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ABSTRACT:

Gene data is humongous and scattered over several datiorggodn addition, it is not
comprehensive as it is recorded in varied representafldvese are also very few tools
that represent this data in a user friendly format. Duehese reasons, it becomes
difficult for biologists to visualize the data and intetpgte meaning and infer intelligent
reasoning about genes. The National Center for Biotechnoldgyniation — Gene
Expression Omnibus (NCBI — GEO) provides the most comprehengiositay of
microarray gene expression data. The Gene Ontology (GOgsesys a controlled
vocabulary that describes genes and gene products. Curreetly eikist no systems that
leverage the GEO and GO data collectively, to reason abnas.g#/e hence developed
GXplain, which an intelligent reasoning system that offstudy advice about genes.
GXplain takes a Gene or GO term as input, analyses thmnaty of microarray
experiment results and gene product information — to come hpawdwers to questions
such as: “Is a gene interesting study?” GXplain offéis kind of “study advice” by
heuristic classification of gene characteristics using if-then-else rules. Furthesmo
GXplain's graphical presentation of the values of miai@arexperiments efficiently
summarizes the level of gene expression in different micgaxperiments. Given the
huge data, short time-span and the complex biological relai@naimongst genes, we
restricted our Knowledge Base to genes related to Insulin doi@&iplain is however
extensible — it can certainly widen its functional scapeen more computational
resources. Nevertheless, the complex nature of gene posea shaienges and there is
immense scope for the further development of GXplain.

1. INTRODUCTION AND PROBLEM STATEMENT

Biologists have traditionally found it very difficult tousty gene and gene product information because of
the high volume and complexity of gene data. This problem igpoonded by factors like inconsistency
of gene data and the lack of standards for representingdg¢smeThere is a compelling need to obtain a
more comprehensive representation of data — pertaininghafiotoarray experiment data and GO term
information from the Gene Ontology.

1.1. Background I nfor mation and Motivation

Why study microarray data? According to NCBI, GenBank is a comprehensive databasectimiins
publicly available DNA sequences for more than 165,000 namgzohisms and the INSDC (International
Nucleotide Sequence Database Collaboration) announced thesBdience database has exceeded 100
gigabases (Benson et al., 2005). Nevertheless, the biologitetidns of most of these genes are in
mystery. One possible way to solve the mystery of theses is through repeated measurements of their
RNA transcripts. For example, if we know that a certgine is only expressed in a specific organ under
a particular condition, then we might be able to infer theolgiohl function of that gene. People from
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functional genomics study gene function using microarray expesméticroarrays are artificially
constructed grids of DNA, such that each element of tliepgobes for a specific RNA sequence. The
expression value is reflecting how many copies of each gem@resent in a certain sample. These
expression values are standardized or normalized fitrefuanalysis.

The exponential increase of the number of microarrayeraxents necessitates the need to represent
microarray experiment results in a unified way, toaide to gather and represent useful information.
Often, researchers have to go back and forth between EBI and Gene Ontology (GO) datasets to
study characteristics of genes. Though the Gene Expressioib@{GEO) database has information
about microarrays experiments, there is no tool to exanattivisualize the data in a comprehensive and a
user-friendly format. More importantly, there is no apdien to intelligently reason over microarray
gene data and its association with GO database. GXgilgimpts to provide solutions to these problems.

1.2. Data

GXplain uses selected data from the GEO and the Gene Ontdlog GEO database contains data for
genes, gene expressions and microarray experiments (Edfja2@2). Each gene has unique ID called
Locuslink, and each spot in the RNA sequence of a gene ¢t@sesponding GSM number. Each GSM
has a unique microarray experiment measurement and this wédrors the expression level of a certain
gene in a specific biological sample. The GO databasaiosrtontrolled vocabularies for gene products,
and its three organizing principles of GO are biological ggsc cellular component, and molecular
function. The Uniprot ID uniquely recognizes each proteithe Gene Ontology. GXplain connects
GEO and GO databases by mapping Locuslink to Uniprot ID.

1.3. Questionsto Be Answer ed

GXplain answers two main questions: “Is This Gener&sing One to Study?” and “Which Gene(s) is
Interesting to Study a Specific GO term?” GXplain perf@reliminary reasoning over user input data—
Locuslink or Gene Name or GO term. It then heuristicalbssifies data to answer questions. These
answers to these questions are not only useful to expeddrologists but also to a person with little
background in gene data.

