM search heuristic to decrease the time required to

search large databases. Further, we have incorporated this heuristic into an

iterative HMM search method that signi�cantly increases search sensitivity.



Chapter 1

Background

1.1 Sequence Comparison and Remote

Homology Detection

The focus of my thesis research is the improvement of remote protein

homology detection using Hidden Markov Models. It has been 40 years since the

�rst sequence comparison algorithm was introduced [24]. The motivation behind

that work still exists today, to connect the vast reservoir of existing protein

knowledge to lesser known sequences. If two proteins are deemed homologous,

then information regarding function and structure may be common between

them. At the least, it provides a basis for hypotheses and experimentation.

Sequence comparison methods, and the data access that they relyon, have

grown considerably over the decades. This growth has primarily come from a

constant cycle of incorporating biological sources of information into search

algorithms, the identi�cation of more distant homologies, andthe further

re�nement of information gained from the new homologies into the next

generation of algorithms and search strategies. Many of the advances in sequence

comparison that I outline below �t into this pattern.
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1.2 Early Pairwise Sequence Comparisons

In 1961, Watson and Kendrew obtained the full length protein sequence of

the sperm whale myoglobin [91]. In their analysis of this protein sequence, they

wished to align their newly obtained sequence to a known protein. Therefore,

they did what was common at the time. Armed with the protein structure and

the knowledge of the biochemical properties of the di�erentamino acids, they

aligned their new myoglobin sequence with the human hemoglobin sequence by

hand. In fact, during this era, it wasn't uncommon to print sequences on slips of

paper and align the pieces on your living room 
oor [16].

It was still plausible to do this at that time, due to the limited number

and familiarity of biologists with the less than 60 known protein sequences [16].

However, as the number of known protein sequences grew and outpaced the rate

of protein structure determination, spurred in part by the advent of DNA

sequencing in 1975, it was becoming completely impractical to hand align

sequences to discover homologous protein regions. There needed to be an

automated way to align protein sequences. The question at the heart of this

problem is, `How do you quantify the similarity between two proteins?'

With a scoring scheme and penalties for the insertion of gaps, onecan go

through all possible alignments and calculate the overall score of each alignment

by summing the scores of the individual alignment columns. Initial attempts

involved the creation of residue scoring schemes that tried to duplicate the

human process. Aligning identical residues and residues of similar biochemical

properties were given positive scores, while aligning residueswith con
icting

properties, i.e. hydrophobic and hydrophillic, were given negative scores [24].

In 1978, Dr. Margaret Dayho� pioneered an alternative scoring approach.

Since 1965, Dr. Dayho� had been compiling and publishing the known protein

sequences in her `Atlas of Protein Sequence and Structure' [12]. She observed

biases in residue replacements in her collection of protein families. In an e�ort to

take advantage of this information, she tabulated the relative mutability of the

di�erent amino acids and their frequencies to create the PAM substitution

matrices. The important di�erence between her matrices and previous e�orts

were that they were derived from observed amino acid replacements in protein

2



families, as opposed to human dictated replacement rules. While the PAM

matrices have generally been replaced by newer methods on updated sequence

databases, they still rely on using observed residue replacementsin real protein

sequences [33,42].

1.3 Pairwise Sequence Comparison Algorithms

There have been a number of algorithms developed to identifyhighly

scoring alignments between two sequences. I will brie
y cover two of the main

pairwise sequence comparison algorithms.

In 1970, Needleman and Wunsch published an algorithm that enabled the

identi�cation of the highest scoring global alignment between two sequences [59].

This was performed by �lling in a MxN matrix, where M and N are the lengths

of the two sequences. At each cell in the array, one chooses the highest scoring

path that would have resulted in the alignment of the given residues. Once this

matrix is �lled in, one can traceback through the maximization steps to identify

the highest scoring alignment.

In 1981, Smith and Waterman published a modi�cation to the

Needleman-Wunsch algorithm that allowed for the identi�cation of the optimal

alignment between two sub-sequences [78]. Their algorithm included the same

maximizations as Needleman and Wunsch. However, they also required a score of

zero to be considered when determining the maximum score. In this case, the

traceback starts at the highest scoring cell and stops when a cellvalue of zero is

reached. This allows one to ignore those regions between two sequences that

poorly align and identify the highest scoring local alignment. The identi�cation

of high similarity regions in long sequences increased the sensitivity of sequence

database searches [16,17]. Due to the usefulness of this type of sequence

comparison and the growth of sequence databases, faster algorithms have been

developed to identify high scoring local alignments [4,48,53,55,92].

3



1.4 Local Alignment Score Interpretation

As sequence comparison methods became more sensitive and database

sizes grew, new exciting protein homologies, like the oncogenic v-sis and the

platelet-derived growth factor, were identi�ed [18]. As more biologists became

aware of the bene�t of such searches, sequence comparison searchesgrew

increasingly more popular [16,17]. However, there was a considerable amount of

confusion as to what de�ned a signi�cant sequence similarity [53]. Initial e�orts

used the mean and standard deviation of scores from random sequences to

ascertain the signi�cance of the scores obtained from biological sequences [53,79].

While these methods were more useful measures than an alignmentscore,

optimal local alignment scores do not follow the assumed underlying Gaussian

distribution. This can result in the overestimation of the signi�cance of some

scores.

In 1990, Karlin and Altschul published a study regarding the distribution

of optimal scores from ungapped local alignments [13,14,43]. They showed that

given certain assumptions, this score distribution approaches aGumbel

distribution [43]. The crucial element that came from this work was that now

there was a solid mathematical foundation for the calculation of P-values for

local alignment scores. It is important to note that there wereseveral

assumptions made in their work. In particular, their work assumed sequences

had no compositional bias, were in�nitely long, and that the local alignments

were ungapped.

1.5 Information Revealed by Homologous

Sequences

As the number of known protein sequences grew, it became commonto

have multiple homologous sequences of your gene of interest. Ascan be seen in

Figure 1.1, there is information that can be gathered from a multiple sequence

alignment that is not apparent from a single sequence. From this partial

structural alignment of calpactin, one can identify positions where there is a
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      0        10        20        30        40
1a4pB PSQMEHAMETMMFTFHKFAGDKGYLTKEDLRVLMEKEFPGFLENQKDPLA
1uwoA -SELEKAMVALIDVFHQYSGDKHKLKKSELKELINNELSHFLEE--KEQE
5icb  ------SPEELKGIFEKYAADPNQLSKEELKLLLQTEFPSLLKGP----T
 1ncx EDAKGKSEEELANCFRIFDNADGFIDIEELGEILRA--TGEH----TEED
1djxB KMLTQ--RAEIDRAFEEAAGSAETLSVERLVTFLQHQQREEE------AL
1cfpB MSELEKAVVALIDVFHQYSGDKHKLKKSELKELINNELSHFLEIKEQ---

      60       70        80        90
1a4pB VDKIMKDLDQaRDGKVGFQSFFSLIAGLTIACNDYFVVHMK-
1uwoA VDKVMETLDNDGDGECDFQEFMAFVAMTTACHEFFEHE----
5icb  LDELFEELDKNGDGEVSFEEFQVLVKKISQ------------
 1ncx IEDLMKDSDKNNDGRIDFDEFLKMMEGV--------------
1djxB ALSLIEREPSEAQRQMTKDGFLMYLLSGNAFSL---HRRVY-
1cfpB -METLDSDGD---GECDFQEFMAFVAMITTACFEHE------

Figure 1.1: Structural Alignment of Calpactin.
A partial multiple sequence alignment of the protein calpactin reveals consider-
able position-speci�c information about this protein. Boxedpositions demonstrate
strong residue preference, column 30, and increased indel probability, columns 43-
49.

strong preference for a particular amino acid, such as the leucine at position 30.

In addition, one can identify positions that would be more or less likely to have

insertions or deletions, such as positions 43-49 or positions 29-30, respectively.

Given this, the question now becomes, `How do you utilize this alignment

information in a database search?'

1.6 Position Speci�c Scoring Matrices and

Pro�les

One of the �rst approaches to try to take advantage of the information

present in multiple homologous sequences was the concept of Position Speci�c

Scoring Matrices (PSSM), or weight matrices, introduced by Stormo [85]. There

have been many alternative strategies in the construction of PSSMs. The general

idea is to construct a JxK matrix, where J is the number of possible residues, e.g.

20 amino acids, and K is the length of the alignment being modeled [34,83,84].
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For each position in the alignment, the probability of each possible amino acid at

that position is calculated. This PSSM is then slid along a query sequence and

the score of the window at each position is calculated. In 1987,Gribskov et al.

introduced the concept of pro�les, whose design is similar to PSSMs. However,

Gribskov's pro�les are used in a Smith-Waterman type search allowing for a�ne

gap penalties [28]. Therefore, Gribskov pro�les share the features listed above

with the addition of two position speci�c gap penalties (gap-open, gap-extend) for

every alignment column modeled. However, these gap penaltieswere calculated

in an ad hocmanner and had no theoretical foundation for their determination.

1.7 Pro�le Hidden Markov Models

Hidden Markov Models (HMMs) were extensively employed in voice

recognition software starting in the 1970's [67]. In voice recognition, a speech

sample is broken into small sounds and this pattern of sounds needs to be

matched to a known word. Obviously, there are variations in tone and dialect

that can make this a di�cult problem. Krogh et al. was one of the �rst groups to

recognize the similarity between identifying slightly varying spoken words and

identifying protein sequences [51]. In their work, they describe an HMM that can

be used to model a protein domain and show that it was e�ective atmodeling

the globin domain. Later the same year, Eddyet al. released HMMER, a

software package that uses Hidden Markov Models to model protein domains and

identify remote protein homologies. My research relies extensively on HMMER. I

will now go into a more detailed discussion of its default construction and usage.

1.7.1 HMM Architecture

A Hidden Markov Model of a protein domain is typically built from a

multiple sequence alignment of homologous domains. HMMs are commonly

represented by state diagrams, such as Figure 1.2, which consist of`states' and

paths connecting these states which are referred to as `transitions'. I will start by

discussing the details of the core of a typical HMMER model which is made up of

match states, insert states, delete states, and transitions betweenthese states.
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Figure 1.2: State Diagram of a HMMER Hidden Markov Model

Core States and Transitions

Match states, `M' labeled squares in Figure 1.2, represent the conserved

columns in the training alignment. The match states `emit' amino acid residues

according to probabilities usually based on the normalized combination of the

observed amino acid counts in the alignment column they represent and

pseudocounts from the prior. In a default HMMER construction, those alignment

columns with < 50% gap characters are designated as match states.

Insert states, `I' labeled diamonds in Figure 1.2, allow for theemission of

residues between the match states. The emission probabilities for the insert state

emission probabilities are derived primarily from residue frequencies calculated

from an early version of Pfam. (For more information on Pfam, see section 1.8.2.)

Delete states, `D' labeled circles in Figure 1.2, are an example of a

non-emitting state or silent state. They can be thought of as placeholders that

allow for paths through the HMM that do not involve emitting a residue of the

target sequence.

I de�ne a node of a HMMER HMM to consist of a set of alignable match,

delete, and insert states as one progresses left to right along the HMM. e.g. M2,

D2, and I2 are a node.
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Transitions, represented as arrows in Figure 1.2, are the possible paths to

and from the individual states in the HMM. Each transition has a probability,

and all transition probabilities out of a state must sum to one. The transition

probabilities to and from the match, insert, and delete statestypically come from

the normalized observed counts from the training alignment and a single

component Dirichlet prior.

Additional States

N and C states, `N' and `C' labeled diamonds, are emission states that

allow for the modeling of N and C terminal sequence around a domain. These

emission probabilities correspond to background database frequencies. The J

state allows the HMM to be able to detect multiple copies of the protein domain

in a target sequence.

Local and Glocal HMMs

The two most commonly used types of HMMER HMMs are local and

global/local (glocal) models. Local models generate an alignment of a segment of

a target sequence to some subset of the core HMM states. Glocal models

generate an alignment of the entire core model to some segment of the target

sequence. These two model types are achieved by controlling the begin state, B

labeled circle, to match state transitions and the match state to end state, E

labeled circle, transitions. (Dashed lines in Figure 1.2.) In local models, these

transitions are allowed, while in glocal models they are set tozero.

1.7.2 Domain Modeling with HMMs

Given the 
exibility of HMMER's HMMs we can re-visit the types of

information that can be revealed from a multiple sequence alignment. By having

match state emission probabilities for each modeled alignmentcolumn, HMMs

can easily incorporate position-speci�c residue preferences. Additionally, by

calculating transition probabilities that utilize the observed times the training
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sequences use those paths, HMMs can incorporate position-speci�c information

on insertion and deletion penalties.

1.7.3 Probabilistic Modeling

At this point, the reader may recognize some similarities between pro�les

and HMMs. While HMM match states and pro�les are quite similar in their

construction, this is where the similarity ends. The match stateemission scores

incorporated into HMMER's HMMs are typically derived from a combination of

observed and prior data and have a probabilistic basis. This is also true for the

column scores for most pro�les [5,28]. However, pro�le gap penalties do not.

