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ABSTRACT

The abundance of bioinformatics tools has grown exponentially over the last
three decades. Concurrently, many tools become outdated due to their discontinuation.
Staying updated is highly difficult and is costly in terms of time and effort. The ex-
isting systems to ease tool discovery primarily attempts to index all the available tools
according to their functionalities. Some of them provides the number of cites the tools
received to indicate their popularity. The size of these lists have grown large calling for
more targeted retrieval approaches. Since the tools are typically used in conjunction,
a recent approach allows the users to browse the tools according to expert maintained
pipelines. However, generating and updating these pipelines remains manual. Moreo-
ever, the actual conjunct use of the tools are not provided. This thesis suggests an auto-
mated pipeline derivation method through literature mining and cross-citation analysis.
The analysis patterns and the tool usage patterns were recovered from the data. Recom-
mendation models were built from the data and the derived patterns. Through evaluating
the models, actual tool selection behaviors were also understood. During 2009-2016, the
tool functionalities with their popularity considered was highly predictive of whether
they have been chosen. Along the period, substituting the overall popularity with the
local popularity within the recovered analysis patterns became increasingly predictive
and was on par in 2016. Such results implies that the recovered patterns resemble the
pipelines used in community. Lastly, the pipelines were queried into the recommenda-
tion models to obtain the community accepted best-practices. These analysis patterns
and best-practices can be used to inform experts regarding the status-quo of the field and
can be used as guidelines for newcomers entering the field.
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CHAPTER I
INTRODUCTION

1.1 Motivations for a tool recommender

Bioinformatics today refers to the use and the engineering of informatics
tools to manage and analyze biology related data [3]. Functionalities of these bioinfor-
matics tools evolve to reflect the changes of the research questions in biology. Many
times, pre-existing tools are replaced by newer tools with improved algorithms or im-
plementations. Hence, the best practices change temporally. For the last three decades,
the number of resources in bioinformatics have grown exponentially. Keeping track of
all the available resources, the resourceome, has become highly challenging. Select-
ing among them is also difficult. Inappropriate tool selction can cost from extended
computation time due to inefficiency, suboptimal results due to compromised algorithm
performances, to incorrect conclusions caused by assumption violations. To avoid such
mistakes, large amount literature are reviewed for support. The believe in these evi-
dences varies. More credible sources are more likely to be trusted. Contextually similar
contexts are viewed to be more applicable. With sufficient believes, tools are selected
as candidates. Unfortunely, the criteria for evidence sufficiency are likely to be relaxed
when time is limited. With a tool recommendation model which well mimics the tool
selection behaviors in the field, much of the time and effort used in literature reviewing

can be saved.

1.2 Research contributions
This research have shown that data of bioinformatics tool usages can be
gathered via a cross-citation analysis approach. An iterative graph clustering method

developed during this research was able to recover both the analysis patterns and the
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tool usage patterns from the data. Multiple tool selection models were studied. Over-
all, the best performing model was able to recover over 75% of the tools used when
limiting the tool recommendation list to ten entries. The tool selection behaviors in the
field were inferred by comparing the performances of the models. Such comparisons
if done prospectively, can be used to monitor the behavioral changes of bioinformatics
tool selection.

To demonstrate how knowledge from this research can be used, the recov-
ered analysis patterns were queried to the best performing model to provide tool recom-
mendations suitable for each analysis pattern. Such recommendations can be useful in
guiding bioinformatics researchers with limited experience in the field or can be infor-

mative for experienced researchers to keep up-to-date with the changing trends.

1.3 Research outline

So far, a brief explanation of bioinformatics have been given. Chapter 2 pro-
vides a more extensive summary of the timeline in bioinformatics since its emergence till
today. The history is introduced to provide a comprehensive understanding of the field
evolvement and the issues that arised from its growth. The review then covers the cur-
rently avaialble options in coping with the resourceome and stresses on what remained
unsolved. The computer science methods relevant to this research were explained in
Section 2.3. In Chapter 3, the methods of this research is detailed step-by-step from
the data gathering, the analytics, to the outcome evaluation. The results are given and
discussed in Chapter 4. The last chapter wraps up the whole research and suggests the

works to be done in the future.
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CHAPTER 11
LITERATIVE REVIEW

2.1 Bioinformatics

The word bioinformatics can be viewed as a conjunction between bio- re-
ferring to biology, the studying of life, and -informatics which concerns with the pro-
cessing of data. In that view, the broad arena of biology may be assumed all inclusive.
More precisely, the biology is often restricted to the quantitative study of biological
macromolecules, i.e. deoxyribonucleic acid (DNA), ribonucleic acid (RNA) and pro-
teins [4]. Since a lot of bioinformatics today utilizes computers to achieve their task, it
became commonly confused with computational biology. According to [3], it is tech-
nically feasible to separate bioinformatics from computational biology; the first refers
to the engineering of informatics technology in application to biological data; the sec-
ond designates the science of using computation (with or without computers) to study
biology. Though these definitions have been set since year 2000, the term bioinformat-
ics has rooted from as far back as 1970 [5]. Back then, the word bioinformatics was
used to describe the generation-wise biological information transfer from antecedents to
descendents and from genetics embedded in the DNA to high level phenotypic expres-
sions in the organism. Today, those processes are complexly being studied using tools

developed through bioinformatics under the hood of systems biology.

2.1.1 History and Emergence of Bioinformatics

It was less than a century ago when learning the sequence of amino acids
in protein was enabled thru the laboratory method published by Sanger and Tuppy in
1951. In 1962, the speed of data generation was accelerated by automating a more re-
fined version of the sequencing procedures and introducing computers to reconstruct
these peptide fragments back into their long chains of polypeptide prior digestion [6].

The first database to store and make available those sequences was the Atlas of Protein
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Sequence and Structure established in the 1960s which later became online as the Pro-
tein Information Resource (PIR) [7]. Having learnt in the 1950s that three-dimensional
structure of proteins are governed by the sequence of their amino acids, efforts were put
into aligning the sequences to enable their comparison. The computational difficulty in
finding the optimal alignment led to the development of one of the first bioinformatics
algorithms. The method explores all possible alignments of two sequences and calculate
scores to determine the most probable of them [8].

The knowledge that DNA are genetic information carriers was hinted since
1944. By 1950s, its double helix shape and it compositions was already known. Back-
boned on repeating sugar groups and phosphate groups, the two strands were inner

binded by adenine(A)-thymine(T) pairs and guanine(G)-cytosine(C) pairs (Figure 2.1).

Base pairs [ <o

Adenine Thymine

s )

Guanine Cytosine

Sugar phosphate
backbone

Figure 2.1: An illustration of the DNA double helix structure [1]

Nonetheless, the translation from nucleotide sequences to the synthesis of
polypeptides was not certain till 1966 [9] when the triplet code was deciphered and
proven with lab experiments. In the findings, linear strings of ATGC bases representing
the DNA sequence can be translated into amino acids by decoding three bases of nu-
cleotides (triplet/codon) into one amino acid. Translating each adjacent non-overlapping
triplet reveals the sequence of a polypeptide. Around the central dogma "DNA makes

RNA, RNA makes proteins, proteins make us” [10], a new field named molecular bi-
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ology emerged to study the sophisticated factors and conditions in these translations.
With the computational complexity of the problems, computer science fused in. Many
more algorithms were developed to solve evolving problems as the body of knowledge

in biology grew and shifted [11].

