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Summary

We have taken a first step towards learning which upstream Open Reading Frames (UORFS)
regulate gene expression (i.e., which uORFs are functional) in the $aasharomyces
cerevisiae We do this by integrating data from several resources and combining a bioinfor-
matics tool, ORF Finder, with a machine learning technique, inductive logic programming
(ILP). Here, we report the challenge of using ILP as part of this integrative system, in order
to automatically generate a model that identifies functional UORFs. Our method makes
searching for novel functional UORFs more efficient than random sampling. An attempt
has been made to predict novel functional uUORFs using our method. Some preliminary
evidence that our model may be biologically meaningful is presented.

1 Introduction

Regulation of gene expression is central to biology. However, a holistic regulatory mecha-
nism of gene expression is still far beyond current knowledge in biology. This is mainly be-
cause very little is known about regulatory elements. In this research, we explore the pos-
sibility and challenges of combining a machine learning technique, inductive logic program-
ming (ILP) [14], with a bioinformatics tool, ORF FindeR[l] (http://bioinformatics.

org/sms/orf  _find.html ), to data integrated from several data resources (Saccharomyces
Genome Database, EMBL Database and the supplementary matefi@])ab[learn about one

of the regulatory elements, namely the upstream Open Reading Frames (UORFs), in the yeast
Saccharomyces cerevisiako the best of our knowledge, this is the first time that such a com-
bination has been applied to this particular domain.

Given a set of UORFs which regulate gene expression, the learning task for ILP is to automati-
cally generate a model (a set of rules) which can then be used to predict whether unseen uORFs
regulate gene expression. This task has become very important to biologists because it could
lead to a deeper understanding of how UORFs are involved in the regulatory mechanism of gene
expression. This learning task is very challenging because lab experiments to test whether a
gene contains functional UORF(s) are costly and time consuming, and currently available data
are incomplete and of poor qualit][


http://journal.imbio.de/
http://bioinformatics.org/sms/orf_find.html
http://bioinformatics.org/sms/orf_find.html

Journal of Integrative Bioinformatics 2006 http://journal.imbio.de/

transcription translation
DNA — ¥ RNA — Protein
in nucleus in cytoplasm

Figure 1: From DNA to protein

[ 5'UTR [Coding sequenceI 3' UTRJ

UC... AUARUQUGGCCATAACGAA...AUCARUQCG... AAMAAUAUUAGGAAUAU... AAAAA
uORF

Figure 2: Simplification of mMRNA structure. A, U, G, and C are RNA’s bases. A codon is a triplet
of bases. AUG is the start codon. A stop codon can be UAA, UAG, or UGA. A’BJTR may have
zero or more UORFs.

A model organism such aS. cerevisiaeamakes it possible to design experiments to verify
whether particular uUORFs do indeed regulate translation. Our work is directed towards helping
to select sets of candidate functional UORFs for such experimental studies.

This paper is structured as follows. Sectibadescribes the biological background, motivation,

and objectives of this study. SectiBintroduces the machine learning technique used, namely
inductive logic programming. The data used in this study, and the way in which examples and
background knowledge are represented, are introduced in Sdct@ttiorb describes the ILP
training method used to generate a model for predicting functional uUORFs. Sedesaribes

the performance measure used. The results of using the ILP-generated model to predict novel
functional uORFs ir8. cerevisia@are presented in Secti@nSome related work is discussed in
Section8. Finally, Sectior® concludes the paper and discusses some future research directions.
Supplementary material for the study presented in this paper is availabtgdtwvww.
comp.rgu.ac.uk/staff/chb/research/data _sets/jib2006/uORF/

2 Biological Background, Motivation, and Objectives

Deoxyribonucleic acid (DNA) carries a complete set of instructions for making all the proteins
a living cell will ever need. A segment of DNA which contains the information for protein
synthesis is called a gene. Transcription of DNA produces ribonucleic acid (RNA) molecules
which will be used to produce proteins (see Figlire

One group of RNA molecules, called messenger RNA (MRNA), carries the instructions from
DNA out of the nucleus into the cytoplasm for protein synthesis. mMRNAs contain untranslated
regions (UTR) at theirmnd 3ends (see Figu®. These UTRs, specifically thé 8TR, are
known to play several key roles in post-transcriptional regulation of gene expre&d4iatD]

20, 3, 26, 19]. However, it is not yet clear through what mechanism the UTRs regulate the
translation process.