Pro�le gap penalties come from empirical studies that have demonstrated which

values perform the best over a wide range of proteins. There areno underlying

probabilities for most pro�le and pairwise sequence comparisonmethods' gap

penalties. Thus, their alignment scores can not be considered likelihoods. In

contrast, HMMER HMM's allow for a fully probabilistic modeling of insertions,

deletions, and N and C terminal sequences 
anking a modeled domain. Since

HMMs are fully probabilistic, the scores returned by the various scoring

algorithms are actual likelihoods.

1.7.4 HMM Scoring Algorithms

Once a HMMER HMM is constructed, it can be used to identify

potentially homologous sequences. Two main algorithms that are used for this

purpose are the Viterbi and Forward algorithms.

In 1963, Dr. Andrew Viterbi accepted a teaching position at the

University of California Los Angeles. Around that time, the information theory

work of Dr. Claude Shannon was gaining in popularity. While Dr. Viterbi had

no formal background in information theory, he began to readpublished articles

in the �eld and made it a topic of the classes he was teaching. He found teaching

the subject quite challenging. \When doing research one gets into a mindset

where it becomes second nature, but when it comes to teaching someone else's

research, that's when it becomes clear whether one understands it fully. I found

9



information theory di�cult to teach, so I started developing some tools." [58]

The Viterbi algorithm was one of those teaching tools.

The Viterbi algorithm is a dynamic programming algorithm that

calculates theP(Seq; �̂ j HMM ; � ); where ^� is the optimal path over all paths� ,

and � is the parameterization of the HMM [67]. This is accomplished by �lling in

a LxM matrix where L and M are the lengths of the HMM and target sequence,

respectively. In particular, L is the number of nodes in the HMM. The Viterbi

algorithm is very similar to the Needleman-Wunsch and Smith-Waterman

algorithms in that one selects the most probable of path endingat a particular

position in the matrix. When the matrix is �lled in, one can traceback from the

maximum scoring state for the �nal target sequence position through the

individual maximization steps to identify the highest scoringalignment between

the HMM and the target sequence.

The Forward algorithm calculates the overallP(Seqj HMM ; � ) where � is

the parameterization of the HMM [67]. This is accomplished by again �lling in a

LxM matrix. However, in the Forward algorithm the maximization step of the

Viterbi algorithm is replaced by a summation over all possible paths. Therefore,

the score in the lower right-hand corner represents the probability that the

observed sequence was generated by the model, considering all possible paths

through the model that could have generated the sequence. Since the Forward

score is a summation of the probabilities of the alternative paths and not a

maximization, there is no traceback. Obviously, this also means there is no

alignment between the sequence and the HMM returned from the Forward

algorithm.

1.8 Further Advances in Sequence Comparison

Methods

1.8.1 Iterative Methods

It is clear that the addition of homologous sequence information improved

the sensitivity of sequence comparisons [63]. Therefore, increasing the number
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and diversity of the aligned homologous sequences became a focus for further

improvement. Iterative methods were introduced, particularly for pro�les and

HMMs [5,15,45]. In these methods, a pro�le or HMM is built from an initial

alignment and is searched against a sequence database to identify homologs.

These new homologs are then incorporated into the alignment,a new model is

built and again searched against the database. Iterative methods are discussed

further in Chapter 6.

1.8.2 Domain Databases

One result from the building of more advanced models of protein domains

is the compilation of these domain models into databases. Using the PSSM

method of Heniko� and Heniko�, the BLOCKS database was built in an

automated fashion from sequences in SWISS-PROT that contained ungapped

sequence motifs from Prosite [32,66]. The Pfam database is a manually curated

database of protein domains that have been built into HMMs usingthe HMMER

software [6,7,23,81]. These databases are particularly usefulwhen one has a

single sequence of interest and wishes to take advantage of these more sensitive

models. Pfam, in particular, has been vital to the annotationof open reading

frames from many large scale sequencing projects [21,22,47,52].

1.8.3 Model-Model Alignments

Several groups have decided that if incorporating the information from a

single alignment increases sequence comparison sensitivity, then utilizing the

information present in more than one alignment might providefurther sensitivity.

Recent work has investigated aligning models against each other to further

increase sensitivity. One approach has been to compare sequencepro�les against

each other [70,71]. In COMPASS, a pro�le-pro�le comparison method, the score

for aligning the columns from two di�erent pro�les is derived from the relative

entropy between the probability distributions of the two pro�les. The pro�les are

aligned using these scores and the Smith-Waterman local alignment algorithm.

Signi�cance estimates of these scores are calculated by assumingthe null
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distribution for this method �ts a Gumbel distribution accord ing to Karlin and

Altschul.

Alternatively, there has also been work in performing HMM-HMM

alignments [19,80]. In HHsearch, a modi�ed version of Viterbi is performed to

identify the most probable co-emitted path given both HMMs in either a local or

glocal fashion. HHsearch calculates a P-value for the score of this HMM-HMM

alignment by assuming that null scores follow a Gumbel distribution.

It does appear that pro�le-pro�le and HMM-HMM methods are capable of

detecting quite distant protein homologies [70,80]. However, recent work by

Pearson and Sierk indicates that there is serious concern regarding the accuracy

of their statistical estimates, and [65].

1.9 Outline of This Work

My work has been to improve the performance of Hidden Markov Models

in the detection of remote protein homologies. Outlined below is the focus of the

individual chapters in this thesis.

Chapter 2 discusses the design and implementation of the major

benchmarks I have utilized during the course of my work. Benchmarks are vital

tools that enable one to measure the e�ects of algorithm designand

implementation. I reproduce the work of Madera/Gough that claimed that

HMMER's local models were underperforming. Additionally, I discuss concerns I

had about Madera/Gough's benchmark and describe the modi�edbenchmark I

use in my work.

Chapter 3 examines the underperformance of HMMER's local models. I

describe issues involved in sequence weighting and my implementation of an

information content based external sequence weighting strategy. The

performance of this strategy is then demonstrated using my benchmark.

Chapter 4 describes my contribution to the collaborative e�ort to utilize

the Forward algorithm in HMM/sequence scoring. I discuss the strengths and

weaknesses of the Forward and Viterbi algorithms, as well as an example where
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the Forward algorithm is more sensitive. I discuss the good �ts between the

Forward null score distributions of several models and the exponential

distribution. I then show the performance of a HMMER implementation utilizing

the exponential distribution for the calculation of Forwardscore P-values.

Chapter 5 addresses the issue of speed in HMM scoring algorithms. HMM

scoring algorithms, such as Viterbi and Forward, are rigorous but slow. I describe

a heuristic, HMMERHEAD, that my colleague Elon Portugaly and myself

developed for Hidden Markov Models. I then show the speed improvement and

sensitivity loss of this heuristic on my benchmark.

Chapter 6 describes iterative search approaches with HMMs. Utilizing the

speed heuristic HMMERHEAD, I demonstrate the loss in performance ofan

iterative HMM approach that utilizes a sub-database for iteration. I then

compare the performance of my iterative approach, JackHMMER, against other

pro�le and HMM iterative programs.
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Chapter 2

Remote Protein Homolog

Benchmark

2.1 Background

In 2002, Madera and Gough published a study comparing several di�erent

homology detection programs [56]. Their critical review ofHMMER performance

was an initial focus of my research. Their results were surprising given previous

internal benchmarks that had shown HMMER performance had beencomparable

or better than SAM. I will now discuss several issues in protein homology

benchmarks that came to light during the course of reproducing their work.

2.1.1 Homolog Database Selection

At the core of any protein homology detection benchmark is a database

where the homology between the sequences is known. Simply de�ned, two

proteins are homologous if they share a common ancestor [62]. There have been

several di�erent approaches to compiling large sets of homologous protein

sequences [11,82]. The majority of these databases infer homology on the basis of

either sequence or structural similarity.
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Caveats of Structural-Based Homology Databases

As with sequence similarity, there are many degrees of structural similarity.

One commonly used classi�cation is the structural fold. The SCOPstructural

database de�nes two proteins as sharing the same fold when they have the same

major secondary structures in the same topological arrangements [11]. It has

been well established that proteins are able to undergo considerable primary

sequence mutation while still maintaining the same overall fold. Thus, structure

has been seen as a more sensitive indicator of homology [11,61].Alternatively,

there is a concern that protein folds represent stable thermodynamic structures

that may have arisen multiple times by convergent evolution [11]. Therefore,

solely sharing the same fold can be a problematic indicator of homology.

Caveats of Sequence-Based Homology Databases

One of the major concerns in using a database of homologs based on

sequence similarity is the circularity involved. There is theconcern that good

performance on the benchmark is due to a program's ability tomimic the

sequence similarity measure used to construct the database. If a new method

were actually more sensitive and detected remote homologies not identi�ed by the

creating method, these new homologies would be incorrectly called false positives.

A second concern is in regards to the evolutionary distance of this type of

database. It is a generally observed fact that protein structure evolves more

slowly than protein sequence [11,35]. Thus, using sequence-basedhomology could

limit the evolutionary distances between the sequences in this type of testset.

Finally, there is also an assumption that if two sequences possess sequence

similarity, then they are homologous. However, there are several examples of

proteins with dissimilar structural folds that possess similar sequence motifs,

such as the KH and ferredoxin domains [29,50,54]. I go into this issue in more

depth later in the chapter.

Given the aforementioned caveats, it would be better to test

sequence-based homology programs on a testset not created through the sole use

of sequence information. In fact, it appears that the sequencecomparison �eld
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has accepted using structure based de�nitions of homology to test sequence

comparison methods [56,63,64].

2.1.2 SCOP Database

The database used by Madera and Gough was the SCOP database. The

SCOP database consists of single domain protein sequences from PDB [11]. Each

sequence in the SCOP database has been put into a hierarchical classi�cation

scheme on the basis of its structure. The SCOP classi�cation schemein

descending order is Class, Fold, Superfamily, and Family. The top level, Class,

groups proteins according their overall fraction of di�erent secondary structures.

ie. All alpha helix. Again, the Fold classi�cation is determinedby the order and

topological connections of the main secondary structures. Thenext level is the

Superfamily level. Sequences that share the same Superfamilymay have low

levels of sequence identity, but their tertiary structures and function imply that

they share a common evolutionary origin. Proteins share the same Family

classi�cation if they possess greater than 30% identity or their functions and

tertiary structures are very similar. For future reference, when I capitalize Fold

or Superfamily, I am referring speci�cally to the SCOP classi�cations.

The Madera and Gough benchmark is structured similar to a pairwise

sequence comparison benchmark by Greenet al. [27]. Their protein testset were

those sequences that shared Superfamily classi�cations. It was clear that the

Fold level wouldn't represent a good set of clearly homologous,and the Family

level, due to their higher degree of sequence similarity, would be too easy of a

testset. To further increase the di�culty of the benchmark, the sequences used

were from the Astral Compendium's version of SCOP that �lters out all

sequences with greater than or equal to 40% identity [8,9].

2.1.3 Benchmark Alignments and Models

Ideally, pro�le HMMs are built from multiple sequence alignments of

homologous domains. Thus, one needs to obtain alignments for each of the

testset sequences. There are a number of trusted alignment databases such as
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Pfam and FSSP [37,82]. However, none of these had adequate coverage of the

Astral test sequences.

Alternatively, an initial set of proteins homologous to each testset

sequence could be identi�ed in a sequence database and the alignments could be

generated for the benchmark. The downside of this approach isthat that the

alignments may be of lower quality than those created from structural alignments

or hand-curation. However, this would be appropriate since many users do not

have access to these higher quality alignments of their proteins of interest. In the

Madera and Gough benchmark, alignments were generated for each of the test

sequences by identifying an initial set of homologs from a non-redundant database

using Wu-BLAST and aligning the homologous segments using ClustalW.

2.1.4 Source of Non-Homologous Sequences

Performance on a protein homology detection benchmark should be

measured as a balance between a method's ability to detect remote protein

homolog sequences, while rejecting non-homologous sequences.Thus, there is a

need for non-homologous sequences in the test database. These sequences can

either be biological non-homologous sequences or arti�cially generated sequences.

As I point out in the next section, there are some serious issues withusing

biological sequences as a source of non-homologous sequences.

2.2 Results

2.2.1 Reproduction of Madera/Gough

Agreement with Madera/Gough Local Model Result

In order to better understand Madera/Gough's results, I reproduced their

benchmark. Due to slight variations in database versions and alignment

protocols, I would need the exact alignments used by Madera andGough to

identically reproduce their results. I requested these alignments but
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Figure 2.1: Madera/Gough Reproduction. Local Model Performance Re-
production of the Madera and Gough benchmark con�rms their results. A) Figure
taken from Madera/Gough publication. 1S-BL&CLW-HH is HMMER 2.3.2 local
models' performance. 1S-BL&CLW-SS is SAM 3.2.1 local models' performance.
B) My reproduction of the Madera/Gough benchmark.
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unfortunately they were not saved by the authors. Figure 2.1A is taken from

their study. Figure 2.1B shows the results of my reproduction. While there is

some variation, both results are quite similar. The main di�erences are that it

seems HMMER 2.3.2 local models show an improved performance at low false

positive values and that SAM 3.2.1 shows an overall performanceimprovement,

particularly at higher false positive values. In my reproduction, it is clear that

HMMER's local models are underperforming relative to SAM. This was quite

surprising because it con
icted with a previous internal benchmark. This

benchmark, profmark, used sequences from the Pfam 2.0 full alignments. The

families were split into sets of training and test sequences. Glocal models were

built from the training sequences and then searched against a test database that

consisted of the remaining Pfam test sequences and random sequences. On this

benchmark, HMMER slightly outperformed SAM.