2.1.2  Accelerators of Bioinformatics Growth

Post war in the 1960s, computation powers were transferred to the aca-
demics [6]. The complex computations unachievable by hand has moved the frontiers of
many fields including biology. The rate of data generation also dramatically increased
from the days the first DNA genome was sequenced by Sanger and his group in 1977
with the price inversing falling [12]. Figure 2.2 shows the increasing number of base

pairs able to be sequenced per dollar over the years.

1,000,000 T 100,000,000
NGS (bp/§)
Doubling time 5 maonths F10,000,000
100,000 ¥ X /
1,000,000
@ 10,000 ¢
] Hard disk storage (MB/S) F100,000
5 Doubling time 14 months =}
] £
g 1000 % o000 3
2 ' c
g &
= 2
3 1000 3
[=] 100 ¥ —
F|Pre-NGS (bp/$) g
[ |Doubling time 19 months r100 -
10
10
1+
/ 1
o P e o4

1990 1992 1994 1996 1958 2000 2003 2004 2006 2008 2010 2012
Year

Figure 2. Historical trends in storage prices versus DNA sequencing costs. The blue squares describe the historic cost of disk prices in
megabytes per US dollar. The long-term trend (blue line, which is a straight line hers because the plot is logarithmic) shows exponential arowth
instorage perdollar with a doubling time of roughly 1.5 y=ars, The cost of DNA sequencing, expressed in base pairs per dollar, is shown by the
red triangles, It follows an exponential curve (yallow line) with a doubling time slightly slower than disk storage until 2004, when next generation
sequencing INGS) causes an inflection in the curve to a doubling time of less than € menths (red ling). These curves are not corrected for inflation
or for thefully loaded’ cost of sequencing and disk storage, which would indude personnel costs, depreciation and overhead.

Figure 2.2: Trends of the sequencing cost [2]
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Another technology which greatly drived the growth was the Internet. It is
needless to convince on how the Internet has changed the human society. Bioinformatics
too has been accelerated with the interconnectivity. Data and efforts across the world

were linked up and made projects which require world-wide collaborations capable.

2.2 Bioinformatics Today; the Resourceome

Today, bioinformatics is being powered by several big database infrastruc-
tures (e.g. GenBank, EMBL) equipped with various ontologies. Data are continuingly
being produced and new sequencing technologies are still arising. Retrievals can be
made world-wide and analyses can be done either locally or on cloud services. The
borders among different fields in biology have become fairly subtle with cross field
analyses enabled. As knowledge grew, both breadth and depth of the research questions
expanded. New tools were rapidly developed to answer them soundly and effectively.
The ability to utilize the diversely developed tools has become a type of expertise, a
scarce one. To better utilize the limited human resource, centralized analysis facilities
are created and shared among biologist of various fields [13]. While the vast amount of
available tools demand indepth understanding of their behavior and context suitability,
time and manpower constraints limits these bioinformaticians to perform such compli-
ance. For non-centralized facilities, ones performing bioinformatics analyses are com-
monly traditional lab biologist which are less likely to have indepth understanding in
computer algorithms. Both types of facility structures suffer from keeping up with the
whole set of resources available, the resourceome. To overcome the phenomena, better
indexing and retrieval systems are needed. Challenges to the success were stated in [14],
summarized as follow:

— Lack of peer-review in the system

— Lack of useful index for retrieval

— Poor adoption and maintenance of ontologies

— Difficulty in indexing the all tools that exists
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2.2.1 Attempts to Address the Resourceome

To address the tool outgrowth, many tool lists were created to index the
available resources for retrieval. The lists were made available in the Internet for acces-
sibility. Since 2003, Bioinformatics.ca has been providing manually curated resource
links directory with regular annual updates [15]. The website allows browsing the tools
through directories. A search box and search filters are provided (Figure 2.3). Each tool
is presented with the name, the corresponding website, the associated directory tags, a
short description, and a link to the tool’s publishing article(s) in PubMed. The number
of citations to these publishing articles are given if available (Figure 2.4).

Online Bioinformatics Resources Collection (OBRC) at the University of
Pittsburgh Health Sciences Library System provided an alternative search result pre-
sentation in 2007. Search results were clustered by Vivisimo, a document clustering
engine, to display the search results in a more human-digestable way [16]. Their clus-
tering was based on the contents extracted from the PubMed abstracts and information
posted on the corresponding websites. The OBRC website mentioned in the publication
is no longer accessible. However, the Vivisimo Clustering Engine is still used today in
their Health Sciences Library System. Figure 2.5 shows an example screenshot of the
system’s result. The *Topic’ tab on the left is derived from the search results clustering.

A web application named BIRI (Figure 2.6) takes a resource’s publication
abstract as input for automatic resource metadata extraction and indexing [17]. Extend-
ing from the capabilities of BIRI, the same group later launched e-MIR2 (Figure 2.7)
in 2012 which periodically parses titles and abstracts of new PubMed indexed publica-
tions in the medical informatics category to discover new resources. Articles with words
matching to predefined classification schemas learnt from expert selected training sets
were used to update the inventory list [18]. Alternative to automation, community effort
was used to curate the list of resources under the coordination of EXILIR Denmark [19]
(Figure 2.8).

Thus far, all of the tool lists have treated each tool entry as an individual
entity. OmicTools (Figure 2.9) has introduced a different list presentation approach by
taking into account the application and technology specific pipelines [20]. By browsing

down the technology or applications, applicable analysis steps are presented. In each
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step, candidate tools are listed with performance assessment publications if available.

2.2.2 An Unaddressed Facet of the Resourceome

Either learning the existence of a resource directly from publications or from
tool lists, bioinformaticians or biologists today are able to obtain large sets of tool can-
didates for their work. Therefore, the challenge resides in choosing among the vast
number of tools. A logical practice to downsize the number of candidates is through
evidence gathering. Tools successfully used by renowned scientists gains better reputa-
tions. [21] has shown evidence that best practices are field specific and can be indicated
from practices of whom they called as domain authors, ones who collaborated the most
with others. Once sufficient amount of support is found, or time limit is reached, a tool
is selected for use. Such tool selection process is highly time consuming. The number

of evidences gathered is limited to the time constraints.