One of the regulatory elements that may be present in'tb@R is the upstream Open Read-
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ing Frame (UORF)17]. A uOREF is identified by the presence of both a start codon before
(i.e. upstreamof) the start codon of the main coding sequence, and an in-frame stop codon,
as illustrated in Figurd. Research has revealed that several transcribed uORFs regulate the
translation process (i.e., they dwactiona) (e.g. R4, 25, 5, 3, 6]), while a few others do not

(i.e., they arenon-functiona) [11]. To get a better understanding of how uORFs regulate the
translation process, it is important to first identify which uORFs are functional.

We have collected a set of 51,904 crude uORFs from 5,602 genes of th&yeastvisiacWe
describe this set as crude because it consists of uUORFs which can be transcribed within mRNAs
and those which cannot; uORFs which can regulate gene expression will only be found among
the transcribed ones. One approach to searching for functional UORFs would be to sample
genes at random and test their uUORFs in the laboratory. The most direct test to verify that the
UORFs are transcribed and whether they are functional is by measuring the levels of mMRNA and
protein of the native gene in its proper chromosomal con@xtuch experiments are costly

and time-consumingx 4 man-months per gene, Sunnerhagen, P. personal communication).

It has been suggested that no more than 10% of the yeast genes will have one or more functional
UORFs [LO] and each of these genes will on average have two functional uUORFs (Sunnerhagen,
P., personal communication). Thus, if one searched for functional uUORFs by selecting genes at
random from the set of 5,602 genes and testing them in the lab, then on average it would take
~ 20 man-months to find a single functional UORF. Therefore, an automated learning method
to recognise functional UORFs is essential to support experimental lab work aiming to discover
and verify functional uUORFs in a cost-effective way. To date, no such method is available.

The importance of functional uUORFs to uncovering the regulatory mechanism of gene expres-
sion and the need for an automated learning method to recognise functional uUORFs motivated
this study. Our objectives are: to automatically generate a set of rules (a model) which identifies
functional uORFs using inductive logic programming; and then to use the resulting model to
predict novel functional uUORFs.

3 Inductive Logic Programming

Inductive logic programming (ILP)] is the area of Artificial Intelligence which deals with the
induction of hypothesised predicate definitions of a concept (such as functional uUORFs). Unlike
most ML techniques, ILP is able to bias inference to take into account expert knowledge, such
as existing knowledge of biological structures and phenomena. Such knowledge is referred
to asbackground knowledgmm ILP. ILP algorithms take examples of the concept, together
with potentially pertinent background knowledge about the concept, and construct a hypothesis
which explains the examples in terms of the background knowledge.

The declarative representation of examples, background knowledge and the induced hypotheses
in ILP can be easily translated to English. Consequently biologists can help with the selection
and integration of appropriate background knowledge and the final dissemination of discoveries
to the wider scientific community.

In ILP we can represent knowledge in either an intensional or extensional m&hn€npwl-
edge is described extensionally by listing the descriptions of all of its instances. For example,
the lengths of all the uUORFs. However an extensional definition can be undesirable for a number
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Table 1: Detailed composition of prediction made by ORF Finder R1]

Number of Genes Transcribed uUORFs Other uORFs
Functional\ Non-functional\ Unknown | (Not known if transcribed)
8 20 - - 269
17 studied genes 2 - 2 - 8
7 - - 8 103
5,585 other genes - - - 51,494
[ 5,602 genes | 20 | 2 | 8 | 51,874]

of reasons, including the fact that the number of instances can be large. An intensional descrip-
tion is more compact and often takes the form of rules. For example a rule which identifies the
shortest uUORF in a UTR (see Tad)e

4 Data and Knowledge Representation for ILP

The collection 0of 51,904 uORFs from 5,602 genes of the y@astrevisiagvere collected using

ORF Finder R1] (http://bioinformatics.org/sms/orf find.html ). Because

the length of 5UTR are only known for a small number of genes (only 248 genes can be
assigned unambiguously from European Molecular Biology Laboratory (EMBL) database),
ORF Finder was used to search for Open Reading Frames (a series of triplets of bases, which
starts with a start codon and ends with a stop codon) in the intergenic (between two genes)
sequences of the yeaSt cerevisiae The lengths of intergenic sequences are taken from the
supplementary material 01§].