HMMER 2.3.2 Glocal Models Outperform and SAM 3.2.1 Glocal

Models on the Madera/Gough Benchmark
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Figure 2.2: Madera/Gough Benchmark. Glocal Model Performance
HMMER 2.3.2 glocal models outperform SAM 3.2.1 glocal models.

The focus of the profmark benchmark had been on glocal model

performance. It was assumed that local and glocal models shouldperform
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similarly. In Madera and Gough's study, they did not examine the performance

of HMMER's glocal models. To test the assumption that local and glocal models

perform similarly, I measured the performance of the HMMER 2.3.2 glocal

models on the Madera/Gough benchmark (Figure 2.2). HMMER 2.3.2 glocal

models outperform HMMER 2.3.2 local models, as well as the glocal models of

SAM 3.2.1. This explains the con
ict between the two studies.

2.2.2 Problems with Madera/Gough

During the reproduction of Madera and Gough's work, I came across

several problems with their benchmark. In this section, I describe the issues that

I have with their benchmark and explain the modi�cations I made that resulted

in the creation of a new benchmark.

SCOP Misclassi�cations

The previous benchmark by Madera and Gough used a test database that

consisted solely of the SCOP database sequence. Homology and non-homology

was de�ned by the SCOP Superfamily and Fold classi�cation of the sequences. If

two sequences shared the same Superfamily, they were consideredhomologous. If

the sequences were in di�erent Folds, they were considered non-homologous.

Inspection of the top scoring false positives in their benchmarkreveals highly

signi�cant scores between sequences from di�erent folds. Thus, under Madera

and Gough's scoring scheme, these were considered false positives.

Examination of later versions of SCOP revealed that several ofthese

sequences were reclassi�ed as being in the same Superfamily. Forexample, in

SCOP 1.50, several members of the L-2-Haloacid dehalogenase Superfamily hit a

sequence in the epoxide hydrolase Superfamily, d1cr6a1, withexpectation values,

E-values, below 1e� 10. In later SCOP releases, the classi�cation of these

sequences was changed and all the sequences were placed in the HAD-like

Superfamily. The SCOP database, like many databases, is under aconstant state

of manual revision.
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Di�erent Folds with Sequence Similarity

Some of the issues with using biological sequences as a source of

non-homology are not due to classi�cation errors, but are due topotential

con
icts in sequence versus structural inference of homology.A recent paper by

Krishna et al. reveals that there are ferredoxin functional domains thatshare a

highly conserved 14 residue sequence motif. However, these sequences can be

found within two di�erent protein folds [50]. The pyruvate-ferredoxin fold

consists of 4 beta sheets interspersed by 2 alpha helices. The quinol-fumarate

fold, a functional ferredoxin, is made up of 4 alpha helices. Thus, from a

structural standpoint these two sequences have di�erent folds. However,

functionally and sequence similarity-wise, they are similar. Conserved sequence

motifs have been observed in other domains with dissimilar folds [29,54].

Regardless of whether these cases arose from convergent evolution or `structural

drift', these are clear examples of con
ict between structural and sequence based

homology that are di�cult to interpret [49]. This type of scenario would further

complicate using SCOP structural classi�cations to de�ne our non-homologous

sequences.

In fact, further inspection of the high-ranking false positives in Madera

and Gough's benchmark reveals cross-Fold hits between severalfumarate

reductases and pyruvate-ferredoxin sequences with E-valuesas low as 1e� 05.

In the Madera and Gough benchmark, they excluded hits between the

Rossman and Rossman-like Folds due to the number of cross-hits theyobserved

between these two Folds. Instead of selectively excluding hits between certain

Folds, I decided to seek out an alternative source of non-homologous sequences

for my test database. I decided to use shu�ed biological sequencesin my test

database as a trusted source of non-homologous sequences. I use shu�ed

biological sequences instead of random sequences because shu�edbiological

sequences still possess the same overall compositional residue biases that can be

found in biological sequences.
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Improvement of WU-BLAST Comparison

The comparison in Madera and Gough's study between HMMs and the

pairwise search method, WU-BLASTP, was misleading. Hidden MarkovModels

have the advantage of using multiple homologous sequences as input, while

WU-BLASTP searches can only utilize single SCOP sequences. To better

account for this advantage in input data, I replaced the single WU-BLASTP

search with a WU-BLAST Family Pairwise Search. This method has been

previously described and consists of comparing a `family' of sequences to a

database using a pairwise sequence comparison method [30]. In a Family

Pairwise Search, when more than one `family' sequence hits thesame database

sequence, their similarity measures are combined and represents the similarity of

the family to that database sequence. It is clear that the WU-BLAST FPS

approach outperforms a single query WU-BLASTP search (Figure 2.3).
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Figure 2.3: WU-BLASTP Versus WU-BLAST Family Pairwise Search
WU-BLAST FPS outperforms WU-BLASTP. Error bars represent the minimum
and maximum true positives identi�ed from bootstrapping.
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Determination of Signi�cant Performance Di�erences

Often it is unclear how to interpret di�erences in program performance. I

employed a bootstrap re-sampling method similar to that of Brenner [27].

Signi�cance is determined by using the percentile method forde�ning a

con�dence interval on a statistic [20]. Basically, I create alternative testsets by

sampling with replacement from the original list of test sequences. I then

measure the di�erences in performance between two di�erent methods on each of

these alternative testsets and determine the distribution of score di�erences. If

the middle 95% of the values of this distribution does not overlap zero, I say that

there is a statistically signi�cant di�erence at the 0.05 levelin the performance of

the two methods.

2.2.3 Improved Benchmark

HMMER Local Models Are Underperforming

I measured HMMER 2.3.2's performance on the new benchmark (Figure

2.4). Unfortunately, the local model results recon�rm those found in Madera and

Gough's benchmark. HMMER's local models still demonstrate a marked

underperformance at a statistical level compared to SAM at all false positives per

query levels.

HMMER 2.3.2 and SAM 3.2.1 Glocal Models Identify an Equivale nt

Number of Homologs

SAM 3.2.1 and HMMER 2.3.2 glocal models �nd equivalent numberson

the new benchmark. The optimization of SAM's model building scripts,

described below, increased SAM performance and is a better representation of

the performance of the two programs.
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Figure 2.4: Improved Benchmark
HMMER 2.3.2 local models underperform on the improved benchmark. Error bars
represent the minimum and maximum true positives identi�ed from bootstrapping.
A) HMMER 2.3.2 local models are still underperforming.B) HMMER and SAM
glocal models identify an equivalent number of trues.
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2.3 Concluding Remarks

I reproduced the work of Madera and Gough and found the same major

conclusion as their study. The local models of HMMER 2.3.2 are

underperforming relative to SAM 3.2.1 local models. This was aconfusing result

because internal benchmarks had indicated that HMMER performance was

comparable to that of SAM. Further experiments explained thereason for this

con
icting evidence. HMMER's previous benchmarks focused onglocal model

performance, while the Madera and Gough study focused on localmodel

performance. Madera and Gough's benchmark, as well as my ownbenchmark,

reveals that HMMER 2.3.2 local models are underperforming relative to SAM as

well as HMMER's glocal models. The reason for the local model performance

di�erence is explained in more detail in the next chapter.

In the course of reproducing Madera and Gough's work, I discovered

several issues I had with their benchmark, which I then used to create my own

benchmark. One of the main issues was regarding non-homologous sequences in

the test database. In Madera and Gough's work, they used biological sequences

as false positive or non-homologous sequences. They utilized the SCOP

classi�cation scheme to de�ne whether sequences were homologous despite the

fact that this classi�cation is continuously being re�ned. A general concern with

using biological sequences as sources of non-homology is that asensitive method

would be penalized for identifying a homology that is not detected in the

database. As a speci�c example of this, there were several high scoring false

positives between sequences from the L-2-Haloacid dehalogenase Superfamily and

a sequence from the epoxide hydrolase Superfamily in SCOP 1.50. In later

versions of SCOP, these sequences were combined into one Superfamily.

Therefore, in my benchmark, I employ shu�ed biological sequences as sources of

non-homology. While this might not be ideal, since shu�ed sequences do not

contain the same types of regional compositional bias or short-period repeats as

biological sequences, I decided that this would be better thanusing a clearly


awed scheme.

Another issue I had with Madera and Gough's benchmark was their use of

single query searches to compare the performance of pairwise sequence
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comparison methods to that of HMMs. I replaced their single queryWU-BLAST

searches with a family pairwise approach to better account forthe advantage in

input data that HMMs possess. Also, I utilized bootstrapping and a 5%

con�dence interval to more quantitatively measure the performance di�erence

among di�erent search programs.

One point that should be made in regards to both Madera and Gough's

and my benchmark is that they do not necessarily re
ect E-valueaccuracy.

E-values are used in ranking the reported hits, but the performance measures are

based o� of true and false positive counts. Since rank order is used, these

benchmarks will not indicate whether the E-values associatedwith the reported

hits are accurate.

2.4 Methods

2.4.1 Reproduction of Madera/Gough Benchmark

SCOP/Astral Sequences

I used the Astral Compendium's �ltered version of SCOP 1.50. Sequences

in this dataset are �ltered so that there are no sequences with� 40% identity.

There are 2,893 sequences in this dataset. This database can be found at:

http://astral.berkeley.edu

Alignment Generation

In order to build HMMs, I needed a multiple sequence alignment of

homologs for each test sequence. Putative homologs for each test sequence were

identi�ed in a non-redundant database, NRDB90 (10/2002), using WU-BLAST

2.0MP [26,38]. Database sequences with E-values� 1e� 05 were considered

putative homologs. Homologous regions were extracted and aligned using

ClustalW 1.82 [40]. Several extremely large homolog sets, 23, could not be

aligned after 3 days. For each of these, 1000 homolog sequences were randomly

selected and aligned.
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Since we wanted to identify homologs at the SCOP Superfamilylevel and

we considered matches to the query sequence as too easy, 372 sequences from

Superfamilies with one member were excluded. The �nal set of 2,521 alignments

was then used to build HMMs using the various approaches.

Benchmarking Procedures

Each model is searched against the test database and a master list is

created from all 2,521 search results. A typical line from this master list consists

of the name of the query model, the target database sequence identi�ed, and the

E-value of the score. This list is then ranked by E-value in ascending order.

Thus, those query/target hits with the most signi�cant E-valuesare at the top of

the list. Each hit in the list is scored as true, false, or ignored.

For the reproduction of Madera and Gough's benchmark, I used their

scoring scheme. Hits to sequences from the same Superfamily are scored as true.

Hits between sequences from di�erent Folds are considered false. Hits between

sequences that are from di�erent Superfamilies but are within the same Fold are

considered to have uncertain homology and ignored.

For my benchmark, I considered hits between sequences from thesame

Superfamily as true. Hits to shu�ed sequences were scored as falseand hits to

SCOP sequences not in the same Superfamily were considered to have uncertain

homology and ignored. Scripts used in this benchmark are discussed further in

appendix A/B.

Performance is graphed as the number of true homologies detected at 1, 3,

12, 25, 125, and 250 false positives or 0.0004, 0.001, 0.005, 0.01, 0.05, 0.1 false

positives per query (fpq), respectively.

2.4.2 Test Database

These sequences were generated by running SQUID's Shu�e program with

the 2,521 Astral SCOP sequences as input. I generated �ve shu�ed copies of

each query sequence. These shu�ed sequences were combined with the 2,521
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Astral sequences to create a total test database size of 15,126 sequences. SQUID

is included in the current HMMER version or can be found at:

http://selab.janelia.org/software/

2.4.3 WU-BLAST Family Pairwise Search

The pairwise sequence comparisons were performed using WU-BLASTP

2.0MP. I compared the performances of several methods of combining the

E-values in this approach, such as mean log E-value, mean E-value, and

minimum E-value [30]. Since they provided the best performance on my

benchmark, I used minimum E-values.

2.4.4 SAM

SAM has several automated model building scripts. For the Maderaand

Gough benchmark, I plotted the performance of models built with the fw0.7

script, the same as they used.

For my benchmark, I wanted to ensure that I got an optimal performance

out of SAM. Therefore, I benchmarked the performance of all 6 model building

scripts in SAM 3.2.1. I found that the w0.5 script obtained the optimal

performance and it is used in my benchmarks. The SAM software can be found

at:

http://www.cse.ucsc.edu/compbio/sam.html

2.4.5 HMMER 2.3.2

This codebase can be found at:

http://hmmer.janelia.org/

28



2.4.6 Determination of Signi�cant Performance

Di�erences

In order to compare two di�erent methods, 1000 query sets were generated

by sampling with replacement from the original set of 2,521 queries, and the

performance of each method was assessed on each re-sampled set. Foreach value

of false positive per query, we calculated a 95% con�dence interval on the

di�erence in true positives detected by the two di�erent methods on each of the

1000 query sets. This was accomplished by taking the 0.95 x 1000 =950 middle

values. i.e., eliminating 2.5% of the values at each tail of the distribution. Scripts

used in this procedure are discussed further in appendix A/B.