2.3 Methods Review

2.3.1 Gathering reputable usage evidences

To build tool recommendation models, data of existing bioinformatics tools
and their usage evidences are needed. It is trivial that sources of greater trustworthi-
ness is more probable of being trusted. The scholarly community is an established
space to publicize research findings with considerably controlled quality. Though non-
homogenous, the reputation of scholarly articles are generally higher than other dig-
itized sources such as websites or blogs. Impacts of these publications have widely
been measured through citation analysis. Commonly, these influences are quantified in
researcher/author-level, article-level, and journal-level. Using citation counts tracked by
citation databases such as Scorpus, PubMed and Google Scholar, many indexes can be
calculated. It must be minded that these numbers represent the impact of the cited on
the scholar community without considering the citation semantics. The semantics are
known to vary among the citers and the subject of interest. Citation context analysis

(CCA) framework have been developed to account for these semantics variations [22].
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Despite the more accurate relationship representation, the CCA is limited by the acces-
sibility of the citers’ full-text articles. Using such approach, Duck et. al. [23] acquired
a corpus of 22,376 open-access articles from PubMed Central from 13-years of data.
Constraint by the number of articles gathered, analyses were done by combining data of

several years. The yearly usage patterns were not recoverable.

2.3.2 Infomap: graph clustering algorithm

Graph clustering is a quite popular field. Common methodologies for graph
clustering have been reviewed and published in [24]. Infomap [25] is one of the many
clustering algorithms which have been widely used and have shown robust results. The
algorithm is based on random walk. Despite its stochastic approach, it has shown to be
accurate and fast in clustering graphs with over 10,000 nodes and yield consistent results
over multiple runs. Many applications of these graph clustering algorithms have also

been published. Recommendation systems are one of those many applications [26, 27].

2.3.3 Unifying the different forms of a word

There are two big genres of word normalization, stemming and lemmatiza-
tion. While both aims to reduce the different forms of the same base words, stemming
is far more crude than lemmatization [28]. In stemming, language-specific rules are
used to trim off the ends of the words. The results may not be the correct lemmas of
the words. In contrast, lemmatization includes morphological analysis of the words to
accurately return the correct lemmas. Both methods of word normalization increases
the recall in information retrieval, but at the same time, reduces the precision. The most
common stemmer used for English is Porter Stemmer [29]. Other stemming algorithms

do exist, e.g. Lovins stemmer and Paice stemmer.

2.3.4 TF-IDF: Term-frequency and inverse document frequency

The term frequency is the number of times a term appears within a docu-
ment, often divided by the total number of words in the document for normalization.
The inverse document frequency is a weight used to offset the term frequency to em-

phasize words that are more discriminative among the documents. Such weights have
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shown to overcome the effects of stop-words [28], word which are typical to most docu-
ments and therefore are not beneficial for information retrieval. In summary, the TF-IDF
weight is calculated as per Equations 2.1-2.3.

TF(t) = Number of times t appeared in a document

2.1
Total number of terms in a document 2D

IDF(t) In(Total number of documents) 22)
~ Number of documents with term t in it '

TF-IDF weight of term t = TF(t) * IDF(¢) (2.3)
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Search all ¥ | Search Directory

Bioinformatics Links Directory

The Bivinformatics Links Directory features curated links to molecular resources, tools and
databases. The links listed in this directory are selected on the basis of recommendations from
bicinformatics experts in the fizld. We also rely on input from our community of bicinformatics
users for suggestions. Starting in 2003, we have also started listing all links contained in the

NAR Webserver issue.

O Hide Resources (178) | = Hide Databases(821) | | & Hide Tools (1548)

Computer Related (=5

This category contains links fo resources relating o
programming languages ofien used in
bicinformatics. Cther tools ofthe trade, such asweb
development and datsbase resources, are also
included hers.

Education (75

Links fo information about the f=chnigues, materials,
people, places, and events of the greaer
bicinformatics communiy. Included are current news
headlines, Iierature sources, educatonal maternial
and links o bicinformatics courses and workshops.

Human Genome (240)

This section contains links to draft annctations of the
human genome in addion fo resowrces for
seguence polymorphisms and genomics. Also
included are links related to ethical discussions
surrounding the study ofthe human genome.

DNA (s04)

This categorny contzins links o wseful resources for
DNA  sequence analyses such as fools for
comparative seguence analysis and seguence
assembly. Links % programs for seguence
manipulation, primer design, and sequence refrieval
and submission are also lisied here,

Expression (g8

Llinks 1o fools for predicting the expression,
ahemative splicing, and regulaton of a gene
seguence are found here. This section also contains
links fo databases, methods, and analysis fools for
profein  expression, SAGE, EST, and microarray
data.

Literature (&7

Links to rescurces related fo published lisrature,
including tools #o search for arficles and through
lterature abstracts. Additional 3t mining resources,
open 30cess resources, and lierature goldmines
are also listied.

Figure 2.3: A screen shot of Bioinformatics.ca Links Directory
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Splicing

There are links that deal with the splicing of gene sequences in this section.

B RSSFesd = CompactView <= Sortby Links Directory Index
pownioap  J ListasXML | ListasJSON ] ListasTSV ] ListasCSV

| © Resources(0) | | Hide Databases(5) | | @ Hide Tools (21)

Found 26 links
Displaying 15 links

ALEXA-seq @&

http/fwww.alexaplatform.org/alexa_seq/ [0PENIN & REW WINDOW]
Expression > Splicing  Share This Link |

Expression = Transcript Expression Analysis

RMA > Functional RNAs

RNA = General Resources

A method 1o analyze massively parallel RMA sequence data to catalog ranscripts and assess difierential and
ahernative expression of known and predicied mRNA isoforms. Prowdes aliernative expression annotation
datshases, source code, 3 data viewsr and other resources to facilitats analysis.

This contentis being maintzined by & mgrifiit

Pubmnd LINKES DIRECTORY INDEX: 36

pownoaD  J LinkasXML ] LinkasJSON J LinkasTSV } LinkasCSV

USER FEEDBACK

Tacs W ahernative splicing Qe antineoplastic antimetabolites Qe colorectsl neoplasms

@ cupressed sequence tags @ flucrouracl Qe gene expression Qe gene expression profiling

@ geneticdatsbases Qe humans B messengerma Qe neoplasm drug resistance

@ next-generation sequencing @ oligonucleotide array sequence analysis G protein isoforms

@ reverse ranseriptase polymerase chain reaction G rma seguence analysis G ma-seq Qe RMAseg
@ s=guence alignment Qs wmor cellline Qe whole ranscriptome shotgun sequencing

Figure 2.4: An example search result from Bioinformatics.ca Links Directory
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search.HSLS About search.HSLS
Pitt Resources

Pitt Resources Quick Search
Find e-journals, books, videos, etc. in all Pitt libraries.

|align men{

Alternatives: « Search PITTCat direct

Narrow your search:

1 Bicinformatics for DNA sequence analysis [electronic resource

Topic Authors: edited by David Posada.
Top 122 Results remix Date: 2009 _
+ Health. Care (15) Held By: HSLOnI?neColIectum
+ Computational (10) Call Number:  HSL Online Mmographs .
| Status: Status unavailable. View PITTCat record for more information.
+ Genomics (11)
* Methods and protocols (8) 2. Bicinformatics Volume 1, Data, sequence analysis and evolution [electronic resource]
+ Physical ) Authors: edited by Jonathan M. Keith.
+ Management (/) Date: 2008
+ Analysis, Sequence (6) Held By: HSL Online Collection
+ Practice (6) Call Number: HSL Online Monographs
- Imaging (4) Status: Status unavailable. View PITTCat record for more information.
+ Intzrnational (5)
mare | all 3. Heterogeneous spatial data : fusion, modeling, and analysis for GIS applications
Authors:  Giuseppe Patang and Michela Spagnuolo, editors, CNR-IMATI.
Search within clusters Date: 2016
|| Find Held By:  Full Text Onling - DDA
Status: Status unavailable. View PITTCat record for more information.