17 of these 5,602 genes have been well-studied and are documented to have uORFs transcribed
within their mRNAs, as summarised i&,[24] The detailed composition of our data is sum-
marised in Tabld. Recently, Zhang and Dietrict2$] reported 15 new genes which contain
UORFs transcribed within their mMRNAs. However, we did not include their findings for our
experiments, rather we used their findings for the purpose of analysing the results of our ILP
experiments (see Secti@h

Since our goal is learning to recognise which uORFs regulate gene expression, we can consider
this learning task to be a classification problem. Ideally a typical classification system in ma-
chine learning learns from a mixture of positive and negative examples. In this domain, positive
examples would be uORFs that are transcribed and regulate gene expression (i.e., functional)
and negative examples would be uORFs that are transcribed but do not regulate gene expres-
sion (i.e., non-functional). The uORF data from 5,585 genes (see Tahte all unclassified.
Hence, for the training stage in this study, only the uORF data of the 17 studied genes were
used.

As summarised in Table among the uORF data of the 17 studied genes, 20 uORFs have
been verified experimentally as functional. These were used as positive exanzplps3]]
summarised that there are only 2 uORFs from 2 genes which have been verified to be non-
functional. Therefore, there were only 2 negative examples in our data set. The rest of the
transcribed uORFs (8 uORFs) and all other uORFs (which are not known to be transcribed)
for those 17 gene<¢9 + 8 + 103 = 380 uORFs) were used as randoms. Here randoms are
data that are likely to be negative, although there is still a small probability that the data are
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Table 2: Detailed uORF composition from 17 studied genes within the prediction made by ORF
Finder [21]]

Gene Systematic | Transcribed| Other Positive | Negative| Random
Name Name UORFs| uORFs| Examples| Examples| Examples
CLN3 YAL040C 1 7 1 - 7
GCN4 YELOO9C 4 15 4 - 15
HAP4 YKL109W 2 26 2 - 26
TIF4631 | YGR162W 5 202 5 - 202
YAP1 YMLOO7W 1 3 1 - 3
YAP2 YDR423C 2 - 2 - -
HOL1 YNRO55C 1 15 1 - 15
PET111 | YMR257C 4 1 4 - 1
SCo1 YBRO0O37C 1 4 - 1 4
CBS1 YDL069C 1 4 - 1 4
INO2 YDR123C 1 9 - - 10
PPR1 YLRO14C 1 2 - - 3
URA1 YKL216W 1 13 - - 14
LEU4 YNL104C 1 12 - - 13
RCK1 YGL158W 2 49 - - 51
DCD1 YHR144C 1 17 - - 18
SCH9 YHR205W 1 1 - - 2
\ 17 Genes\ \ 30 \ 380 \ 20 \ 2 \ 388 \

“Names are taken from SGD (http://www.yeastgenome.org).

positive. The detailed uUORF composition from 17 studied genes within the prediction made by
ORF Finder is described in Tali?e

Given the characteristics of the data (i.e., the number of negative examples is too few compared
to the positive examples, and there is an abundance of random examples), we explore learning
from positive and random examples only. For that purpose, we used the positive-only setting
[16] of CProgol [L5] version4.4 L3]. CProgol4.4 is an inductive logic programming (ILP)
system, which has been applied in another domain with these characteristicdZp.g. [

CProgol 4.4 was instructed to learn a predidads_functional_role/1 from a set of
training examplesPositive examples were represented as ground unit clauses of the predicate
has_functional_role(X) , WhereX is a uORF ID. A uORF ID is a composite of the
systematic name of the gene to which the uORF belongs (e.g., those listed in second column
of Table2) and a uUORF identifier (e.g., UORF1, uORF2, etc.). The set of positive examples
was divided into two parts, with two thirds (14 uORFs) of the data set used for training and
the remaining one third (6 uORFs) used for testing. The @8&lom examples were also
partitioned, with two thirds used for training and the remainder used for testing.

In addition to positive and random examples, the ILP system was provided with extensional
and intensional background knowledge.