2. MATERIALSAND METHODS

An ontology is a specification of a conceptualization. The eptualization is the way we think about a
domain. Problem Solving Methods are abstract algorithmadiieving solutions to stereotypical tasks.

2.1 Ontology Description

We conceptualize the GXplain model as a system that usaslaination of the Gene Ontology and the
GEO (Gene Expression Omnibus) concepts. The Gene Ontologybésstitiee organizing principles,
viz. Cellular Component, Biological Process and Molec#anction, to describe a gene product (The
Gene Ontology Consortium, 2000). The GEO is a repositoryiarbarray expression data.

The aim of GXplain is to leverage the benefit of the G@nwlogy by wrapping it around the concepts of
the GEO. Figure 1 illustrates the concepts and relationshipe &Xplain model. The concepts used are:
GO terms (Biological Process, Molecular Function, CatluComponent), Gene, Locuslink, Protein,
GSM, GSM Title and Rank.
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Fig. 1: GXplain Ontology
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Concept Descriptions

Molecular FunctionDescribes activities at the molecular level.

Biological ProcessA series of events accomplished by one or more ordessemblies of molecular
functions.

Cellular Componentlt is just a component of a cell, with the proviso thas ipart of some larger
object, which may be an anatomical structure, or a gevgipr group.

Gene A fundamental physical and functional unit of hengdit
Locuslink A unique gene-identifier in the GEO Database.
Protein A large complex molecule made up of one or more chaiagofo acids.

GSM: A Sample record describes the conditions under whicimdividual sample was handled, the
manipulations it underwent, and the abundance measurement cfleasmt derived from it.

GSM Title The name of the tissue/organ/part that the samjalesisciated with.
Rank Rank normalized value which describes the level of egsfme®f a gene in a particular sample.

Relationships and Constraints

* One gene may be associated with more than one GO teRmsiBor CC).

* One gene may be associated with multiple GSMs.

* One GSM may be associated with multiple genes.

* One GO term may be associated with several genes.

* One GSM may be associated with only one GSM Title.

* One GSM may be associated with different Rank Valdesending upon the gene involved.
* One gene may be associated only with one protein.

» Each gene is uniquely identified by a Locuslink.

* For a particular GSM, one gene is associated with onlyamevalue.

The GXplain ontology follows the “bottom-up” approach. We halveeoved the data and identified the
relationships and constraints that exist within our syst&fter defining our questions, we were able to
extract relevant concepts and represent them in the GXQlatiology (see Fig. 1). It is relatively “light”,
as we have only described the concepts we used in our detiakimg and inference processes.

Since GXplain extensively depends on gene-specific ande@® specific information, we modeled a
“domain-specific” ontology that is closely tied with thesks that GXplain performs. It may not be
applicable for usage in non-biological domains, but can certhimlextended to include more concepts
and make more inferences about the gene behavior.

After finalizing our concepts, the next challenge was to comeith a representational structure for the
GXplain Ontology. We first identified the crucial featureguired:

* The representation should be able to represent date ofder of gigabytes of gene data.

* The representation should allow computationally tractatd¢ioas.

» It should be in a format that is easily “query-able”.

» It should allow cross-linking of data and concepts.

» It should aid in generating a fast and optimized outcome.

After a careful analysis of various representations,narowed down to representing data in Tabular
format in a Relational Data Base Management System.
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2.2 Problem Solving M ethod Development

In the GXplain project, we have tried to simulate the pbthetico-deductive approach”. Based on the
available data, we made some assumptions, and deduediyént reasoning. Thus, the results are
consistent with the assumptions, if not with the real dvdrhey have been listed below:

* The number of microarray experiments a gene is involvedates how well it has been studied.

* The number of GO terms a gene is associated witltisdtive of how “functional” the gene is.

* A Locuslink is assigned to a gene in the order in whichdtssovered.

» If the Rank Value of a Gene in a sample lies betweetoQl8), then it is “Very Highly Expressed”.
» If the Rank Value of a Gene in a sample lies betweeto@B, then it is “Highly Expressed”.

» If the Rank Value of a Gene in a sample lies betweeto4, then it is “Medium Expressed”.

» If the Rank Value of a Gene in a sample lies betweeto@24, then it is “Lowly Expressed”.

» If the Rank Value of a Gene in a sample lies betweeto@®, then it is “Very Lowly Expressed”.