2.4.7 Availability

All benchmarking scripts, alignments, and the test databases used in these

experiments can be found one in a compressed tarball at:

http://selab.wustl.edu/people/steve/thesis/bm.tar.gz
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Chapter 3

Information Content Based

Sequence Weighting

3.1 Background

HMMER derives its match state emission probabilities from combining the

observed residues with prior data regarding the residue types that commonly

occur in multiple sequence alignment columns. This information comes from a 9

component Mixture Dirichlet prior [77]. Mathematically, the �nal emission

probability of an amino acid i is represented as;

P(i ) =
lX

j =1

Prob(�! � j j�! n ; � )
ni + � j;i

j�! n j + j�! � j j
,

where:

l is the number of components in the Mixture Dirichlet Prior.

P rob(�! � j j�! n ; � ) is the probability of a component generating the observed

alignment column.

The part that I want to focus on is
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ni + � j;i

j�! n j + j�! � j j
,

where:

ni is the observed count of residue i in the alignment column.

� j;i is the � parameter of residuei contributed by component j. This can

be thought of as that component's pseudocount for residuei

j�! n j and j�! � j j are the total observed counts and total� parameters.

contributed by component j, respectively.

Therefore, the �nal emission probability of amino acidi, P(i ), is the

weighted average of the above terms over all components in the mixture Dirichlet

prior. An important point to note is that the number of counts added by the

prior does not vary according to the number of observed countsin the column.

Therefore, as the number of observed residue counts increases, the e�ect of the

prior on the emission probability distribution is reduced andvice versa.

Sequence Weighting

An underlying assumption in the calculation of match state emission

probabilities utilizing a Mixture Dirichlet Prior is that t he training sequences are

independent. Obviously, this is not the case. Homologous sequences share an

evolutionary ancestry and thus are not independent of each other. A number of

approaches have been devised to compensate for the dependencyamong

homologous sequences. HMMs commonly use internal and external sequence

weighting. Internal sequence weighting approaches are designed to correct for an

over-representation of sequences from a particular family ina multiple sequence

alignment [2,25,75,90]. External weighting is used to estimate the total number

of independent samples, or sequences, an alignment contains. Forexternal

weighting, HMMER uses a single linkage clustering at the� 62% level, similar to

that used by Heniko� and Heniko� to build the BLOSUM series of substitution
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matrices [33]. The number of clusters is then used as the numberof e�ective

sequences in the alignment.

3.1.1 Information Theory and Scoring Systems

In 1991, Altschul published an article analyzing local alignment and

substitution matrices from an information theoretical perspective [1]. In it he

points out that a given substitution matrix corresponds to a set of expected

paired residue frequencies. For example, the PAM 40 matrix encapsulates the

expected pair frequencies of proteins that are separated by an evolutionary

distance of 40 mutations in 100 residues. In order to maximize the sequence

information between two homologs, one needs to use a substitution matrix whose

target frequencies match those of the homologs. Given alignedsequences of

determined distance, Altschul calculated the average score peralignment position

for a collection of substitution matrices of varied evolutionary distances (Table

3.1.1). From this information one can see that the maximum average score per

alignment position is achieved when a PAM matrix with the appropriate target

frequencies is used.

PAM Matrix PAM Distance of Sequences
employed 40 80 120 160 200 240 280 320

40 2.26 1.31 0.62 0.10 -0.30 -0.61 -0.86 -1.06
80 2.14 1.42 0.92 0.58 0.23 -0.02 -0.21 -1.37
120 1.93 1.39 0.98 0.67 0.42 0.22 0.06 -0.07
160 1.71 1.28 0.95 0.70 0.50 0.33 0.20 0.09
200 1.51 1.16 0.90 0.68 0.51 0.38 0.26 0.17
240 1.32 1.05 0.82 0.65 0.51 0.39 0.29 0.21
280 1.17 0.94 0.75 0.60 0.48 0.38 0.30 0.23
320 1.03 0.84 0.68 0.56 0.46 0.37 0.30 0.24

Table 3.1: Average score per alignment position using PAM matrices to
score alignments between sequences of varying alignment di stances.
Data taken from Altschul 1991. Bold values are the optimal meanscore per align-
ment position for the sequences of the given distance.
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3.2 Results

3.2.1 HMMER 2.3.2 Models Heavily Weight the Training

Sequences

Based o� of Altschul's work, I hypothesized that HMMER's local models

were optimized for the detection of close homologs and not themore distant

homologs present in the benchmarks. A useful measure that Altschulused in his

study of substitution matrices was the relative entropy of the matrix. One could

use the relative entropy of an HMM's match state emissions as an estimate of

that models' optimal scoring distance. Therefore, I calculated the mean relative

entropy, Rmean , of the individual match state emission probabilities of an HMM

as;

Rmean =
1

M

MX

j =1

20X

i

qi log2
qij

pi
,

where:

M is the number of match states in the HMM.

qij is the probability of residuei given match statej .

pi is the null model probability of residuei .

It is common for a multiple sequence alignment of a protein domain to

have position-speci�c variability in its sequence conservation. Taking the mean

relative entropy gives an overall sense of the evolutionary distance that the match

state scores are optimized to detect (Figure 3.1).

It can be seen that the majority of the HMMER 2.3.2 models possess a

mean match state relative entropy of approximately 1.5 bits. Asa point of

reference, the BLOSUM 100 substitution matrix has a relative entropy of 1.45

bits. This substitution matrix is ideal for identifying highly similar homologs.

However, the benchmarking sequences are quite divergent. Thus, it seems that

match state emission scores from default HMMER 2.3.2 local modelswere not

being constructed to optimally search for more remote homologs. This also
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Figure 3.1: Mean Relative Entropy of Match State Emissions
The match state mean relative entropy was calculated for eachof the HMMER
2.3.2 benchmark models.

provides an explanation as to why the glocal models were not as adversely

a�ected. The alignment lengths of local models are dependent on information

content, while glocal model alignments are required to align to the entire core of

the HMM.

Due to these �ndings, I explored alternative external sequenceweighting

strategies. One alternative strategy, �rst implemented by Dr. Kevin Karplus, is

to use to a model's match state emission information content to determine

external sequence weight [45]. I implemented my own approachof this strategy,

which I describe later in this chapter. In order to discuss the details of this

method, I will now brie
y discuss two more concepts in information theory.

3.2.2 Entropy and Information Content

Dr. Claude Shannon de�ned entropy as a measure of \uncertainty" [74]. A

simple scenario to explain this concept is the 
ipping of a coin. The two possible

outcomes from 
ipping a coin are revealing a \heads" or a \tails". Before 
ipping
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a fair coin, since these two possibilities are equally likely, our \uncertainty" of the

outcome is maximized. We have no idea how it will land. Now let's say that

there is a rigged coin that lands \tails" 99% of the time. Before 
ipping a rigged

coin, our uncertainty about the outcome is reduced because weknow the coin

will probably land \tails".

Mathematically, entropy can be represented as;

H (p) = �
NX

i =1

pi log2 pi ,

where:

N is the number of possible outcomes.

pi is the probability of outcomei.

We can also use this same procedure to calculate the entropy of a match

state emission probability distribution by summing over the emission

probabilities of the individual residues. The information content of a sequence

pro�le has been de�ned as the di�erence in entropy between the pro�le and a

random distribution [73]. Therefore, the information content of a match state's

emission probability distribution is simply;

I = HBackground � HMatch

where:

HBackground is the entropy of the null model residue probability

distribution. This value is 4.07 bits.

HMatch is the entropy of the match state emission probabilities.

3.2.3 Information Content Based Sequence Weighting

The goal of this weighting scheme is to construct a model with a mean

match state emission information content equal to or lower thana target value.

This is accomplished by taking advantage of the fact that as the external
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sequence weight is lowered, the e�ect of the contribution of the prior is increased

and the mean information content of the match state emission distributions is

decreased. It should be noted that my implementation will not increase the

external sequence weight higher than the number of sequences in the multiple

sequence alignment.

In my implementation, the initial external sequence weight is set to equal

to the number of sequences in the alignment. The mean information content the

model's match state emission probability distributions is calculated. If this mean

is lower than the target value, the process is stopped and the external sequence

weight is left as the number of sequences in the alignment. Otherwise, a binary

search is performed to identify the external sequence weight needed to obtain

within 0.01 bits of the desired mean information content [31]. The starting

endpoints for this search is an external sequence weight equalto the number of

sequences in the alignment and zero.

3.2.4 Optimization of Information Content Based

Sequence Weighting

Given this weighting strategy, I identi�ed the optimum information content

for HMMER's models. It is highly probable there might be di�erent optimal

information contents for di�erent protein domains. This would probably be due

to the di�erent evolutionary histories and distances present in these families.

Since it isn't clear a priori what this value is for a particular domain, I use an

information content that provides optimal performance over the 2,521 models in

my benchmark. This value was identi�ed by benchmarking the performance of

models built with various information contents. Based on theseresults, I

determined the optimal information content for local and glocal models to be

0.59 bits and 1.30 bits, respectively. It is interesting to notethat the optimal

information content identi�ed for local models correspondsto a relative entropy

that is equal to that of the commonly used BLOSUM62 substitution matrix.
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3.2.5 Information Content-Based Sequence Weighting

Improves HMMER Local Model Performance
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Figure 3.2: Information Content Based Sequence Weighting. Local Model
Performance
Information content based sequence weighting signi�cantly improves local model
performance. Error bars represent the minimum and maximum true positives
identi�ed from bootstrapping.

To test whether this weighting strategy corrected HMMER's local models,

I compared the performance of local models built with information content

sequence weighting to default HMMER 2.3.2 local models. The newsequence

weighting approach appears to correct the problem with HMMERlocal models

(Figure 3.2). The improvement in local model performance isstatistically

signi�cant, using bootstrapping and a 95% con�dence interval,over the complete

range of false positives per query range.

3.2.6 Information Content Based Sequence Weighting

Improves HMMER Glocal Model Performance

I also tested whether this weighting method would improve glocal model

performance. While there did not seem to be a problem using the previous
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Figure 3.3: Information Content Based Sequence Weighting. Glocal
Model Performance
Information content based sequence weighting modestly improves glocal model
performance. Error bars represent the minimum and maximum true positives
identi�ed from bootstrapping.

sequence weighting method on glocal models, the new weightingalso seems to

give these models a slight boost in performance (Figure 3.3). Information content

weighted glocal models detect a signi�cantly greater numberof trues than the

HMMER 2.3.2 glocal models at false positives per query levels> 0.001.

3.2.7 SAM 3.5 Demonstrates Improved Performance

Over HMMER

During the course of this research, SAM released a newer version oftheir

software. I performed an additional benchmark using the newestversion of SAM,

version 3.5. While my sequence weighting method results in a de�nite

improvement over HMMER 2.3.2, HMMER is still lagging behind thelatest

version of SAM (Figure 3.4A, 3.4B). SAM 3.5 detects more trues than HMMER

for both types of models. For glocal models, this is statistically signi�cant at all
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Figure 3.4: SAM 3.5 Performance
The latest version of SAM shows improved performance over HMMER even with
the new sequence weighting scheme. Error bars represent the minimum and max-
imum true positives identi�ed from bootstrapping. A) Local Model Performance
B) Glocal Model Performance.
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error rates, For local models, it is only statistically signi�cant for local models at

false positives per query of� 0.01.

3.3 Concluding Remarks

Measuring the mean relative entropy of HMMER 2.3.2 models revealed

that the overall emission probabilities were not optimal for identifying local

alignments between distant homologs. The apparent over-weighting most likely

had more of a negative impact on local models because their alignment lengths

are dependent on information content. However, glocal modelalignments are

required to align to the entire core of the HMM. Given this problem, information

content seemed an appropriate measure to determine the external sequence

weight of HMMER HMMs. In my implementation of information content based

sequence weighting method, I raise/lower the sequence weight until the average

information content of the match state emissions reaches a desired target.

This sequence weighting method improves HMMER local model

performance relative to both HMMER glocal models and SAM. Additionally,

there is a modest improvement of HMMER glocal models. It should benoted

that the optimal information content will undoubtedly vary according to protein

domain family, but since it is not currently possible to know this valuea priori , I

determined a value that is optimal across many di�erent domains.

Internal and external sequence weighting strategies are used to try and

correct for the fact that biological sequences violate independence assumptions.

While information content sequence weighting improves HMMERperformance,

there is no probabilistic justi�cation for this approach. An alternative strategy

would be to utilize a probabilistic phylogenetic approach inbuilding the

HMMs [41,76]. These approaches have di�culty in modeling insertions and

deletions, however this is a currently active area of research[57,68].
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3.4 Methods

3.4.1 Optimization of Information Content

Local and glocal models were built and benchmarked using target mean

information contents of 0.1 to 2.0 bits at 0.1 bit intervals. The 0.1 interval that

provided the optimal performance was further explored usingmodels built at a

0.01 bit interval.