Extensional Background Knowledge.[24, 2] suggested several important features that can
determine the impact of a UORF on post-transcriptional gene expression, such as: the distance
of the uORF from the start of the coding sequence in bases; the sequence context (the frequency
of AU and GC base-pairs) upstream of (before) the uORF’s start codon and downstream of
(after) the uORF’s stop codon; and the length of the uORF in codolsL S related properties,

such as the number of UORFs predicted by ORF Finder in the intergenic sequence, the length
of intergenic sequence, and the relationship between UTR and uORF were also included (see
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Table 3: Predicates representing background knowledge of uUORFs and UTRs. A set of ground
unit clauses was generated for each predicate.
UORF(X,Y,Z) whereXis a UORF ID)Y is the distance oX from the start of coding
sequence, and is the length oiX.
utr(X,Y,2) whereXis a UTR ID,Y is the number of uORF that has, and is
the intergenic sequence length betweesnd the previous gene.
has_ UORF(X,Y) whereXis a UTR ID andY is the uORF ID of one oK's UORFs.
belongs_to(X,Y) whereXis a UORF ID andr' is a UTR ID to whichX belongs.
context(X,Y,Z) whereXis a UORF ID,Y andZ are the frequencies of AU and GC
within 20 bases downstream ¥ stop codon.
up_context(X,Y,2) whereXis a UORF ID,Y andZ are the frequencies of AU and GC
within 20 bases upstream ¥fs start codon.

Table 4: Intensional Background Knowledge’

has_shortest_dist_in_ UTR(UORF):-
UORF(UORF,ShortestDist,_), belongs to(UORF,UTR),
setof(Dist,(has_uORF(UTR,UORFX),uORF(UORFX,Dist, )),List),
List = [ShortestDist|_].

has_shortest_len_in_UTR(UORF):-
UORF(UORF,_,ShortestLen), belongs_to(UORF,UTR),
setof(Len,(has_uORF(UTR,UORFX),u0ORF(UORFX, ,Len)), List),
List = [ShortestLen|_].

gcrich_down_up(UORF):- aurich_down_up(UORF):-
context(UORF,Au,Gc), Gc > Au, context(UORF,Au,Gc), Gc < Au,
up_context(UORF,A,G), G > A. up_context(UORF,A,G), G < A.

gcrich_down_aurich_up(UORF):- gcrich_up_aurich_down(UORF):-
context(UORF,Au,Gc), Gc > Au, context(UORF,Au,Gc), Gc < Au,
up_context(UORF,A,G), G < A. up_context(UORF,A,G), G > A.

2CProgol's built-in predicate setof(X,P,[) produces a list L of objects X that satisfy P. L is ordered and duplicate
items are eliminated.

Table3).

Intensional Background Knowledge.The declarative rules shown in Taldleapture concepts

that are potentially useful for helping to identify functional uORFs, and therefore might be
included in the hypotheses induced by the ILP system. We matched the verified functional
UORFs from 4, 2] to the uUORF data obtained using ORF Finder. From this, we observed that
majority of the functional uORFs are the closest one to the main coding sequence. Therefore,
we defined a rule that identifies whether a uORF is closer to the coding sequence than all
others within the same gene. Verified functional uORFs are often very short, so one might be
interested to identify the shortest uUORF of each geP®&.4] suggest that the sequence context

of a UORF’s start and stop codons have an impact on translation. Therefore, we defined rules
that examine the abundance of AU and GC base pairs immediately upstream and downstream
of each uORF.
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Table 5: Mode declarations for generating a model that identifies functional u~UORF$

:- modeh(1,has_functional_role(+uORF))?

- modeb(1,uORF(+uORF,-distancefromstart,-codonlength))?
- modeb(1,belongs_to(+uORF,-utr))?

- modeb(1,utr(+utr,-numberofuORF,-intergeniclength))?

- modeb(1,+distancefromstart=< #int)? :- modeb(1,+codonlength=< #int)?
:- modeb(1,+distancefromstart>= #int)? :- modeb(1,+codonlength>= #int)?
- modeb(1,+distancefromstart= #int)?  :- modeb(1,+codonlength= #int)?
- modeb(1,+intergeniclength=< #int)? - modeb(1,+numberofuORF=< #int)?
- modeb(1,+intergeniclength>= #int)? - modeb(1,+numberofuORF>= #int)?
- modeb(1,+intergeniclength= #int)? - modeb(1,+numberofuORF= #int)?

.- modeb(1,has_shortest_dist_in_ UTR(+uORF))?
:- modeb(1,has_shortest_len_in_UTR(+uORF))?
:- modeb(1,gcrich_down_up(+uORF))?

- modeb(1,aurich_down_up(+uORF))?

:- modeb(1,gcrich_down_aurich_up(+uORF))?

- modeb(1,gcrich_up_aurich_down(+uORF))?