Figure 2.5: An example search result from Health Sciences Library System, Pittsburgh
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= |
Biolnformatics Resource Inventory _,ﬁrJgg
(B.LLR.L.) « /7

The Biolnformatics Resource Inventory (B IR 1) 1s a public online searchable index of bioinformatics resources developed at the
Biomedical Informatics Group. Information describing the resources has been antomatically extracted from the literature and indexed
using Natural Language and Text Mining techniques. The index 1s automatically updated by analyzing new papers descnbing existing
resources (databases, tools, services...). If you cannot locate a resource or have any suggestion, just contact us by email.

——— Search by CATEGORY/DOMAIN Search by RESOURCE NAME
Category: | annotation v Name: Saarch |
e P ] Seareh.

| Search || Start New Search |

| Search Results

NAME  FUNCTIONALITY CATEGORY DOMAIN
EGassembler processing and functional annotation of sets of ESTs annotation  expression
ESTExplorer expressed sequence tag assembly and annotation annotation  expression
ESTpass server forlprucessmg and annotating expressed sequence tag aonotation  expeession
Sl sequences
ESTpass mtegration of cleansing and annotating processes annotation  expression
ESTpass detection summary cleansing and annotation annotation  expression
SAGExpl attempts a complete annotation of potential virtual ranks tags : :
present multiple matches i the genome ton |

Figure 2.6: An example search result from Bioinformatics Resource Inventory (B.I.R.I.)
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Search

assembly | searchat ® Al Title Abstract
A | Name
Learn more about building a search siring
Optional filters
Functionality: | All v Links: ® |ndiferent Source:  All ¥
Any
Type: All v Open Source
w Available v
Domain: LAl v No Available
| Reset Search | Search Resources
2 resources founded
Resource Name Functionality Type Domain OpenSource  Aw.
Analyze
Process Software :
AGUIA Visualize Method }L,_':;’tz‘;']“" YES
Design Architecture y
Manage
Analyze
TRAP Evaluate_ Software Disease NO
— Sequencing Anatomy
Program
Page 1 of 1

Figure 2.7: An example search result from Electronic Medical Informatics Repository

of Resources (e-MIR2)
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https://github.com/PapenfussLab/gridss
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Structural variation discovery

GRIDSS calls variants based on alignment-guided positional de Bruijn graph breskpoint assembly, split

read, and read pair evidence.

Inputs: Sequence glignment (nucieic acid) (BAM) @, Sequence assembly (FASTA} @

Outputs: Text (VCF, BCF)

Addition date

e e

u-:'_* 55_;
Affiliation
unimelb.edu.au

Topic

Structural genomics, DNA structurzl variation, Bioinformatics

Resource Type
Tool
Interface

Command line

Documentation

Figure 2.8: An example search result from ELIXIR Tools and Data Services Registry
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A workflow for omic data analysis

12342 tools classified by omic technologies, applications and analytical
steps

Search for omic tools Q,

OMIC TECHNOLOGIES
ATC /B High-throughput sequencing B Microarray
GCT/m Whole-gi ncing, Whole-exome sequencing aCGH and SNP microarray, Gene expression microarray,

ATG RNA-seg analys 2a, BS-seq

DNA methylation microarray

NMR spectroscopy

MS-based untargeted proteomics, MS-based targeted NMR-based proteomics, NMR-based metabolomics

|| = Mass spectrometry

proteomics. MS-based untaraeted metabolomics

Figure 2.9: An example search result from OmicTools.com
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CHAPTER 111
METHODOLOGY

3.1 Data retrieval and preprocessing

A finite universe of bioinformatics tool was identified from web parsing
two big bioinformatics tool listers, i.e. Bioinformatics.ca and Omicstools.com. Data
retrieved from both lists were the tool names, their corresponding websites, PubMed
unique identifiers (PMID) of their publications and functionalities of the tools. 1536
tools were identified from Bioinformatics.ca and 4687 tools from Omictools.com. The
tools identified from both lists were matched when meeting one of the following criteria:

1. If both website and PMID is not available in one of the lists, match only
on identical tool names

2. If website and/or PMID is available for both lists, match if two of the
three elements (name, PMID, URL) match.

3. To account for minor URL variabilities, the URLs were considered matched
if over 80% of the tokenized URLs matched.

Using these criteria, 127 tools were matched. After uniquifying, the com-
bined list consists of 6092 unique tools; 4832 (79.3%) with at least one associated
PMID. Partial investigation suggests that those without PMIDs were majorly database
resources. 277 PMIDs which were associated with more than one tool were removed.
The remaining PMIDs were used to seed the retrieval of publications citing them. Thus,
these PMIDs are referred to as seeds and the publications citing them as citers. This re-
search used the PubMed cross-citation database maintained by the US National Library
of Medicine, National Institutes of Health. The retrievals were done via their Entrez
API. Publishing articles of the tools, the seeds, are representatives of the tools they pub-
licize. Likewise, articles citing the seeds, the cifers, are tangible evidences of the tool
usages. Thus, descriptors of those articles describes the tools and the usages, respec-

tively. A preliminary assessment has been done by sampling 79 unique citers citing a
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single seed to manually evaluate whether a cited tool is actually used; 78 of the 79 citers
used the tool. Therefore, the implication was assumed.

To minimize massive missing values, article descriptors which requires pro-
cessing of full-text articles were excluded. Metadata (in XML format) of the seeds and
the citers were retrieved. Figure 3.1 shows a web-based view of the metadata provided
by PubMed. Data were extracted from all the XML files. Part of the text processing was
done in Python version 2.7. Because PubMed uses Medical Subject Headings (MeSH)
to control the vocabularies used in the keywords, the words were decapitalized and used
as is. Stemmed words are words in the titles and abstracts of the articles which were
stemmed using Port Stemmer algorithm. Functions of the tools were extracted from the
function tags in the original tool lists. All the data were stored in a SQL database with
the schema shown in Figure 3.2. Data from the database were queried and described us-
ing R Language and Environment version 3.3.1 [30]. The major packages used includes

RMySQL [31], dplyr [32] and ggplot2 [33].
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Mol Genet Ganomics. 2014 Aug 289(4).567-73.doL 10.1007/800438-014-0831-7. Epub 2014 Mar 3.
OMIGA: Optimized Maker-Based Insect Genome Annotation.
® Author information