3.4.2 Optimization of SAM 3.5

In SAM 3.5 they eliminated many of the model building scripts that were

present in the previous version. I benchmarked models built with each of the

scripts in SAM 3.5, w0.5, w0.7, and w1.0. In SAM 3.5, models builtwith w0.5

still perform the best on my benchmark. In addition, SAM 3.5 now utilizes

calibrated E-values. Calibration was thus performed for these models. The SAM

software can be found at:

http://www.cse.ucsc.edu/compbio/sam.html

3.4.3 Availability

My implementation of information content based sequence weighting,

hmmer-2.4dev1, can be found combined with the benchmarkingscripts,

alignments, and test database used in this chapter at:

http://selab.wustl.edu/people/steve/thesis/bm.tar.gz
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Chapter 4

Forward Algorithm

4.1 Background

When using HMMs for remote protein homology what one wants to know

is P(SeqjHMM ), or the likelihood that the model generated the sequence. This

can be calculated using the Forward algorithm. Despite this, the Viterbi

algorithm is routinely used to calculate the score of a target sequence given an

HMM. The Viterbi algorithm is a dynamic programming algorithm that

calculates theP(Seq; �̂ j HMM ; � ), where ^� is the optimal path over all paths� ,

and � is the parameterization of the HMM [67]. There are several reasons why

Viterbi is used in HMMER. One reason is that, due to HMMER's use of logodds

scores, the Forward implementation is considerably slower thanViterbi. In order

to avoid possible under
ow errors caused from the multiplication of small

probabilities, HMMER uses log odds scores. Thus, the summation thatoccurs in

the Forward algorithm requires log conversions at each step, which considerably

slows down the algorithm. The Viterbi algorithm is the functional equivalent to

the Smith-Waterman and Needleman-Wunch algorithms. Using the Viterbi

algorithm allows for the identi�cation of the most likely state path or alignment

between the model and target sequence. A common assumption is that the most

likely path is the dominate factor in the P(SeqjHMM ) and can be used as an

accurate approximation of this value. Additionally, the distribution of the
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Forward null scores is currently unknown. Thus, there is no foundation for the

calculation of P-values for Forward scores.

Forward Score Statistics

In 1990, Karlin and Altschul published a study regarding the distribution

of optimal scores from ungapped sub-sequence alignments [13,14,43]. This work

showed that given certain assumptions, local alignment score distributions

approach a Gumbel distribution. Their work provided a solid mathematical

foundation for the calculation of accurate P-values for local alignment scores. It

is important to note that there were several assumptions made intheir work.

One that I would like to point out was that their work was restricted to

ungapped local alignments.

Many commonly used algorithms, such as Smith-Waterman, BLAST, and

Viterbi, are used in identifying high scoring gapped local alignments. Even

though these methods employ the use of gaps, Karlin-Altschul statistics are still

commonly used to assign P-values to the local alignment scores from these

methods. One justi�cation is the assumption that, due to the selection of highest

local alignment scores, gapped alignment score distributions should approach a

Gumbel. In fact, empirical studies have shown that the scores from optimal

gapped local alignments do appear to follow the Gumbel distribution [3].

Forward scores are calculated in a completely di�erent fashion than these

algorithms. Instead of identifying the highest scoring local alignment, the

Forward algorithm calculates the summed probability of the sequence given all

possible alignments. Thus, there is no selection of a maximum scorein this

algorithm. While one can imagine that the Forward algorithmmight be more

sensitive than the Viterbi algorithm, there is a serious concernthat Forward

scores do not follow a Gumbel distribution. In fact, this has been con�rmed in

the work of Yu and Hwa [95]. This severely limits this method's usefulness in

remote homology detection.

In 2001, Yu and Hwa developed a `semi-probabilistic' alignmentapproach.

Their method is a hybrid of the Smith-Waterman and the Forward algorithms.

In essence, a Forward matrix is calculated and then one takes the log of the
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maximum score of the matrix. They go on to show that the maximum scores of

Forward matrices can be approximated by the Gumbel distribution and thus

provide a basis for calculating P-values. They demonstrate that the performance

of this algorithm is comparable to the Smith-Waterman algorithm [94]. This

avenue of research was explored by other members of the Eddy lab. However, a

better understanding of local Forward null scores was still desired.

In 2005, Karpluset al. published an extensive description of the Forward

null score distribution using the SAM HMM package [46]. They �t their Forward

scores to a variety of di�erent known numerical distributions.They claim there is

an adequate �t between their Forward null scores and anad hoctwo parameter

sigmoidal distribution. However, there are several di�erencesbetween SAM and

HMMER HMMs. In particular, SAM utilizes a reversed sequence null model. It

is unclear exactly what the e�ects of this null model have on the Forward score

distribution.

4.1.1 Example of Forward Algorithm Sensitivity

My initial interest in the Forward algorithm came from analyzing the

results from a handful of models. I will discuss the results from one of these

models to explain why I thought the Forward algorithm might be worth

exploring.

d1bqca is one of 33 members of the glycosyltransferase Superfamily. The

top 5 scoring sequences returned from a Viterbi search of the test database using

an information content weighted model of d1bqcaare from the

glycosyltransferase Superfamily with scores ranging from 373 bits to 12.5 bits.

The 6th and 7th score, 3.7 and 3.6 bits, come from a sequence from adi�erent

SCOP Fold and a shu�ed sequence, respectively. When the Forwardalgorithm

was used to score the same model against the test database, the same top 5

homologs were identi�ed. However, the 6th top score was now from another

member of the glycosyltransferase Superfamily, d1cz1a. The Viterbi score for

this sequence is 0.7 bits and the Forward score is 17.5 bits. It should be noted

that there are obvious di�culties in comparing Viterbi and Forward given the

di�erences in the algorithms. However, for those homologs thatare very similar
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to the HMM, the Viterbi path is a dominant factor in the Forward score. I

thought this score increase given the jump in rank for this sequence was

intriguing.

The results from d1cz1a led me to examine this sequence more closely. I

suspected that there may be additional regions of homology between this HMM

and target sequence that may contribute to the increase in the Forward score

relative to Viterbi. To test this, I utilized code written by Dr. Ian Holmes to

determine the posterior probability matrices of this HMM and target sequence.

From this I obtained the posterior probabilities that a particular match state of

the HMM emitted a particular residue of the sequence, given all possible paths of

the sequence through the model. In e�ect, this matrix gives mea map of the

high probability alignment segments between the HMM match states and the

sequence.

Figure 4.1: Match State Posterior Probability Matrix of d1bqca HMM
and the d1cz1a Sequence
The match state posterior probability matrix for d1bqca and d1cz1a reveals sev-
eral highly probable alignment segments.
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Figure 4.1 is the match state posterior probability matrix between the

d1bqca HMM and the target sequence d1cz1a. The Viterbi path for this

sequence is an alignment between the d1bqcaHMM and d1cz1a at position 53

to 130 in d1cz1a. This region is clearly detectable in the match state posterior

probability matrix. There is also an additional area of high posterior probability

located at positions 175 to 275 and a minor region centered around position 350

in the target sequence. It should be noted that this is but one example, I'm sure

there are many alternative scenarios that could lead to Forward being a more

sensitive algorithm.

4.2 Results

4.2.1 Fitting Local Forward Null Score Distributions

At this junction, the work on the Forward null score distribution was the

combined e�orts of several individuals in the Eddy lab. In particular, Dr. Eddy

wrote an extensive package of C code, EASEL, that was capable of�tting known

numerical distributions to a distribution of observed scores by�nding the

maximum likelihood distribution parameters using conjugategradient descent. I

used this code to investigate the �t between the observed Forward null score

distributions of several models to known numerical distributions.

The basic design of these �tting experiments were to generate a set of

Forward scores from comparing 5,000 random sequences to an HMM.This null

score distribution was then used to �nd the maximum likely set of parameters for

the distribution being examined. Then, a larger set, 500,000,of local Forward

null scores are compared to the distribution with the previously determined

parameters.
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4.2.2 1% Tail of Forward Null Score Distributions Fit an

Exponential Distribution

I focused my work on �nding a known numerical distribution that

approximated the right-most tail of the Forward null score distribution. This

region of the score distribution corresponds to those scores withlower probability

and are of the most interest. One distribution that gave promising results was

the exponential distribution. An example of one of these �ts is shown in Figure

4.2. It should be noted that our �tting results con�rm the �ndin gs of Yu and

Hwa [95]. The Gumbel distribution does not provide an adequateapproximation

of HMMER's Forward scores (Figure 4.2).
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Figure 4.2: Fits to the 1% Tail of the d1b72a Forward Null Score Dis-
tribution
The 1% tail of the d1b72a Forward null score distribution �tted to the Gumbel,
hyper-exponential, and exponential distributions.
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Figure 4.3: Robustness of Exponential Based P-Values
Expected versus observed number of sequences with the given P-value.

4.2.3 The Exponential Distribution Provides Robust

P-Values

Given the exponential �tting results, I tested whether the exponential

distribution could provide robust P-values for HMMER's Forward local scores. I

implemented a version of HMMER 2.5 that utilized the exponential distribution

for the calculation of the P-values of Forward scores. I modi�ed HMMER's

hmmcalibrate to identify the exponential mu parameter for the 1% tail of 5000

random Forward local scores. Lambda is set to 0.693 based o� a proof by Dr.

Eddy.

Given these parameters, the P-value for a Forward score,P(x), is

calculated as;

P(x) = ( e� � (x � � )) � t,
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where:

t is the tail fraction of the score distribution used to estimate the

exponential parameters. e.g. 0.01

� and � are the exponential distribution parameters.

I used this implementation to score the 2,521 benchmarking local models

against a database of 500,000 random sequences. Figure 4.3 is a histogram of the

observed versus expected number of sequences with a given P-value. It does

appear that the 1% tails of our benchmarking models' Forward null score

distributions can be adequately approximated by the exponential distribution. It

should be noted that a chi-square goodness-of-�t test does fail a 0.05 signi�cance

test. However, I am not particularly troubled by this. First, P-values are

routinely calculated for optimal local alignments that violate one or more of

Karlin and Altschul's constraints. The most common being the use ofgaps. The

null score distributions of commonly used programs, such as NCBI'sBLASTP

and Psi-BLAST, are known to empirically approximate a Gumbel distribution

and provide accurate statistics. However, these programs fail 0.05 tests of

goodness-of-�t [3]. As an example, I ran Psi-BLAST on the same database

described above and assessed its goodness-of-�t with chi-square. Italso failed a

0.05 test of signi�cance. Our main focus is to identify a known numerical

distribution that approximates our Forward null score distribution in a robust

and sensitive way. The exponential distribution accomplishes this goal.

4.2.4 HMMER Local Forward Searches with Exponential

P-Values are an improvement over Local Viterbi

Now that it had been shown that the exponential distribution could be

used to provide reliable P-values, I tested whether the Forwardalgorithm was

more sensitive than the Viterbi algorithm by measuring the performance of local

Forward searches using exponential based P-values and local Viterbi searches on

my benchmark (Figure 4.4). Utilizing the Forward algorithm with exponential

based P-values gives HMMER a signi�cant performance boost over local Viterbi.
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Figure 4.4: Performance Benchmark of Local Forward Utilizing Expo-
nential Based P-Values
HMMER 2.5 local Forward outperforms HMMER 2.5 local Viterbi. Error bars rep-
resent the minimum and maximum true positives identi�ed from bootstrapping.

There is an overall average increase of approximately 500 trues and is statistically

signi�cant across all the false positive per query levels.

4.3 Concluding Remarks

After several observations of the Forward algorithm's increased sensitivity

relative to the Viterbi algorithm, I worked in collaboration with Drs. Sean Eddy

and Alex Coventry on the Forward null score distribution. I measured the ability

of known numerical distributions to approximate the 1% tail of the Forward null

score distributions of several models. I observed a good approximation by the

exponential distribution to this region of the Forward null score distribution.
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I implemented exponential based P-values for local Forward scores in

HMMER 2.5 and tested their robustness by scoring the local benchmarking

models using Forward against a random database. Exponential based P-values

demonstrate a good agreement between expected and observed number of

sequences with a given P-value.

I then tested the performance of the Forward algorithm relative to the

Viterbi algorithm on my benchmark to determine whether the Forward algorithm

was more sensitive. The Forward algorithm outperforms the Viterbi algorithm on

local models by approximately 500 more trues across all false positive per query

levels.

One area of future work would be to determine if a known numerical

distribution can approximate the Forward glocal scores, and whether this is a

more sensitive approach than Viterbi glocal. Additionally, HMMER Forward

searches are considerably slower than Viterbi searches. The Viterbi algorithm

could be used as an initial search. Those sequences that pass a liberal signi�cance

cuto� could then be passed on to the Forward algorithm. Additionally, myself

and a collaborator have worked out a search heuristic that signi�cantly improves

HMMER's search speed. This is discussed in more detail in the next chapter.