“modeh describes the clauses to be used in the head of a hypothesis, and modeb describes the
clauses to be used in the body of a hypothesis.

5 Generating a Model that Identifies Functional uUORFs

We investigate whether ILP could automatically generate a model that identifies functional
UORFs, and whether this model, when used as a filter, could be more efficient than random
sampling. The training set consists of 14 positives and 259 randoms, and the test set consists of
6 positives and 129 randoms.

CProgol's parameters were set as followssonlyis set to ‘on’, so that CProgol learns from
positives and randoms onlynflate (gives a weighing to the data/predicate in general) is set
to 4,200%:;c (the maximum number of atoms in the body of the rules constructed) is set to 6;
nodes(the maximum number of nodes explored during clause searching) is set to 7,000; and
(the maximum depth of resolutions allowed when proving) is set to 700.

We defined the hypothesis space for CProgol 4.4, so that it can construct a definition for the
target predicatdas_functional_role/1 . This was done by giving mode declarations
(see Tabl®).

The typesuORFandutr were declared by defining a set of ground unit clauses of the pred-
icate UORF(X), whereX is a uUORF ID; and a set of ground unit clauses of the predicate
utr(X) , whereX is a UTR ID. The types otodonlength , distancefromstart ,
intergeniclength , and numberofuORF were all defined as integer. FiguBeshows

the resulting model.

6 Measuring Model Performance using Relative Advantage

An independent test set was used to evaluate the model. The default performance measure in
CProgol 4.4 is predictive accuracy. However, this measure gives a poor estimate when used in
a domain where positives are rare, which is the case in this uUORF domain. Therefore, we do
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has_functional_role(A) :- uORF(A,B,C), B=<204.
has_functional_role(A) :- uORF(A,B,C), belongs_to(A,D), B=<409,
C=<6, utr(D,E,F), F>=589.

English translation: A uORF has functional role if it satisfies at least one of the following rules.
« if its distance from the start of coding sequence is less than or equal to 204;

« if its distance from the start of coding sequence is less than or equal to 409, its length is less than or equal
to 6, and the intergenic length is greater than or equal to 589.

Figure 3: The model which predicts functional UORFs

Table 6: A summary of classification and performance measurement of experiment generating a
model which predicts functional uUORFs (in Sectiorb)
Positives correctly classified as positives 3
Randoms falsely classified as positives 4
Positives falsely classified as randoms 3
Randoms correctly classified as random4.25
| mean RA 17.3]

not use this performance measure.

Instead we adapted Relative Advantage (RB3, [Appendix A]. This uORF domain has the
characteristics for which RA is claimed be useful. These include the fact that the proportion of
positives (functional uUORFs) in the example set is very small, while the proportion of positive
examples in the population (the wh@ecerevisiageast genome) is not known, acquiring neg-
atives is difficult (as this has to be verified via lab experiments), and a benchmark recognition
method does not exist.

The idea behind using RA is to predict cost reduction in finding functional uORFs using the
model compared to using random sampling. In this application domain, RA is defined as

A
A= —; wh
R B,Were

A =the expected cost of finding a functional uUORF by repeated independent random sampling
from a set of 51,904 crude uORFs and testing each uORF in the lab.

B =the expected cost of finding a functional uUORF by repeated independent random sampling
from a set of 51,904 crude uORFs and analysing only those which are predicted by the
model to be functional.

A summary of the classifications made and the performance measurement from the experi-
ment in Sectio® is presented in Tabl& Using our model as a predictor makes the search for
novel functional UORFs 17 times more efficient than random sampling. Reducing the number
of randoms that are falsely classified as positives is very important in this domain, because
verification via lab analysis is costly.
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has_functional_role(A) :- uORF(A,B,C), belongs_to(A,D), B=<204,
utr(D,E,F), E>=207.

has_functional_role(A) :- uORF(A,B,C), belongs_to(A,D), B=<409,
C=<6, utr(D,E,F), E>=5.

has_functional_role(A) :- belongs_to(A,B), utr(B,C,589).

has_functional_role(A) :- uUORF(A,B,C), has_shortest _dist in_ UTR(A),
C=<8, B>=23.

has_functional_role(A) :- uORF(A,57,B).

has_functional_role(A) :- uORF(A,250,B).

English translation: A uORF has functional role if it satisfies at least one of the following rules.