In developing our Problem Solving Method, we have evaluatestalemethods including Propose-and-
Revise and Heuristic Classification. After an extensivalysis, we decided that Heuristic Classification
would be the most appropriate PSM for GXplain. Our ih#&t of rules performs “Feature Abstraction”
based on the above assumptions. A more complex rule set perdorimsuristic match” upon the
abstracted features to answer the question: “Whether aigeénteresting to study”. Once we get an
answer to this question, we further refine our solution tdude gene expression data and answer
guestions like: “In which samples is the gene highly expresaed”“Which samples is the gene very
specific to”.

We describe our Heuristic Classification as follows:

Input Data PSM takes in three types of inputs — Locuslink, Gena@&ar GO term.

Output Data Gene Features such as “Well-Studied” or “Not Well-S#dd)i “More Functionality” or
“Less Functionality”, and “Old” or “New” gene. These fa@ats become input data to more rules,
which GXplain uses to infer if a gene is interestingttwlg or not.

Constraints that establish relationships between InpuCaitigut Data

» Total Number of GSMs with respect to a Locuslink shdadchvailable

» Each Locuslink must have at least one GO term assoaitied.

» Rank Normalized Value of each Gene with respectaitt &SM must be available.
» Locuslink must be a valid positive number.

In Fig. 2, it can be observed that Rules 1, 2, 3 and 4 adetoisdstract “features” of a gene — its level of
expressiveness, whether or not it is well-studied and whethestar has more functionality. Once these
basic features are abstracted, Rules 5, 6, 7, 8 and 9 fuefivez them, and deduce if the gene is
interesting to study or not. These rules do a “heuristic mhatetween the outcome of the Feature
Abstraction Rules (1, 2, 3, & 4) and arrive at possible solsitidiimey don’t necessarily guarantee a
perfect outcome, but definitely suggest a list of possiblecowts. Rules 10 and 11 further refine the
results produced by the previous rules, to make more comptasiates such as which gene is more
specific to which GSM sample.

In a nutshell, Rules 1, 2, 3, 4 can be categorized as Fédistraction Rules. Rules 5 through 9 perform
Heuristic Matching and Solution Refinement. Rules 10 and Xhedurefine the results of the previous
rules (Please refer to the Appendix to view the Rule Séis is the process that works best with our
system — and this is what the Heuristic ClassificatiSiMRdvocates.
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2.3 Implementation Details

In the actual implementation, we have linked all of thecepts used through tables in a Relational
Database Management System. We used “procedural knowled@Xghain — i.e. knowledge is stored
as program code. This is usable within only a speciafiredlem-solving context and is highly useful in
that domain context. Due to the unimaginable enormity ot&m@s and the GEO Datasets, and to build a
feasible, working application given the short duration, weehastantiated the ontology through the GO
term “Insulin Secretion” and all the terms associatét it

The Knowledge Base contains propositions about the domain centeéXplain, we have used data
from the Gene Ontology and the GEO Relational Database Tablesir domain knowledge. In our
actual implementation, we selectively joined several fale the GEO database to get our own
customized table with fields Locuslink, GSM, GSM TitladaNormalized Rank Value. Another table is
related to Gene Ontology — it has fields Locuslink, Gene &Ja@0O term, GO term Annotation and
Number of Experiments. The two tables are linked through dleaslink, and this is how we obtain the
necessary relationship between GEO and GO.

As per Rudolph’s recommendations (Rudolph, 2000), we chose ta Rs#e-based system as there is
significant decision making involved. The decisions made by themyare not very intuitive. The rules
are static, but more rules could be added to infer mboat genes and their effects. These are the reasons
why we chose a rule-based system. An Inference Engine m®nadcedures that operate on the
propositions made in the Knowledge Base. We have implemeuntediference engine as a Rule-based
system (with a set of If-Then and If-Then-Else ruldst tinfers intelligent reasoning if the domain
knowledge satisfies some constraints.

At the Client side, we built a simple-to-use User Integfasing HTML and JavaScript, which accepts
user input (i.e. Locuslink or Gene Name or GO term). Wd &$¢P Scripting language to implement the
Inference Rules and make intelligent reasoning upon theTaaentire application is deployed as a Web
Service through an Apache Web Server.