4.4 Methods

4.4.1 Posterior Probability Matrix

The code that I used to generate the posterior probability matrices was

heatmap.c. It heavily uses functions written by Dr. Ian Holmesto calculate the

posterior probability matrices given the Forward and Backward matrices of scores

between an HMM and a target sequence. Dr. Holmes code can be foundin

postprob.c in the HMMER 2.5 version.
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4.4.2 Fitting of Forward Null Score Distributions

Forward Null Score Distribution Used to Fit a Distribution

The score distributions I used to determine the maximum likely

parameters of the distribution I was studying consisted of 5,000scores of random

sequences of length 100. This was generated using Dr. Eddy's sre-vtest or a

modi�ed version of this original.

Forward Null Score Distribution Used to Assess the Fit of a

Distribution

The score distribution that I used to test the �t of the distributio n

consisted of 500,000 scores of random sequences of length 100. These scores were

generated by Dr. Eddy's sre-calibrate.

Assessment of the Distribution Fit

The survival function of the �tted known distribution was plot ted against

the 500k score distribution to visually reveal the quality of the �t. A chi-square

statistic was also calculated for the �t between the two distributions. This data

was also generated using Dr. Eddy's sre-vtest or a slight modi�cation of this

code.

4.4.3 HMMER 2.5

Improvement of HMMER 2.5 Local Viterbi Relative to HMMER 2.4

The HMMER version used in these experiments is HMMER 2.5. It should

be noted that the performance of HMMER 2.5 local Viterbi in Figure 4.4 has

improved relative to HMMER 2.4. This is primarily due to several bug �xes and

the implementation of target length dependent transitions by Dr. Sean Eddy.
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4.4.4 Availability

My implementation of HMMER 2.5 with exponential based P-values can

be found combined with the benchmarking scripts, �tting programs, alignments,

and test database used in this chapter at:

http://selab.wustl.edu/people/steve/thesis/bm.tar.gz

53



Chapter 5

HMM Search Heuristic:

HMMERHEAD

5.1 Background

The Smith-Waterman algorithm is a modi�cation of the

Needleman-Wunsch algorithm that allowed for the identi�cation of the optimal

alignment between two sub-sequences [78]. Given a scoring scheme and two

sequences, the algorithm calls for �lling in a LxM matrix, where L and M are the

lengths of the sequences, which encompasses all possible alignments of the two

sequences. However, due to the fact that each sequence comparisonrequired

�lling in this matrix, this type of search required several hours to perform using

the hardware and databases of the time [36,53]. Therefore, shortcuts that

approximated the sensitivity of the Smith-Waterman algorithm were

explored [4,53,92].

An important di�erence between these new methods and the

Smith-Waterman algorithm is that they are heuristics. A heuristic is a method

that commonly gives a correct answer but is not guaranteed to do so. One aspect

that is shared among these di�erent heuristics is the matching of \words". Using

di�erent approaches, a list of \words", of user-de�ned length, are generated from

the query sequence. Exact matches to these words are then searched for in the
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sequence database. Exact string matching algorithms are a wellresearched area

of computer science and there are algorithms that permit extremely rapid

scanning for these words [4,31].

One of the �rst local similarity search heuristics was published in 1983 by

Wilbur and Lipman [92]. Their method consisted of identifyingidentical words of

user-de�ned length between the query and the target sequence.They then

determined the o�sets or diagonals between the two sequences that would

produce a signi�cant number of identical paired residues while minimizing the

number of mismatches over a set window of sequence. For those windows whose

scores were considered signi�cant, their method then performed a banded

Needleman-Wunsch alignment. Two major weaknesses of this method were that

they focused on identical residues between two sequences and that all identical

residue pairs were scored the same regardless of their prevalence in the sequence

database. In other words, aligned pairs of rare residues such as tryptophan

received the same score as more common pairs, like alanine.

In 1985, Lipman and Pearson published the FASTP heuristic which built

o� of the previous study with some important improvements [53]. This method

also identi�es high scoring o�sets of words. One important di�erence was that it

re-scored these regions with an amino acid substitution matrix,PAM250, instead

of relying solely on identity. The score from the best sub-sequence alignment

then represented the similarity between the two sequences. WhenFASTP was

searched against a sequence database, it kept track of the scores and used the

subsequent histogram to calculate z-scores as a measure of the statistical

signi�cance of the similarity scores. The sub-sequence regions that have a high

rank compared to the other database sequences are then globally aligned using a

modi�ed Needleman-Wunsch algorithm.

The commonly used BLAST heuristic was �rst published by Altschulet al.

in 1990 [4]. This approach, combined with its modi�cations, has proved to be the

most widely accepted pairwise sequence comparison heuristic. This method also

consists of identifying words, �nding identical matches to these words in the

target sequence, and identifying high scoring regions aroundthese words.

However, there are subtle important di�erences. In BLAST, wordswere

identi�ed that would score above some threshold when compared to the query
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sequence using a given substitution matrix. Identical matches to these selected

words were then scanned for in the sequence database. When a wordmatch is

identi�ed, the alignment between the query and the target isextended from the

word edges, in an ungapped fashion, until the alignment score drops below some

threshold amount from the best score identi�ed. An additional feature present in

the BLAST algorithm was the incorporation of the work of Karlin and Altschul

on the distribution of optimal sub-sequence alignment scores for random

sequences [43]. While the usage of gaps violates one of the assumptions of their

work, numerous studies have veri�ed the empirical observation that gapped local

alignments seem to follow the same distribution [3]. The BLAST family of

algorithms have been modi�ed through the years to incorporate gaps, use a two

word hit �lter, and handle low-complexity sequences [4,5].

BLAT is a tool that was designed primarily for identifying homologous

mRNA/DNA regions but can also be used in protein homology detection [48].

The most important di�erence in BLAT is that it preprocesses thedatabase into

an indexed set of non-overlapping words. Thus, when a search is performed, each

of these words are searched for in the query. This is a much easiertask than

searching for a query word in a large database and is attributedto the

algorithm's 50X speedup versus Wu-TBLASTX.

A relatively recent area of study has been in the use of non-consecutive

word hits or \spaced" seeds. As described previously, algorithms like BLAST use

words of k consecutive letters to identify potential regionsof homology between

two sequences. Maet al. observed improved results if the conserved positions

were spaced out [55]. In their terminology, a standard NCBI BLASTN 11-mer

word is represented as \11111111111" where 1's represent positions in the word

that must exactly match between query and target. They found that in aligning

the E. coli and H. in
uenza genomes the \spaced" 11-mer seed,

\111010010100110111", was able to obtain equal sensitivity to BLASTN at 20X

faster speed and 0.1 the memory requirement. Several groups have been

exploring this area and empirically identifying optimallyspaced words. A

potential limitation to this approach is that it appears the optimal spaced seed

varies for searches at di�erent levels of similarity. There isa growing interest in

the a priori design of optimal words but this is still a new area [10,86,87].
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An alternative approach is to increase search speed through the use of

parallelizing the search process. The basic idea of parallelization is to take a

problem made up of repetitive tasks and have each of the tasks beperformed

separately and at the same time. Most parallelization approaches either take

advantage of specialized instruction sets or multiprocessor hardware. This type of

parallelization has been attempted for both pairwise sequence algorithms and

HMMs [39,60,69,93]. The potential speedups for HMM Viterbi are considerable.

Some authors claim 10-100 fold speed improvements, although there are serious

concerns regarding many of these approaches. In addition to the lack of general

availability of the hardware involved in some of these approaches, another

drawback is that these methods involve altering the HMM structure in order to

e�ciently parallelize the search process. Removal of the HMMER Jmulti-hit

state and the omission of calculating a Viterbi traceback are twoareas of most

concern. Most authors dismiss the traceback procedure as beinga minor

compute concern. However, the match and insert emissions used in the

traceback, or Viterbi path, are averaged to obtain a target sequence composition

speci�c null model. This is then used to correct any compositional bias in the

Viterbi score. Most of these studies also lack benchmarks to assess anysensitivity

and speci�city changes their implementations may have caused.

5.1.1 HMM Scoring Algorithms

Currently, HMMER utilizes the Viterbi and Forward scoring algorithms to

identify signi�cant database sequences. The Viterbi algorithm used on a local

model is the HMM functional equivalent of the Smith-Watermanalgorithm. Like

Smith-Waterman, the Viterbi and Forward algorithms require�lling in a LxM

matrix for each HMM/sequence comparison. Also like Smith-Waterman, given

the hardware and database sizes of today, they are inconveniently slow. Scoring

an HMM against Genbank's NR using the Forward algorithm takes

approximately 5 hours. The goal for this research is to developa heuristic HMM

scoring algorithm to reduce the amount of time required to score an HMM

against a large sequence database.
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5.2 Results

5.2.1 HMMERHEAD Algorithm

My colleague Elon Portugaly and I developed a heuristic HMM scoring

algorithm, HMMERHEAD. Our approach consists of applying numerous �ltering

steps to a perspective homologous sequence. If a sequence passes all of the

�ltering steps, it is then presented to a full HMM scoring algorithm. e.g. the

Viterbi algorithm. We tested a variety of �ltering steps and measured their

speedup bene�t over un�ltered Viterbi and Forward scoring for the models in the

benchmark. We were also able to use the benchmark to measure the sensitivity

loss due to the various �lters and their di�erent parameter settings. Based on the

benchmark and timing results, we have designed a series of �ltering steps and

parameter settings that achieve a substantial speedup relativeto the Viterbi and

Forward scoring algorithms with a minimum of sensitivity loss.

Figure 5.1: HMMERHEAD: Word Hit Identi�cation

'Word' Generation and Identi�cation

The �rst step consists of identifying four residue 'words' from an HMM

that possess a score above some threshold,� . These words come from the match

state emission scores. All possible words in sliding four match state windows are

generated from the HMM. Those words with scores above� are then identi�ed in
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the database sequences using a deterministic �nite automaton. Overlapping

words are merged into a single word (Figure 5.1).

Figure 5.2: HMMERHEAD: Optimal Scoring Ungapped Word Extension

Ungapped Word Extension

Each word hit is extended in an ungapped fashion in each direction until

its score has dropped� below the optimum score. Speci�cally, a word hit is

extended from one end until the optimum score has dropped�2 below the

optimum; then the other end is extended. Those ungapped extensions whose

optimum score, at any point, is greater than� are retained (Figure 5.2).

Two Word Hit Filter

The next �ltering step involves identifying those database sequences that

have at least two word hits that passed the� threshold. If these two hits are

within 5 diagonals and the closest ends of these extended words are within 25

residues along the target sequence, they pass this �ltering step. If a merged word

hit is at least 8 residues long, it will pass this step and its score will be compared

to � . (See below.)
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Figure 5.3: HMMERHEAD: Optimal Scoring Gapped Alignment

Gapped Alignment of Extended Words

The �nal step consists of performing gapped alignments betweenthe

remaining word hits (Figure 5.3). The two closest ends of the extended word hits

are trimmed back to the original hits and gapped Viterbi is performed between

these ends. If the sequence contains a gapped alignment betweentwo extended

word hits with score greater than� , the sequence is then passed on to the full

scoring algorithm, which is either the Viterbi or Forward algorithm. For

reference, when I refer to HMMERHEAD Viterbi, this indicates that Viterbi is

the full scoring algorithm performed on those sequences that passed all of the

�ltering steps.

5.2.2 HMMERHEAD is Faster Than Default Scoring

Algorithms

In order to test the speed and sensitivity of HMMERHEAD relative to the

Viterbi and Forward algorithms, we needed to determine the optimal values for

HMMERHEAD's di�erent thresholds. We were able to take advantage of the

benchmark to test several di�erent values for each of the thresholds and evaluate

their impact on these performance measures. We identi�ed thresholds with a
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HMMERHEAD Timing Results
Model Algorithm � � � � Fold Speedup
Local Forward 6000 2000 7000 20000 18,288s/767s = 24X
Local Forward 7000 2000 8000 22000 18,288s/676s = 27X
Local Viterbi 6000 2000 7000 20000 4,612s/724s = 6X
Local Viterbi 7000 2000 8000 20000 4,612s/657s = 7X
Glocal Viterbi 7000 2000 8000 22000 4,404s/725s = 6X
Glocal Viterbi 8000 2000 9000 22000 4,404s/659s = 7X

Table 5.1: HMMERHEAD parameter settings and corresponding speed
improvements for the di�erent model and search types.
Fold speedup is measured as the mean default algorithm search time/mean HM-
MERHEAD search time. Bold parameter settings are those that achieve maximum
speedup with a minimum loss in sensitivity relative to the default algorithm. (See
section 5.2.3)

minimum loss in sensitivity from the default HMM scoring algorithms that still

maximized the heuristic's speedup (Table 5.2.2).

HMMERHEAD Forward is approximately 24X faster than default

HMMER 2.5 Forward with a minimum loss of sensitivity. HMMERHEAD

Viterbi is approximately 6X faster. The reason for the fold speedup di�erence

between HMMERHEAD Forward and HMMERHEAD Viterbi is due to the fact

that the Forward algorithm runs considerably slower than the Viterbi algorithm.