Abstract

Insects are one of the largest classes of animals on Earth and constitute more than half of all living species. The 15k initistive has begun sequencing of
rore than 5,000 insect genomes, which shoukd greatly help in exploring insect resource and pest control. Insect ganome annotation remains challenging
bacause many insects have high levals of heterozygosty. To improve the quality of insact genome annotation, we devalopad a pipaline, namad
Optimized Maker-Based Insect Genome Annotation (OMIGA ), to predict protein-coding genes from insect genomes. We first mapped RNA-Seq reads
to genomic scaffolds to determineg transcribed regions using Sowtie, and the putative transcripts were assembled using Cufflink. We then selected
highly reliable transcripts with intact coding sequences to train de novo gene prediction software, including Augustus. The re-trained softwsre was used
1o pradict genes from insect genomes. Exonerate was used to refine gane structure and to determine near exact exon/intron boundary in the genome.
Finally, we used the software Maker to integrate dsta from RNA-Seq, de novo gene prediction, and protein alignment to produce an official gene set.
The OMIGA pipsline wss used to annotate the draft genome of an important insect pest, Chilo suppressalis, yislding 12,548 genes. Different strategies
were comparad, which demonstrsted that OMIGA had the best performance. In summary, we presant s comprahensive pipeline for identifying genes in
insect genomes that can be widely used to improve the annotation quality in insects. OMIGA is provided st http://ento. njau.edu. cn/omiga. htmi .

PMID:- 22609470 DOL10.1007/500438-014-0831-7

PubMed - indexad for MEDLINE]

Publication Types, Me SH Terms, Substances, Secondary Source ID e

Publication Types
Research Support, Non-U.S. Gov't

MeSH Terms

Amino Acid Seguence
Animals

Base Sequence
Butterflies ganatics"
Exons

Genetic Markers/genetics
Genome, Insect/genstics”

Genomics”
High-Throughput Nucleotide Seguencing
Introns

Molecular Sequence Annotstion”

Molecular Seguence Dats

Maths/genstics®

Open Reading Frames

Oryzs/parasitology

Plant Diseases/parastology

Rapstitive Sequences, Nucleic Acidigenstics
Seguence Alignment

Figure 3.1: A web screenshot of an article’s metadata provided by PubMed
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Figure 3.2: SQL Schema to store extracted data
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Figure 3.3: The assumed tool selection process: the relationships between the observed

and the latent variables
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3.2 Constructing the recommendation models

3.2.1 The assumed tool selection process

Based on the literature and common practices, generally, context in a do-
main drives the analysis objectives. To achieve the objectives, researchers would design
analysis pipelines which consists of sequential analysis tasks required to achieve the
goals. A function set is a set of functionalities needed to perform the required tasks.
The actual tools used for those functionalities are then chosen. Figure 3.3 diagrammati-
cally illustrates the relationships between the tool selection influencers described above.
Considering the retrieved data, the hollow nodes represent the latent variables and the
filled nodes represent the observed variables. Directions of the arrows are the believed
causal relationships. The green arrow represents the influence of domain context on tool
selection when adjusted for the differences in the analysis pipelines.

From the tool selection process, the two direct influencers of tool selection
are the function set and the domain context. In bioinformatics, each tool typically pro-
vides a particular functionality. Therefore, the set of functions used were assumed as all
the functions tagged to the tools in which the citer cited. The domain contexts were in-

dicated through two observable variables, the citer’s keywords and the stemmed words.

3.2.2 Assessing the influence of domain context on tool selection

If the assumed tool selection process is correct, citers which used similar
function sets and were alike in domain context would use a similar set of tool combi-
nations. To test the assumption, the citer instances were clustered into homogeneous
function sets through an iterative process (see Section 3.2.3). For each function set,
graphs with citers as nodes and number of keywords in common as edges were con-
structed and partitioned. Being able to subpartition the function set by their keywords
infers that several domain contexts are found to be using similar analysis funciton sets.
If the tools used among these domain contexts differ, it can be concluded that domain

context does influence tool selection.
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3.2.3 Deriving the homogeneous function sets
A graph clustering approach was used to group citer instances into homoge-

neous function sets. The method uses graphs constructed at two-granularities, i.e. citer
vertices linked by number of functionalities in common and citer vertices linked by num-
ber of tools in common. The solid black links in Figure 3.5 illustrates the construction
of such links between the usage instances. Infomap [25], a clustering algorithm based
on random walk, was used to partition the first graph into groups of citers involved with
similar functionalities. Further local clustering each of those partitions based on the sec-
ond graph grouped the citers using similar tool combinations together. The local clusters
were merged back together when they have sufficiently similar function presence signa-
tures and were used to replace the initial function sets. The partitioning is considered
converged when all local clusters are completely merged as one. The resulting function
sets are therefore considered homogeneous. Figure 3.4 illustrates the described process
as a diagram. The subsections below provides the details of each step in the method. !

3.2.3.1 Partition the citer instances into initial function sets

The citer instances were partitioned into a set of clusters K
based on the set of tool functions they were involved with. With the citer instances
as vertices, the edge weight between any pair of vertex is defined as the sum of common
function occurrences. The solid black links in Figure 3.5 illustrates the construction of
such links between the citer instances. After partitioning, each resulting function set K,
is a cluster of citer instances with similar function patterns. This initiation step broadly
separates the citer instances into disjoint groups with low functionality overlaps.

3.2.3.2 Partition the citer instances into tool combinations

In this step, the distinct tool pipelines from citer instances per-
forming similar analysis tasks were recovered. Specifically, the citer instances in each
function set were further partitioned into a set of tool combinations L,, based on the
tools they used. The construction of tool level graphs is illustrated in Figure 3.5 as dot-
ted grey links. L,,,, refers to the n'" tool combination in the m" function set. The
number of citer instances in each tool combination was counted, denoted as C'(L,y, ,,).

The function presence ratio vector of a tool combination P™" is a column vector with

IPortions of this chapter previously appeared as [34]
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Figure 3.4: A diagrammatic illustration of the iterative graph clustering method
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Figure 3.5: An example of the graph topology constructions at the two-granularity lay-

ers, i.e. the functionality linkage layer and the tool linkage layer.
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each row corresponding to a function f in the tool function space F. The number of
occurrence of each function in a tool combination L,,,, was counted as C' (Fﬂ;n) The
values in the vector were calculated according to the Equation 3.1. This vector describes
the function distribution of the tool combinations. Ideally, the vector should be identical
for all tool combinations within the same function set. In summary, this step groups citer

instances using similar tools for the same or similar pipelines together.

Py = C(F] )/ C (L) 3.1)

3.2.3.3 Merge the tool combinations

To ensure that the tool combinations homogeneously fit the same
function set, we revert the process by merging tool combinations with similar function
presence ratios. In this step, each vertex in the graph represents a tool combination.
The pairwise similarities between the 2" and y'" tool combination in the m'* function
set (.577,), calculated from Equation 3.2, are used to represent the edge weights. The
merged clusters replace the initial function sets derived from Step 3.2.3.1. A uniform
function set results in a complete graph with equal edge weights, and hence, returns a
single cluster upon clustering. The tool combination partitioning step and the merging
step are repeated until the function sets no longer splits. At the end, each function set
groups instances which performed similar analysis tasks together. The tool combinations
within each of those function sets are a group of unique tool pipelines supported by usage

evidences.