3. RESULTS/APPLICATION BUILT

GXplain uses the Knowledge Base (as described in sectiora@dlHeuristic Classification Problem
Solving Method for inferring useful information about a gena @O term. It provides a comprehensive
overview of genes and GO terms and gives research adviceidiging them. One important feature of
GXplain is that it not only gives study advice but it also gittee reasons behind suggesting particular
advice. The User Interfaces is simple to use and easynderstand — this helps people with little
knowledge of genes to understand why a gene is interestingiio st

3.1. Description of GXplain application

When the GXplain application is invoked, the user can choogebetthree choices to enter: Locuslink,
Gene Name or GO term.

Output for a L ocuslink/Gene Name |

1. Gene Overview: It presents a summarized display of tleadliok, the Gene Name and the
associated GO terms.

2. Graphical Representation of the Gene in Microarray exgets: This plots a bar graph that
displays a categorized view of gene expression values ofi¢h& in different experiments. The
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classification into five categories, i.e. “Very Highixpressed”, “Highly Expressed”, “Medium
Expressed”, “Lowly Expressed” and “Very Lowly Expressedg’done using the normalized rank
values of the gene in different samples.

3. Inferences section: It answers the primary question whathene is “interesting” to study or not.
It also lists out answers to several other smallestiures which are involved in answering the
above big question.

Output for aGO term |
1. Lists all genes (and their Locuslinks) associated withG®eterm. User can click a gene for
further study of a gene using GXplain.

2. GXplain uses Heuristic Classification and predicts wigiehes are useful for the study of this
GO term.

3.2. Knowledge inferred by GXplain

The primary aim of GXplain is to give study advice for angeand a GO term. For a given
Locuslink/Gene Name it provides following knowledge along wititlgiadvice:

* OQverview of a genand GO terms associated with it.

» Degree of presence in the bodyepending upon gene’s data in different categories (High,
medium, low), it infers about its existence in the body.

For instanceRulel IF a gene is highly expressed in most of the experimentdNTIHE present
almost everywhere in the body.

* Functionality of a geneBy counting the number of GO terms associated witfene, GXplain
can predict the functionality of a gene.

For instanceRule2 IF a gene has more than two associated GO terrhsitiHEN this gene is
more generic and performs several functions.

 Age (discovery) of a geneThe Locuslink is given to a gene depending upon when it is
discovered. A higher Locuslink number than the mean Locuslinlbbauimdicates that this gene
is relatively new.

For instanceRule4 IF Locuslink > mean Locuslink THEN gene is recently discede

» Interest levelInterest level for further study or for performing esipents with a gene can be
inferred depending upon the gene’s age and data.

For instanceRule 8 IF a gene is newly discovered AND it is not well-stadieHEN it is useful
to further study the gene. Similarly, there are several othraplex rules to predict interest level
of a gene.

» Samples where gene is highly expressed or specifiGXplain also predicts the most relevant
sample title for the given gene be analyzing gsm title sn@dnk value.
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For a GO term GXplain infers following knowledge:

» Nature of genes associated with a GO te@Xplain lists all genes associated with a GO term
and provides the link for studying the gene individually using GXptaiowledgebase for the
gene.

» List of genes which are most interesting for the studygi’an GO termGXplain lists relevant
genes for a GO term by analyzing over GO term, assocgerds, degree of expressiveness,
amount of data available and its age.

4. DISCUSSION

As discussed in earlier sections, GXplain successfullyiges research advice for a gene and a GO term
along with reasons behind it. In addition, GXplain is alsccessful in summarizing and representing
microarray experiments data in a comprehensive formatigh graphical representation. This is unique
since, most of the formal ontological analysis of gene egjmmeslata and Gene Ontology has focused on
getting a GO term for the genes that are highly expregdedr{ and Dadhichi, 2005)

4.1 Benefits and L imitations
Benefits of our implementation: GXplain adheres to all the three properties of reasonsigis\s:

1. SoundnesKnowing that if a query is asked of the system, the tredlilbe logically consistent
with all other propositions in the KB (you will get rightsaver)

2. CompletenessKnowing that if it is possible to conclude a given propogsitfrom a set of
axioms, the system indeed will be able to make that conalu§iou will get all the answers)

3. Decidability Knowing that if a query is asked of the system, the systdl indeed return a
result in a reasonable period of time (i.e. you will geaaswer)

Limitations of our implementation: The Gene domain is very complex and there are no standard answers

to many questions. GXplain makes some assumptions for deducing inferences about a gene or a GO term.
Some of these assumptions may be imprecise in the biolggicadective. The other limitation is that
GXplain’s functionality is restricted to the Insulin domattowever this can be easily be extended to
other domains.