Again, this is due to the fact that HMMER's Forward algorithm requires log

conversions at each summation step. Using a typical sized HMM and CPU,

HMMERHEAD Viterbi and Forward takes approximately 12 minutes to search a

database the size of Genbank's NR. Default HMMER 2.5 Forward and Viterbi

algorithms take approximately 5 and 1.2 hours, respectively.As demonstrated in

Table 5.2.2, HMMERHEAD can run faster with more stringent threshold

settings, although, this comes at the cost of decreased sensitivity, as seen in the

performance benchmarks in section 5.2.3.

5.2.3 HMMERHEAD's Loss in Sensitivity is Minimal

HMMERHEAD's gains in search speed need to be balanced against any

loss in sensitivity. Therefore, for each parameter setting, we measured
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Figure 5.4: HMMERHEAD Local Forward Performance
HMMERHEAD local Forward 6k/2k/7k/20k has a minimal loss in sensitivity.
While HMMERHEAD local Forward 7k/2k/8k/20k obtains a faster search speed,
it displays a greater loss in sensitivity. Error bars represent the minimum and
maximum true positives identi�ed from bootstrapping.

HMMERHEAD's performance on the benchmark relative to default Viterbi and

Forward. HMMERHEAD demonstrates a minimum loss of sensitivity while still

obtaining a considerable speedup relative to default HMMER 2.5Forward and

Viterbi scoring algorithms. The HMMERHEAD Forward parameter settings of

6000, 2000, 7000, and 20000 achieve a 24X speedup with an average loss of 50

true positives across the range of false positives per query. This represents a 0.1%

loss in sensitivity (Figure 5.4). The HMMERHEAD Viterbi settings of 6000,

2000, 7000/8000, and 20000/22000 achieve an approximately6X speedup with

local and glocal models with e�ectively the same level of sensitivity as default

Viterbi (Figures 5.5 and 5.6). The slight variations in optimal local versus glocal

HMMERHEAD Viterbi settings are due to the fact that local and glocal models

have di�erent information content weighting optimums and thus di�erent model

scores. It can be seen in these experiments that the faster threshold settings

demonstrate an increased loss in sensitivity (Figures 5.4, 5.5, and 5.6).
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Figure 5.5: HMMERHEAD Local Viterbi Performance
HMMERHEAD local Viterbi 6k/2k/7k/20k identi�es a comparable nu mber of
trues as the Viterbi algorithm. While HMMERHEAD local Viterbi 7k/ 2k/8k/20k
obtains a faster search speed, it displays a greater loss in sensitivity. Error bars
represent the minimum and maximum true positives identi�ed from bootstrapping.

5.3 Concluding Remarks

The goal for this research was to design a heuristic scoring algorithm for

HMMs that reduced the considerable amount of time required to do searches of

large databases. My colleague Elon Portugaly and I combined several �lters that

had been applied in pairwise sequence comparison heuristics foruse in HMM

scoring. Our approach, HMMERHEAD, consists of identifying high scoring

words in database sequences, performing ungapped extension of these words,

applying a two word hit �lter, and performing a gapped alignment between those

word hits that passed the previous �ltering steps. If a sequence passes all the

�ltering steps, the full Viterbi or Forward algorithm is then performed.

HMMERHEAD is able to obtain a 24X and 6X search speedup relative to

default Forward and Viterbi, respectively. This is achieved while maintaining

99.9% of the sensitivity of the default algorithms as measured on my benchmark.

Using the parameter settings that achieve this performance, HMMERHEAD
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Figure 5.6: HMMERHEAD Glocal Viterbi Performance
HMMERHEAD glocal Viterbi 7k/2k/8k/22k identi�es a comparable n umber of
trues as the Viterbi algorithm. While HMMERHEAD glocal Viterbi 8k /2k/9k/22k
obtains a faster search speed, it displays a greater loss in sensitivity. Error bars
represent the minimum and maximum true positives identi�ed from bootstrapping.

reduces the time needed to search Genbank's NR database from hours to

approximately 12 minutes on a single processor.

One concern with the HMMERHEAD algorithm is that it uses score

dependent thresholds. The optimal HMMERHEAD thresholds were determined

empirically using HMMER 2.5 default information content weighted models.

These are HMMER's currently best performing models according to my

benchmark. However, if models were constructed using an alternative target

mean information content, there is no guarantee that the default HMMERHEAD

thresholds would be optimal. A potential solution to this would be to make

HMMERHEAD's thresholds P-value based and thus supposedly less vulnerable

to model score changes. We explored this option early in HMMERHEAD's

development, but we could not identify thresholds that provided a minimum in

sensitivity loss while still speeding up the search process.
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5.4 Methods

5.4.1 HMMERHEAD and HMMER 2.5 Timings

Default hmmsearch and HMMERHEAD searches were timed on a

randomly selected list of 200 HMMs. The linux \time" function wasused to

measure the runtime of these searches on the fast nodes of the Eddylab cluster.

The processors on these nodes are Intel Xeons 3.60 GHz.

5.4.2 Test Database Modi�cations

The development of this search heuristic means that HMMER is likely to

be used on large databases. To better account for the possible compositional

biases present in a larger sequence database, I decided to increase the number

and compositional variation of my non-homologous sequences. Iused SQUID's

shu�e program to create a shu�ed version of each of the sequences in the

non-redundant sequence database, NRDB95-06. (See Chapter 6 Methods.) These

shu�ed sequences were combined with my SCOP test sequences to create a new

test database. This new test database consists of a total of 2,316,099 sequences.

5.4.3 Availability

HMMERHEAD incorporated into HMMER 2.5 can be found combined

with the benchmarking scripts, alignments, and the shu�ed version of

NRDB95-06 at: http://selab.wustl.edu/people/steve/thesis/bm-nrdb95-06.tar.gz
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Chapter 6

JackHMMER

6.1 Background

Figure 6.1: Overview of an Iterative Search Strategy

The basic logic behind an iterative search method is outlined in Figure 6.1.

The idea is that one �rst searches a database and identi�es homologous

sequences. These newly identi�ed sequences are then added to themodel of the

query. This revised model is then searched against the database again. This

process continues until no new homologs are identi�ed or some maximum number

of iterations are reached. A variety of sequence comparison methods have been

used in an iterative approach. I will brie
y cover work using pairwise sequence

comparison methods, Position Speci�c Scoring Matrices/Pro�les, and the recent

use of Hidden Markov Models in this fashion [5,44,88].
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6.1.1 Position Speci�c Scoring Matrices and Pro�le

In iterative Position Speci�c Scoring Matrix (PSSM) an pro�l e methods,

the goal is to increase the sensitivity of the model being used by incorporating as

many diverse homologs as possible. Thus, one takes the homologs from a search

and folds them into the model, hopefully, making it more sensitive.

In 1987, Dodd and Egan published a study identifying novel potential �

Cro-like DNA binding regions in several proteins by using a Position Speci�c

Scoring Matrix in an iterative fashion [15]. Like HMMs, PSSMs are built from

alignments of the domain of interest. Protein PSSMs can be thought of as a

matrix with 20 rows, one for each type of amino acid, and L columns, where L is

the length of the alignment. Each column in the PSSM represents a column in the

alignment and a row element corresponds roughly to the frequency of a particular

amino acid in that column of the alignment. Their initial PSSM was built from 3

sequences, and they iteratively searched this PSSM over a database of DNA

binding proteins. Using this approach, they identi�ed 37 potential Cro-like DNA

binding regions. There have been many strategies on how to calculate the

element values in a PSSM. One weaknesses in Dodd and Egan's workcame from

not rigorously handling unobserved residues in an alignment column.

In the same year, Gribskovet al. introduced the concept of pro�les, which

are similar in many regards to PSSMs, but allow for the use of gaps.Gribskov's

method used a substitution matrix in the determination of residue scores and the

use of gapped Smith-Waterman to identify target sequence matches [28].

Pro�les proved to be a powerful tool for sequence analysis and several

additional improvements were made to their construction andscoring. Internal

sequence weighting, to compensate for highly similar sequencesin the alignment,

were shown to improve pro�le performance [72,89]. Also, pseudocount methods

were employed to better account for unobserved residues [72].

In 1997, these improvements were combined in NCBI's Psi-BLAST [5].

Psi-BLAST was one of the �rst packages that handled pro�le construction,

searching, and iteration in one user-friendly program. In addition, Psi-BLAST

utilized the BLAST search heuristics to speedup pro�le scoring. Later versions of

Psi-BLAST used the BLAST heuristic but then performed a full
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Smith-Waterman alignment of those sequences that passed the heuristic [72]. In

Psi-BLAST, the alignment sequences are weighted by a modi�ed version of

Heniko� and Heniko� [34]. The pro�le scores are of the form log(Qi / Pi ), where

Pi is the background probability of residuei and Qi is the estimated probability

of seeing residuei in that column of the pro�le. Qi is calculated from the

observed residues and the pseudocount method of Tatusovet al. [88].

6.1.2 Pairwise Sequence Comparisons

In 1997, Parket al. proposed utilizing intermediate sequences to improve

pairwise sequence comparison methods. In their approach, they compared a set

of queries, SCOP, to a non-redundant protein database using thepairwise

sequence comparison program FASTA [64]. They identi�ed those cases where two

di�erent SCOP sequences matched the same region in a sequence from the

non-redundant database with an E-value< 5 over a length of 30 residues or

more. They found that 50% of the proteins linked by a common non-redundant

database sequence were homologous according to SCOP, but had insigni�cant

scores when compared against each other using FASTA. One potential limitation

of this work is that the E-value and region length cuto� for calling proteins

linked were empirically determined. It is unclear whether these are optimal

cuto�s for other sequences. Additionally, these same authors performed a later

benchmarking study that showed that this method is outperformed by both

Psi-BLAST and an iterated HMM approach [63].

6.1.3 Iterative HMM Searches

Recently, HMMs have been used in an iterative fashion. As with iterative

pro�le methods, the reasoning is that by incorporating more diverse homologs

into an HMM, one can increase its sensitivity. SAM's t-02 program uses HMMs

to iteratively search a database [45]. The main limitation of their implementation

is due to the slowness of HMM search algorithms. Since searching large

databases with HMMs has previously been extremely time consuming, it was not

practical to perform an iterative HMM approach over the larger databases. Thus,
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SAM's t-02, creates a sub-database of weakly similar proteins from the original

database using a pairwise search method like Wu-BLAST.

The advent of HMMERHEAD allowed for the removal of this

sub-database constraint and iteration over the full database. In the next section I

describe an iterative HMM search program that I have developed called

JackHMMER. I test whether the usage of a sub-database limits the e�ectiveness

of my iterative HMM approach and test JackHMMER's performance relative to

pro�le and HMM iterative search programs.

6.2 Results

6.2.1 JackHMMER Algorithm

In the JackHMMER algorithm, a query sequence is searched againsta

sequence database using the pairwise sequence programs Wu-BLASTPor NCBI's

BLASTP. Initial homologs with E-values below a threshold fromthis search are

identi�ed. The sequence regions from those homologs that aligned to the HMM

are then extracted from the database and aligned using ClustalW. This

alignment is used to build a local HMM, which is calibrated for aViterbi search.

This model is then searched against the database using HMMERHEAD Viterbi.

Sequence regions identi�ed by this search are then extractedfrom the database

and aligned to the model using HMMER's hmmalign. A new local model is then

built and calibrated. This model is again searched against thedatabase. This

continues until no unique homologs are identi�ed or a maximum number of

iterations is reached. The output consists of the �nal alignment of homologs

identi�ed and a HMMER local model built from this alignment.

6.2.2 General Iterative Method Concern

A concern regarding any iterative method is what is referredto as \model

poisoning". Iterative methods are continuously adding novelsequences to their

models. If a non-homologous sequence is allowed into the model, this may
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increase the chance that other sequences related to this non-homologous sequence

will then be accepted into the model. Thus, the model will no longer accurately

represent the desired protein domain. To test whether this was occurring in

JackHMMER and the other methods, shu�ed sequences were added to the

iteration database used for all methods. The addition of labeled shu�ed

sequences in the iteration database allows for the detection of model poisoning.

Inspection of the alignment �les shows that HMMER and SAM's models did not

incorporate shu�ed sequences after the iteration process. Psi-BLAST's

checkpoint �le is not in ASCII format, so it was not clear whether shu�ed

sequences had been incorporated into its pro�le. Additionally, the use of the

same shu�ed sequences in the iteration and the test database meansthat if a

shu�ed sequence did poison a model, there is a high probability that the same

shu�ed sequence in the test database will match the model and be revealed by a

high scoring false positive in the benchmark.

6.2.3 Sub-Databases Limit the Performance of Iterative

HMM Searches

SAM's t-02 utilizes a sub-database, created from the results of apairwise

sequence comparison method, for iteration. The main limitation of this type of

approach is when remote homologs are not included in the sub-database due to

the limited sensitivity of the pairwise search method. Regardless of the

sensitivity of HMMs, homologs that are not included in the sub-database can

never be identi�ed and incorporated into the model. I tested whether the use of a

sub-database limits the e�ectiveness of iterative HMM searches by benchmarking

the performance of a modi�ed version of JackHMMER that utilized a

sub-database for iteration. Following the example of SAM's t-02, I built a

sub-database from all the initial Wu-BLASTP sequences with E-values � 600.