Sm = pmse . pmy (3.2)

wherem C M,2 C N,y C N,x #y

3.2.4 The recommendation models
The assumed tool selection process was used to guide the construction of
the recommendation models. Each of the competing models included different parts of

the variables in the process. Table 3.2 enlists all the models studied in this research.
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The table provides the log-likelihood equations used in each model to calculate the tool
rankings. Explanations of those equations are also given in the table. The notations
used in the equations are defined in Table 3.1. In addition, two approaches of time lag
models were explored. The first, Equation 3.3, accounts for the decline in influence of
the data over time. The second, Equation 3.4, models the effect of the trend direction
(the increase/decline of the loglikelihood over the years) on the log-likelihood. 7" is the
number of retrospective years used in the model. 7" = 5 was used in this study.
T

loglikelihood = "1, x A~ (3.3)

t=1

l

loglikelihood = [; 25 H=1 A ™! (3.4)
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Table 3.1: Definitions of the notations in the equations for tool recommendation rank-

ings

Notation Definition

Qs row-vector of query functions with each element corresponding to a
function in the function space

Qx row-vector of query keywords with each element corresponding to a
keyword in the keyword space

Quw row-vector of query stemmed words with each element corresponding
to a stemmed word in the stemmed word space

Fr matrix with each row corresponding to a function in the function space

and each column corresponding to a tool; values at each column are the
normalized function distribution of the tool

Tr diagonal matrix with the n'* diagonal element corresponding to the

n'" tool’s normalized popularity

matrix with the functions in the function space as rows and the initial

function sets (IFS) as columns; values at each column are the normal-

ized function distribtuion present in the IFS with IDF weighting

matrix with the functions in the function space as rows and the con-

verged function sets (CFS) as columns; values at each column are the

normalized function distribtuion present in the CFS with IDF weight-

ing

Sir matrix with the initial function sets (IFS) as rows and the tools as
columns; values at each row are the normalized prevalence of the tool
presences in the IFS with IDF weighting

St matrix with the converged function sets (CFS) as rows and the tools as
columns; values at each row are the normalized prevalence of the tool
presences in the CFS with IDF weighting

Cr matrix with the converged tool combinations (TC) as rows and the
tools as columns; values at each column are the normalized prevalence
of the tool presences in the TC with IDF weighting

K¢ matrix with the keywords as rows and the converged tool combinations
(TC) as columns; values at each column are the normalized prevalence
of the keyword presences in the TC with IDF weighting

We matrix with the stemmed words as rows and the converged tool com-
binations (TC) as columns; values at each column are the normalized
prevalence of the stemmed word presences in the TC with IDF weight-
ing

*IDF weighting is the inverse document weight which increases the importance of rare de-
scriptors and decreases the importance of generic descriptors
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Table 3.2: The tool recommendation ranking models, the used to calculate the tool

log-likelihoods, and the descriptions of the models

Model Log-likelihood Description
equation
ft In(Q¢Fr) The similarity of the tool’s function to the func-
tion query

ftqdrt0 In(Q;Fr(Tr)Y*)  ft model weighted by the 4" root of the tool’s
popularity (number of usages)

ftoctrtO In(Q;Fr(Tr)Y®)  ft model weighted by the 8t root of the tool’s
popularity (number of usages)

fthexdecrtO In(Q;Fr(Tr)Y/1%)  ft model weighted by the 16" root of the tool’s
popularity (number of usages)

ifs In(Q¢Fs,Sir) The prevalence of the tools in each initial func-
tion set (IFS) weighted by the similarity of the
IFS function distribution to the function query

cfs In(QsFs,, Smr) The prevalence of the tools in each converged
function set (CFS) weighted by the similarity
of the CFS function distribution to the function
query

ctsk In(QrKcCr) The prevalence of the tools in each converged
tool combination (TC) weighted by the similar-
ity of the TC keyword distribution to the keyword
query

ctss In(QuWcCr) The prevalence of the tools in each converged
tool combination (TC) weighted by the similar-
ity of the TC stemmed word distribution to the
stemmed word query

cfs_ctsk In(Q¢Fs,, Smr) + Log-likelihood of the converged function set in

In(QrKcCr) conjunction with the log-likelihood of the tool

combination (cts model)

cfs_ctss In(QsFs, Smr) + Log-likelihood of the converged function set in

In(QuWeCr) conjunction with the log-likelihood of the tool

combination (ctss model)

cfs_ctsk_ctss ln(Q 1Fs, Smr) + Log-likelihood of the converged function set in
In(QrKcCr) + conjunction with the log-likelihood of the tool
In(Q,WeCr) combination (cts model and ctss model)

foctrtQ_ifs  In(Q;Fr(Tr)Y®)+  ftocctrt) model used in conjunction with the ini-
In(QsFs, Sir) tial function sets

ftoctrt0_cfs ln(Q s Fr(Tr)Y/®)+  ftocctrtd model used in conjunction with the
In(Q¢Fs,, Smr) converged function sets

*The notations in the equations are defined in Table 3.1
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3.3 Evaluating the recommendation models
To determine the model which best mimics the tool selection behavior of the

field, precision rates and recall rates were measured according to the equations below:

Number of tools recovered
— 3.5
fecall Number of actual tools used (3-5)

Precision — Number of tools recovered (3.6)
recsion = Number of tools recommended ’

In real use, data of the past are used to recommend the future. Therefore, in
assessing the models built from data of year 7', input queries with known actual tools
used were generated from data of year 7' + 1. In models with time lag incorporated,
data of year T,1" — 1,7" — 2T — 3 and T" — 4 were used to build the models. The
recommendations were made based on top-N recommendations. Specifically, N tools
with the highest log-likelihoods were recommended from each model. The performance
assessments were done for N from 5 to 30 with an increment of five; 200 bootstraps at
each N with 1000 queries per bootstrap. Bootstrapping is used to estimate the samples
from the usage instance population. The significance of the performance differences

were compared using independent samples t test for selected models.
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CHAPTER IV
RESULTS AND DISCUSSION

4.1 Data Explorations

4.1.1 Describe the dataset

Data were retrieved, extracted, cleansed and stored using the methods de-
scribed in Chapter 3, Section 3.1. In summary, the dataset consists of 4832 unique tools
with at least one associated PMID, the unique identifier of an article indexed by PubMed.
These articles are referred to as seeds of each tool. 5672 seeds were identified. 10% of
the tools were associated with over one seed (see Figure 4.1). This implies a high degree
of tool discontinuity.

The seeds were published from a total of 290 journals. 60% of the seeds
were published in either Bioinformatics (Oxford, England), Nucleic acids research or
BMC bioinformatics (Figure 4.2). Figure 4.3 visualizes the publish date of each seed in
each journal. The plot shows the activeness of each journal in contributing to the tool

resource.