4.2 Ontology/Data structur es

For representing ontology of GXplain we evaluated many aailoptions including First Order Logic,
Frames, Semantic Network and Database Schema. Theaimaimas to optimize data representation and
data extraction as GXplain's data is of the order of gigghyWe also needed a more tractable system
than a more expressive system. First Order Logic (FOWleiy expressive but not tractable, so that
option was ruled out. Concepts in GXplain are not hiefeathnd there is no need of inheritance of data,
so Frames also were not a suitable representation faystem.

Relational Database schema offers an efficient wastafng and extracting data. In addition, RDBMS
provides an easy way of merging different databases togethieh was a key requirement in our system
for mapping GEO and GO. Moreover, structure of RDBMS (My${ent-server architecture) is more

suited for a web application like GXplain. A possible disadage of this representation is its lack of
expressiveness. However, in GXplain, expressiveness iskegtraquirement.
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4.3 Algorithms/PSM s

GXplain uses Heuristic Classification for inferring knowledgleout a gene or a GO term. The
Underlying rules are divided into Feature Abstraction rules $oidtion Refinement rules. We chose
rules and heuristic classification for GXplain because itls¢e answer several smaller questions before
answering the main question. It also makes our systera extensible by allowing addition of new rules.
However, unlike MYCIN (Clancey, 1997), we chose forward wingj because we did not have a goal at
start but we had rich data.

We also considered propose- and-revise and cover-andediitgie PSMs for GXplain, but it did not suit
our specific requirement as GXplain does not do repeatedtypotg or iterative matching. We could
also use a Bayesian Belief Network for associating vigighoutput(s) of GXplain. However, given that
we have a large amount of data, it may make our systenpwtationally infeasible. . Similarly, open
world assumption of DL makes DL unsuitable for GXplain.
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GLOSSARY - Concept and cross-references ariadhc

Body Tissue: Organ or cell-type.

Expression (value): Value that correlates with how many copies of each gextésipresent in a certain
tissue-mixture.

DNA: building blocks for genes. DNA are translatedRMA. Sometimes refered to as the genetic code
since it is responsible for the genetic propagation of mbstited traits.

Expressiveness. Being able to say everything you would like about the woeithg modeled.
Gene: Used in the definition of the DNA-sequence, and is noesgarily equal to thgene product.
Genel D: number unique for each gene. Also knowh.esuslink, developed by NCBI (American).
Gene Ontology: Ontology for classifying genes (The Gene Ontology Consorta@®0).

Gene Product: Protein or functional RNA.

GEO: Gene Expression Omnibus — a database collecting almasicedlarray-data in the world (Edgar
et al, 2002).

GSM: identity of every microarray-value

GXplain: A System that Supports Biological Research using Infoomdtom GEO Database and the
Gene Ontology.

Locuslink: Number unique for each gene. Also knowrGaselD.

Microarray: Biochemical experimental methods that tells about ganks expression in different
body tissues.

Normalization: statistical approach that makes different kinds of oaigiay data comparable.

Pathway: (or biological pathways). Used as an overall title tafrge or small biological functional
network.

Rank(value): Normalization method used by Dr Atul Butte to make theroairray-data comparable.
RDBMS: Relational Database Management System, where knowledg®dsl as program code
RNA(MRNA): Translated fronDNA. Translategene into gene product.

Tractability: Knowing that the inference is decidable and computatioeéilsient.

Uniprot, Unique ID for a protein, developed by EMBL (European)

CODE SUBMISSION: Attached

PROGRAM EXECUTABLES: Attached

INSTRUCTIONSON RUNNING GXPLAIN: Currently, GXplain is not available publicly. But if néoed, we
can switch our server on, which can be accessed pt/ftashmi.stanford.edu”. An alternate approach for

running the code is to create a virtual host and put the filpablic_html/cgi-bin folder of the host. The
Server should load PHP module and should support GD librdryRugraph.