This sub-database was then iterated over. I compared the performance of this

version to the JackHMMER algorithm. The version of JackHMMER that utilizes

a sub-database identi�es an average of 1000 less trues at every false positives per

query level (Figure 6.2). It does appear that the use of a sub-database can limit

the sensitivity of an iterative HMM approach.
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Figure 6.2: E�ect of Sub-Database Use on JackHMMER Searches
The utilization of a sub-database signi�cantly impairs the performance of the
JackHMMER iterative approach. Error bars represent the minimum and maxi-
mum true positives identi�ed from bootstrapping.

6.2.4 JackHMMER Outperforms NCBI's Psi-BLAST and

SAM's t-02

To test JackHMMER's performance relative to other iterative search

approaches, I benchmarked JackHMMER, Psi-BLAST, and SAM's t-02.

JackHMMER detects an average of 1,500 more trues than its closest competitor,

Psi-BLAST (Figure 6.3). This is statistically signi�cant at all f alse positive per

query levels. I was surprised to �nd that Psi-BLAST outperforms SAM's t-02 on

this benchmark. Given the results of the previous experiment, I strongly suspect

this is due to SAM's reliance on a sub-database. It should be notedthat

JackHMMER's performance has slightly increased relative to that shown in

Figure 6.2. Prior to this experiment, I performed optimization experiments on

the di�erent methods and determined that increasing the maximum number of

iterations from �ve to seven improved the performance of all the methods.
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Figure 6.3: JackHMMER Performance
JackHMMER outperforms Psi-BLAST and SAM's t-02. Error bars represent the
minimum and maximum true positives identi�ed from bootstrapping.

6.3 Concluding Remarks

In this research, I implemented an iterative approach utilizing HMMER

HMMs. The current iterative HMM approach, SAM's t-02, performs its iterative

searches over a sub-database created from the use of a pairwise sequence

comparison method. This is done primarily due to the slowness ofthe current

HMM scoring algorithms. I implemented an iterative HMM approach,

JackHMMER, using the search heuristic HMMERHEAD, that allows for

iteration over a full database.

I suspected the use of a sub-database for iteration would limit the

performance of an iterative HMM approach. I tested this by creating a modi�ed

version of JackHMMER that utilized a sub-database for iterationusing the same

criteria as SAM t-02 and compared its performance on my benchmark relative to

the original JackHMMER. The use of a sub-database decreases JackHMMER's

sensitivity by an average of 1000 trues at every false positives per query level.

Compared to Psi-BLAST and SAM's t-02, JackHMMER detects an average of

1,500 more trues than its closest competitor, Psi-BLAST. This represents an
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increase in sensitivity of 4% and is statistically signi�cant at all false positive per

query levels.

One concern regarding JackHMMER, as well as all iterative methods, is

the possibility of model poisoning. This is where non-homologous sequences are

incorporated into a model and then cause further degradationof the sequence

signal being modeled. I have determined that no shu�ed sequences have made it

into the JackHMMER or SAM models benchmarked. However, shu�ed

sequences do not possess the same regional compositional bias and short-period

repeats present in biological sequences. Thus, model poisoning by biological

sequences may be more likely to occur.

A future area of work on JackHMMER would be the development of single

sequence model searches that are comparable or better in performance than the

currently employed BLAST step. It would be interesting to determine whether

single sequence models, built with BLOSUM-based pseudocounts, appropriate

insert/delete transtions, and scored using the HMMERHEAD Forward

algorithm, would be more sensitive than BLAST. This would also allow

JackHMMER to rely solely on HMMER HMMs for its database searches.

6.4 Methods

6.4.1 Iteration Database

An iteration database had to be generated to allow JackHMMER, SAM's

t-02, and Psi-BLAST to generate their iterative models on a control database.

The iteration database I used consisted of the non-redundant database,

NRDB95-06, plus a shu�ed version of NRDB95-06 generated by SQUID's shu�e

program.

NRDB95-06 was created from Genbank's NR, 1/12/06, using Holm and

Sander's method to remove sequences that are� 95% identical [38]. The script

used is available at:

http://www.embl-ebi.ac.uk/ ~holm/nrdb90
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6.4.2 Testset Modi�cation

The SAM 3.5 t-02 program failed to build models for 2 of the 2,521 test

sequences. Code speci�c errors were generated when these two speci�c sequences

were used and since the SAM software package is closed source, I was unable to

resolve the source of the problem. Thus, these two sequences were removed from

all iterative model building analyses.

6.4.3 Benchmarking Procedure

All methods were run for a maximum of 6 iterations over the iteration

database. The respective models were then searched over the testdatabase and

followed the standard benchmarking procedure.

6.4.4 Comparison Programs

JackHMMER

JackHMMER's models were default information content weighted local

models. The iteration models were scored with Viterbi. The �nalbenchmark

searches were with the forward algorithm. While JackHMMER could use any

version of HMMER, these experiments were done using HMMER 2.5.

SAM 3.5

Since the input alignments had changed from my previous SAM

optimization experiments, I wanted to verify that SAM's w0.5 model building

script was still optimal on my benchmark. I evaluated the performance of SAM's

w0.5, w0.7, and w1.0 building scripts with local and glocal model architectures of

SAM 3.5 on a subset of 250 iteration built models on the current test database. I

con�rmed that w0.5 built local models still performed optimally on my

benchmark. Thus, SAM t-02 �nal models were built with w0.5 and forward local

searches were performed against the test database.
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Psi-BLAST

NCBI's Psi-BLAST version 2.2.13 was used for these experiments.

Psi-BLAST checkpoint models were saved after the iteration process and these

models were then used to search the test database using default settings. The

NCBI BLAST software can be found at:

http://www.ncbi.nlm.nih.gov/BLAST/download.shtml

6.4.5 Availability

JackHMMER is part of HMMER 2.5 and can be found combined with the

benchmarking scripts, alignments, and the shu�ed version of NRDB95-06 at:

http://selab.wustl.edu/people/steve/thesis/bm-nrdb95-06.tar.gz
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Appendix A

Major Scripts/Programs

A.1 Overview

In this section, I will list the major accessory scripts/programs Iused in

my research with a description of the options. An example of these scripts used

in a benchmark given in appendix B.

A.2 Accessory Scripts/Programs

1) Search Output Parsing

mhmmercrunch.pl/hmmercrunch.pl< list�le of search output>

msamcrunch.pl/samcrunch.pl< list�le of search output>

mblastcrunch.pl/blastcrunch.pl < list�le of search output>

I used this family of scripts to parse the results from the di�erent search output

formats. There was a common theme between all these programs. As an

example, mhmmercrunch.pl takes a list of hmmsearch �les, created by 'ls -1

*.hmmsearch> hmmsearch.list�le', which runs hmmercrunch.pl on each.

hmmercrunch.pl parses each of the individual �les to a commonoutput to be

used by a scoring program described below. For hmmercrunch.pl,the output �les
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were *.hmmercrunch. These programs output a running count ofhow many

input �les, e.g. hmmsearch

�les, it has processed. This can be turned o� by using the option \silent" command.

2) Scoring Scripts

scorehmmer.pl < list�le > < E-Val Thresh> < mg or random> < scop or cath>

scoresam.pl < list�le > < E-Val Thresh> < mg or random> < scop or cath>

scoreblast.pl < list�le > < E-Val Thresh> < mg or random> < scop or cath>

These programs take in a list of parsed output �les, e.g. created by 'ls -1

*.hmmercrunch > crunch.list�le'. The output, < stdout> , for these scripts is a

compiled list of all the query/target hits above the E-value threshold. This list is

ranked in ascending E-value order and scored by either M/G or random, my

benchmark, rules. Since at one point I doublechecked my SCOP results with

those from the CATH dababase, there is also an option to let the program know

if CATH sequences are being used.

is

3) Plotting Scoring Script Output

epq.pl < Score �le>

This script takes a score �le and �nds the number of true positives at 1, 3, 12, 25,

125, and 250 false positives. It then outputs,< stdout> , these values preceded by

the false positive per query values for my benchmark. i.e. 0.0004, 0.0012, 0.005,

0.01, 0.05, 0.1

4) Bootstrapping Scripts

bootstrap hmmer.pl < replicate list�le > < parsed dir> < E-Val Thresh> < mg or

random> < scop or cath>
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bootstrap sam.pl < replicate list�le > < parsed dir> < E-Val Thresh> < mg or

random> < scop or cath>

bootstrap blast.pl < replicate list�le > < parsed dir> < E-Val Thresh> < mg or

random> < scop or cath>

These programs use a pre-arranged list of sampled parsed output �les, e.g.

hmmercrunch �les. These lists come from sampling, with replacement, the list of

2,251 original output �les. These lists were generated using bootstrap-replicant.pl

<list of parsed �les> <2521> <1000> and are titled rep`number'. e.g. rep0 In

addition to the list of these di�erent sampled lists, they take in adirectory where

all the parsed output �les can be found. The rest of the arguments fu�ll the same

purpose as the above scoring scripts. These scripts will then output to a �le

named 'replicate'.scored'E-Value'. e.g. rep0.scored10

bootstrap-minmax.pl < scored replicates list�le> < False Positive Thresh>

This program will take in a list of scored replicate �les, created by 'ls rep * >

rep.list�le', and go through each scored replicate and determine the number of

trues identi�ed before the false postive threshold. This scriptthen outputs,

< stdout> , the mean number of trues found plus the range.

bootstrap-stats.pl < scored rep list�le> < scored rep list�le> < FP>

This program is the one used to determine if the bootstrapping results from two

di�erent program are statistically signi�cant. This program t akes in two lists of

scored replicate �les, created as above. The program identi�es how many trues

are found before the FP threshold for each line from both lists. It then

determines the di�erence between the two true positive counts for each scored

replicate. NOTE:REPLICATES MUST BE IDENTICAL AS WELL AS THE

TWO LISTFILES NEED TO BE IN THE SAME ORDER. This program then

outputs, < stdout> , the mean number of trues found by each program and the
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middle 95% range of the distribution of di�erences across all the replicates. If

this range overlaps zero, it fails the 0.05 signi�cance test.
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Appendix B

Benchmarking Pipelines

B.1 Overview of My Benchmark

This is an example list of commands I used to generate a single score �le

and bootstrapping results from a directory of search results using my scoring

scheme, previously described in Chapter 2. The example I give isfor hmmsearch

output but the relevant parts can be changed, as described in Scripts/Programs,

for the di�erent search methods.

1) List output �les

'ls -1 *.hmmsearch> hmmsearch.list�le'

2) Generation of parsed hmmsearch �les

'mhmmercrunch.pl hmmsearch.list�le'

3) List Parsed Output Files

'ls -1 *.hmmercrunch> crunch.list�le'

4) Generation of Score�le
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'scorehmmer.pl crunch.list�le 10 random scop> SFscore�le'

5) Creation of True Positives versus False Positives Per Query Gnuplot �le

'epq.pl SFscore�le> SFscore�le.epqtp'

6) NOTE: NOW WE ASSUME THERE IS A COMPLETE SET OF FILES

PRODUCED BY bootstrap hmmer.pl

7) List the scored replicates

'ls -1 rep * > rep.list�le'

8) Determine the mean and range of trues for each fp/query level.

bootstrap-minmax.pl rep.list�le 1 > minmax-1fps

bootstrap-minmax.pl rep.list�le 1 > minmax-3fps

bootstrap-minmax.pl rep.list�le 1 > minmax-12fps

bootstrap-minmax.pl rep.list�le 1 > minmax-25fps

bootstrap-minmax.pl rep.list�le 1 > minmax-125fps

bootstrap-minmax.pl rep.list�le 1 > minmax-250fps

9) Put the mean and range data(for plotting errorbars) into a gnuplot �le.

grep \Mean" minmax-1fps minmax-3fps minmax-12fps minmax-25fps

minmax-125fps minmax-250fpsj awk 'print $3;' > minmax.epqtp

grep \Mean" minmax-1fps minmax-3fps minmax-12fps minmax-25fps

minmax-125fps minmax-250fpsj awk 'print $3' '$5' '$7;' > minmax.error.epqtp

10) Test to see if the two programs pass a 0.05 con�dence intervalfor signi�cance

at the di�erent false positives per query levels.
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bootstrap-stats.pl rep.list�le1 rep.list�le2 1 > stats-1fps

bootstrap-stats.pl rep.list�le1 rep.list�le2 13 > stats-3fps

bootstrap-stats.pl rep.list�le1 rep.list�le2 12 > stats-12fps

bootstrap-stats.pl rep.list�le1 rep.list�le2 25 > stats-25fps

bootstrap-stats.pl rep.list�le1 rep.list�le2 125 > stats-125fps

bootstrap-stats.pl rep.list�le1 rep.list�le2 250 > stats-250fps

B.2 Madera and Gough Benchmark Overview

This process would be the same as above except at steps 2) and 4) one

would use 'mg' instead of 'random' to score the output in a Maderaand Gough

fashion.
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