4.1.2 Describe publishing articles of the tools (seeds)

The publish date of a tool was defined as the most far back publish date
among the known seeds. The dataset covers tools published since July 1976 to July
2016. Rate of publication closely fits an exponential equation (Figure 4.4). A high
discontinuity rate was observed.

The emergence of tool functions was explored by plotting the tool publish
date against the function they were tagged with (Figure 4.5). The vertical blue lines links
tool functions tags which co-exist in the same tools. The spanning of the black lines
since their first appearance to the far most right and the high connectivity of function tag

co-existence suggests persistance of fuctions which appeared in the past till date.
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Figure 4.1: The distribution of number of seeds per tool in the dataset

4.1.3 Describe articles citing the seeds (citers)

The 5672 seed articles were queried to PubMed cross citation database via
their Entrez API to retrieve PMIDs of all articles citing them, the citers. 417433 citers
were identified as citing the seeds. 577 seeds have no citations to them. Figure 4.7
shows the number of citations each seed received against the seed’s publication date.
Though low number of citations are tended towards newer seeds as expected, correlation
in number of cites versus time was not observed. In other words, many tools remain
subtle despite their long existence.

Of those identified citers, 92466 articles (22.2%) cited only one tool via one
seed. 7207 articles (1.7%), though only citing one tool, cited more than one seed. The
majority, 317760 articles (76.1%), cited more than one tool. This infers that tools were
mostly used in conjunction, i.e. as tool combinations. If the combination consists of
highly similar funtionalities, the citer instance is tuitively likely to be a benchmark or
review article. Otherwise, if many functionalities were combined, a pipeline may have
been used. It should be minded that the one-fourth of citers which cited only one tool
may have actually used more than one tool but either the PMIDs they cited were not

indexed, or the tools were not included in the two tool lists used in this research.
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Figure 4.2: The number of seeds published in each journal

Figure 4.7 shows the relationship between the number of tools cited and the
number of seeds cited. The diagonal yellow line represents one seed per tool relation-
ship. The majority of citers did not cite several seeds per tool. The citing behaviors
which were inconsistent with the mainstream may imply differing citation semantics.

Figure 4.8 shows the number of keywords tagged to the citers during 1988-
2016 as a boxplot. Only a few of the citers in 2016 have their MeSH keywords tagged.
The availability of the keyword tags in 2015 were low compared the preceding years.
Based on the available tags, the emergence and activeness of the keywords over time
were examined in Figure 4.9. Waning of the emerged keywords was not apparent. Yearly
keyword prevalence was calculated as the proportion of citers containing a keyword to
the total citers identified in the year. The prevalence is visualized in Figure 4.10. From
the plot, the highly prevalent keywords were similar accross the years. These words

appeared to be common concepts in bioinformatics.
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4.2 Recommendation model constructions and evaluations

4.2.1 Function set derivations and the domain context

Data of the citers from year 2009-2016 were used to derive yearly function
sets as per the methods described in Chapter 3, Section 3.2.3. None of the function
sets derived from these years were able to be subpartitioned into clusters with differing
keyword attributes. This suggests that the keywords are similar among the citers in each
of the function sets. However, it cannot be assumed that the tools used were similar.
In the tool combination partitioning step of the function set derivation (as described in

Chapter 3, Section 3.2.3.2), a large number of subpartitions were found.

4.2.2 Evaluations of the recommendation models

Recommendation models were built from data of year 2009-2015, separately

for each year. Data from the adjacent subsequent year was used as input queries for
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Figure 4.3: The seed publish dates in each journal
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Figure 4.4: Rate of tool emergence overlaid with an exponential fit line (blue dashed)

the evaluations. The mean of the precisions and recalls from the bootstraps at each N
of the top-N recommendations were plotted in Figures 4.11-4.17. Overall, the model
performance rankings were consistent across all N’s. Model froctrtO appeared as the
best model for all the years followed by the fthexdecrtO model. Both models relies on
matching of query functionalities to the individual tools with their usage popularities
taken into account. The achieved recall rates of the two models at N=10 were all above
75% with precisions above 13%. In other words, from the ten tools recommended, 1-2
actual used tools were recovered and 0-1 of the tools used were missed. For one-fourth
of the instances, this is the highest achievale precision since they only cited one tool.
The ties between the two models were more observed in the more recent years.

The next runner ups were the ft_cfs, ftoctrtO_cfs, and ftqdrtO models. The
lesser fit of these models compared to the first two infers that the community considers
the tool popularities in general disregard of the analysis pattern being performed. For
the queries of 2013-20135, the performance of the three runner ups were comparatively
distant from the two best models than the other years. In year 2016, however, the ffoc-
trt0_cfs model had equivalent performances with the two best models. Likewise, the
ft_cfs model and the ft model performed very similarly. This suggests that the derived

function sets from the iterative clustering method closely resembles the actual analy-
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Figure 4.5: Emergence and activeness of the tool functions (black) and their co-

occurrence in a tool (blue)

sis patterns. It should be noted that the performance of the c¢fs model was indeed low.
An explanation is that the instances were only using a part of the recovered analysis
pipeline. And therefore, not offseting the tool rankings within the function sets with the
part desired results in a negative impact on the recommendation performance.

The midrange performing models were ft_ifs, ftoctrtO_ifs and ifs, respec-
tively. These models relies on the single step usage instance clustering. The inferior
performance of these models to the models utilizing iterative clustering confirms that
the iterative clustering method proposed in this research improves the quality of the
clusters. That is, the clusters are more homogeneous and better reflects the real patterns
in the data.

The domain context involved models (i.e. ctsk, ctss, cfs_ctsk and cfs_ctss)
performed poorly for all the years. Such result implies that the influence of domain
context on tool selection is low. Nonetheless, many tool combinations were identified
within the derived function sets. Future studies are needed to understand the underlying

factors of such differences.
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Figure 4.6: The total number of citations a seed received shown with respect to the

seed’s publish date

The fact that functionalities of the individual tools coupled with their global
popularities outperformed models with usage context incorporated (i.e. the combina-
tory of the functionalities needed and the domain context) is indeed a reflection of the
research practice in general. To publish a research, the methodology used must be agreed
by the publisher’s editor or reviewer. Such constraint biases towards the use of globally
popular tools and decreases the likeliness of trying out novel tools. A higher reputation
of the author is needed to convince that the novel tools are indeed more suitable in the
specific analysis context.

For queries generated from data of year 2014-2016, two approaches of 5-
years time lag models were built according to Equations 3.3 and 3.4 defined in Chapter
3, Section 3.2.4. Specifically queries from 2014 were used to assess the time 5-years
time lag models built from data of 2009-2013 (Figures 4.18 and 4.19); models from data
of 2010-2014 were assessed by queries from 2015 (Figures 4.20 and 4.21) and models
from data of 2011-2015 were assessed by queries of 2016 (Figures 4.22 and 4.23). Both

time lag models did not improve the best models built from one-year data. To aid the
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Figure 4.7: A heatmap of seed citing patterns (the number of tools cited versus the

number of seeds cited)

interpretations of the time lag models, recommendation models built from two and three
years in prior the queries were evaluated as well for these queries; performances shown
in Figures 4.24-4.29. The observed performance of models built from data of year 7' — 1
to predict the tool choices of year 7'+ 1 was similar to models from year 7'. The perfor-
mance highly dropped when using data of year 7" — 2. This suggests that the practices
considerable change after two years. An explanation of the performance decline could
be the rate of discontinuity observed in Figure 4.4 in conjunction with the growing us-
age of newer tools used by reputable pioneers. Identifying these early adopters may be
beneficial in accelerating the the disuse of discontinued tools, promoting the quality of

research results and knowledge derived.