11
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SAMPLE DATA:

Gene Name Locuslink | Process Function
DOK3 1795 | Insulin Receptor Binding MF
GRB14 2888 | Insulin Receptor Binding MF
IRS4 8471 | Insulin Receptor Binding MF
SRBS1 10580 | Insulin Receptor Binding MF
FRS3 10817 | Insulin Receptor Binding MF
LIPS 51534 | Insulin Receptor Binding MF
PHIP 55023 | Insulin Receptor Binding MF
LIP4 57060 | Insulin Receptor Binding MF
LIP6 85406 | Insulin Receptor Binding MF
AHSG 197 | insulin receptor signaling pathway BP
AP3S1 1176 | insulin receptor signaling pathway BP
GAB1 2549 | insulin receptor signaling pathway BP
GRB10 2887 | insulin receptor signaling pathway BP
IGF1R 3480 | insulin receptor signaling pathway BP
IGF2 3481 | insulin receptor signaling pathway BP
PDPK1 5170 | insulin receptor signaling pathway BP
PIK3R2 5296 | insulin receptor signaling pathway BP
PIK3R3 8503 | insulin receptor signaling pathway BP
SORBS1 10580 | insulin receptor signaling pathway BP
SIK2 23235 | insulin receptor signaling pathway BP
CAMK2G 818 | Insulin Secretion BP
PPARD 5467 | Insulin Secretion BP
SNAP25 6616 | Insulin Secretion BP
STX1A 6804 | Insulin Secretion BP
GAL 51083 | Insulin Secretion BP
FAM3B 54097 | Insulin Secretion BP
FAM3D 131177 | Insulin Secretion BP
CTGF 1490 | insulin-like growth factor binding MF
IGFALS 3483 | insulin-like growth factor binding MF
IGFBP1 3484 | insulin-like growth factor binding MF
IGFBP3 3486 | insulin-like growth factor binding MF
INS 3630 | insulin-like growth factor binding MF
insulin-like growth factor binding protein
CG11910 3483 | complex CC
insulin-like growth factor binding protein
Igfbp3 3486 | complex CC
insulin-like growth factor binding protein
Igfbp5 3488 | complex CC
insulin-like growth factor binding protein
CG32055 39188 | complex CC
IGF1R 3480 | insulin-like growth factor receptor activity MF
MPRI_HUMAN 3482 | insulin-like growth factor receptor activity MF
IGF1 3479 | Insulin-like growth factor receptor binding MF
IGF2 3481 | Insulin-like growth factor receptor binding MF
YWHAG 7532 | Insulin-like growth factor receptor binding MF
YWHAH 7533 | Insulin-like growth factor receptor binding MF
SOCS1 8651 | Insulin-like growth factor receptor binding MF
FAM3D 131177 | Negative Regulation of Insulin Secretion BP
regulation of insulin receptor signaling
AHSG 197 | pathway BP
regulation of insulin receptor signaling
SIK2 23235 | pathway BP
PPARD 5467 | Regulation of Insulin Secretion BP
SNAP25 6616 | Regulation of Insulin Secretion BP
STX1A 6804 | Regulation of Insulin Secretion BP
FAM3D 131177 | Regulation of Insulin Secretion BP

12
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How TO ADD ADDITIONAL DATA: GXplain has a link on the Home Page for adding data. Afigking
the link, user is directed to a new page where he candattein text boxes and can submit it.

Rules
Rule 1 a. IF ageneis Low Expressed THEN the gene isnpriesgpecific tissues.
b. IF a gene is Medium Expressed THEN the gene is moderptekent
everywhere.
c. IF ageneis High Expressed THEN the gene is presenttesre.
Rule 2 a. IF a gene has more than two GO terms assdawith it THEN the gene is
more functional.
b. IF a gene has less than two GO terms associatedt WittEN the gene is less
functional.
Rule 3 a. IF a gene is present in more than average nwhbgperiments THEN gene

is well studied.
b. IF a geneis present in less than average number ofragpes THEN gene i$
not well studied.
Rule 4 a. IF a locuslink number is greater than thennbeeus link number THEN the
gene is recently discovered.
b. IF alocuslink number is less than the mean locksninmber THEN the genge
is discovered long time back.

Rule 5 IF a gene is (not well studied) AND (old), THEN tpene may not be
interesting to study.

Rule 6 IF a gene is (not well studied) AND (new) THEH g¢fene could be interesting
to study.

Rule 7 IF a gene is (new) AND (more functional) THEN the gengd be interesting
to study.

Rule 8 If a gene is (old) AND (well studied) THEN the genalisady studied and
may not be interesting for further study.

Rule 9 IF a gene is (well) studies AND (not functionaJEIN the gene is not very
interesting to study.

Rule 10 IF a gene is (interesting to study) AND (highly esped) THEN suggest
tissues where the gene is highly expressed.

Rule 11 IF a gene is (interesting to study) AND (low exp@sd HEN this gene is

—

specific to an organ and this gene is good to study thl@inorSuggest tha
organ where it is specific to.
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