4.3 Tool recommendations for function sets in 2016
Function distributions of the function sets derived from citers of 2016 were

queries against the ffoctrt0 model, the overall best fit model. Figure 4.30 is a screenshot
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Figure 4.8: Number of keywords tagged to each citer from 1988-2016

of the recommender user interface (UI) built. The UI provides a slider bar to nagivate
through all the function sets derived from data of year 2016. Once a function set is se-
lected, the top table in the page describes the function set through the top-5 functions
associated with it. Two function rankings were used, the term frequency (TF) and the
term frequency - inverse document frequency (TF-IDF). The table underneath gives a
list of top recommended tools for the functions associated with the function sets. The
plot on the right, the evidence clustering plot, shows the number of evidences supporting
each function set in a log10 scale. The subpartitioning of the function sets over the iter-
ations were also visualized to inform the users of the relationships among the function
sets. A highlight bar is overlaid on the plot to accent the function set which the user
is viewing. The interface is designed to provide a summarized view of the occurring
bioinformatics analysis patterns at a point in time. Experts in the field can review the
information to keep up-to-date with the status-quo. For newcomers of the field or users

who are reaching out for new analysis pipelines, the information provides an alternative
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Figure 4.9: The emergence of keywords in citers over time

to the approaches used today. Instead of tracing the literatures to identify the probable
candidate tools, the interface provides a targetted entry point to the relevant resources to

shorten their literature gathering and reviewing time.
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Figure 4.11: The precisions and recalls of the top-N recommendations for models built

from data of year 2009 queried by data of year 2010
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Figure 4.12: The precisions and recalls of the top-N recommendations for models built

from data of year 2010 queried by data of year 2011
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Figure 4.13: The precisions and recalls of the top-N recommendations for models built

from data of year 2011 queried by data of year 2012
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Figure 4.14: The precisions and recalls of the top-N recommendations for models built

from data of year 2012 queried by data of year 2013
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Figure 4.15: The precisions and recalls of the top-N recommendations for models built

from data of year 2013 queried by data of year 2014
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Figure 4.16: The precisions and recalls of the top-N recommendations for models built

from data of year 2014 queried by data of year 2015
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Figure 4.17: The precisions and recalls of the top-N recommendations for models built

from data of year 2015 queried by data of year 2016
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Figure 4.18: The precisions and recalls of the top-N recommendations for time lag
models built from data of year 2009-2013 (with declining influence) queried by data of
year 2014
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Figure 4.19: The precisions and recalls of the top-N recommendations for time lag
models built from data of year 2009-2013 (with trend adjustment) queried by data of
year 2014
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Figure 4.20: The precisions and recalls of the top-N recommendations for time lag
models built from data of year 2010-2014 (with declining influence) queried by data of
year 2015
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Figure 4.21: The precisions and recalls of the top-N recommendations for time lag
models built from data of year 2010-2014 (with trend adjustment) queried by data of
year 2015
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Figure 4.22: The precisions and recalls of the top-N recommendations for time lag
models built from data of year 2011-2015 (with declining influence) queried by data of
year 2016
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Figure 4.23: The precisions and recalls of the top-N recommendations for time lag
models built from data of year 2011-2015 (with trend adjustment) queried by data of
year 2016
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Figure 4.24: The precisions and recalls of the top-N recommendations for models built

from data of year 2012 queried by data of year 2014
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Figure 4.25: The precisions and recalls of the top-N recommendations for models built

from data of year 2011 queried by data of year 2014
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Figure 4.26: The precisions and recalls of the top-N recommendations for models built

from data of year 2013 queried by data of year 2015
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Figure 4.27: The precisions and recalls of the top-N recommendations for models built

from data of year 2012 queried by data of year 2015
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Figure 4.28: The precisions and recalls of the top-N recommendations for models built

from data of year 2014 queried by data of year 2016
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Figure 4.29: The precisions and recalls of the top-N recommendations for models built

from data of year 2013 queried by data of year 2016
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Bioinformatics tool recommendations, 2016

Function set number:

1 (1] 28

Top functions associated with the
function set:

tf_functions tf_score tfidf_functions tfidf_score
dna 1.00 dna 093
structure and 0.62 structure and 0
sequence feature sequence feature
detection detection
expression 0.56 gene regulation 0.64
gene regulation 0.56 tools for the: 0.52

bench
tools forthe bench ~ 0.38 expression 0.3

f = term frequency; tdf = term frequency - inverse document frequency

Top-10 recommended tools for the
function set:

tf_tool_name tf_score tfidf_tool_name tfidf_score
JASPAR 093  JASPAR 090
ALGGEN 0.91 EMBOSS 0.89

Mumber of evidences (log10-scaled)

Evidence clustering plot FAQ

itert er2 iera terd
Partitioning Reration

Figure 4.30: A screenshot of the tool recommender for function sets derived from data

of 2016
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CHAPTER V
CONCLUSION AND FUTURE WORK

This research gathered a list of known tools with associated PMIDs and
identified a large corpus of usage evidences through crosscitations to the PMIDs. From
the data, 90% of the tools were only publicized once. The result implies a high rate
of tool discontinuity. The number of tools grew exponentially. The data suggested the
current rate of practice change as two years. Keeping up with the changes requires
continuous resource monitoring and adaptation. To faciliate the task, tool recommenda-
tion models were developed to best mimic the choices in the scholar community. The
model fitting process inferred how the choices were made. Overall, tool functionalities
remained the dominant influential factor. The tool popularity plays a significant role as
well. Analysis patterns over the years, i.e. the converged function sets, were derived
through the clustering method developed in this research. Changes in the field are re-
flected through the change in these analysis patterns. Tool recommendations made for
each of the patterns can be compared between recommendation models learnt from dif-
fering years to monitor the change in tool preferences. A recommender was built to
illustrate one of the many ways the knowledge can be used. Though built on a lim-
ited number of indexed tools, the recommendation list appears to be reflective of the
community’s status-quo.

Many challenges are still awaiting for future researches, e.g. the appropriate
user query interface and the output format of the results. Informative output formats
can lead to future works in automating the tool setup process. In this research, usage
instances published in the scholar community is considered credible. Greater credibility
standards such as including only publications published in journals with certain levels
of impact factors can improve the quality of the recommendations. How the recom-
mender can be made openly assessible and remain up-to-date in the long run also needs

to be studied and be taken into action. Moreover, future improvements in tool indexing
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methodologies are needed to maximize the usefulness of the work developed during this

research.
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