« ifits distance from the start of coding sequence is less than or equal to 204 and the UTR to which it belongs
has at least 207 UORFs;

« ifits distance from the start of coding sequence is less than or equal to 409, its maximum length is 6 codons,
and the UTR to which it belongs has at least 5 UORFs;

« ifintergenic length of its UTR to which it belongs is 589;

« ifitis the closest UORF to the coding sequence within its UTR, its length is less than or equal to 8 codons,
and its distance from the start of coding sequence is greater or equal to 23;

« if its distance from the start of coding sequence is 57;

« if its distance from the start of coding sequence is 250.

Figure 4: The model generated from the experiment to predict novel functional uUORFs
7 Predicting Novel Functional uORFs

Although our model (Figur8) looks simple, its mean RA value shows that the model makes
the search for novel functional uUORFs more efficient. Thus, it is expected that the positive-
only setting of CProgol4.4 can help in predicting novel functional UORFs. To support this
argument, an experiment was conducted to predict novel functional uUORFs. The method used
was the same as that described in Sediiercept that the training set consists of 20 positives
and 388 randoms from 17 studied genes. The resulting model was then used to predict novel
functional uORFs from 51,494 randoms (from 5,585 genes, see Talngaged). Figured

shows the model generated from the experiment to predict novel functional uUORFs. 5,595 out
of 51,494 uORFs are predicted as functional uUORFs by this model.

Clearly, extensive lab work would be required to verify whether these uORFs, which are pre-
dicted as functional by our model, are indeed functional. However, some promising indications
are given by comparing our predictions with experimental lab results from a recent study by
Zhang and DietrichZ8]. Further to the 17 genes and 30 verified transcribed uORFs mentioned

in Tablel, Zhang and Dietrich48] have reported an additional 15 genes which contain 19
verified transcribed uORFs in the ye&stcerevisiae Their focus was to find additional genes
which contain transcribed uORF(s). Thus it is not clear which of these 19 newly verified tran-
scribed uORFs are functional. However, as uUORFs which can regulate gene expression are
among the transcribed ones, we used their findings for the purpose of analysing the results of
our ILP experiments.

Zhang and Dietrich28] provide some evidence that our rules may be biologically meaning-
ful. In their paper, they wrote “We observed that uORFs are present in over 95% of 250 bp
5 upstream regions @&. cerevisiat But for their analysis, a 210 bp (base paifupstream re-


http://journal.imbio.de/

Journal of Integrative Bioinformatics 2006 http://journal.imbio.de/

gion was used as the upper boundary to eliminate “spurious potential UORFs”. This suggested
that functional uUORFs are likely to be found within 250 bp from the start of coding sequence
(because the functional uUORFs have to be transcribed). Our rules reflect that condition. Of the
15 genes reported by Zhang and Dietri@B][ our model predicts that 12 will have functional
UORFs, and that 13 of the 19 transcribed uORFs will be functional (Table

Table 7: Predictions made using the model in Figurel for the 15 genes reported by Zhang and
Dietrich [ 28].

Gene Systematic| UORF's | uUORF's UORF Identifier Predicted a
Name Name Position | Length | in [2§] \ in this study Functionalj
-125 12 | uORF1 | UORF5 No
ARV1 YLR242C -108 3 | uORF2| uORF4 Yes
-40 7 | UORF3| UORF6 Yes
ECMT7® YLR443W -15 5| uORF | - -
HEM3 YDL205C -129 9 | UORF | uUORF8 No
RPC11 | YDR045C -60 4 | UORF | UORF5 Yes
AVT2 YELO64C -11 4 | UORF | UORF7 Yes
TPK1 YJL164C -42 5 | uORF | UORF4 Yes
MBR1 YKLO93W -70 7 | UORF | UORF5 Yes
APC2 YLR127C -27 5 | uORF | uORF3 Yes
SPE4 YLR146C -41 6 | UORF | uUORF5 Yes
SPH1 YLR313C -25 4 | uORF | UORF3 Yes
IMD4%? | YMLO56C -99 14 | uORF | - -
-110 24 | uORF1| uORF11 No
SLM2 YNLO47C -84 6 | UORF2 | UORF9 Yes
-70 4 | uUORF3| UORF10 Yes
FOL1 YNL256W -65 4 | uUORF | uORF4 Yes
WSC3 YOL105C -50 7 | UORF | UORF4 Yes
MKK1 YOR231W -71 10 | uORF | UORF5 No

“No uORF with the same position and length in our data set.
®Our model predicts uORF3 (in our data set) of gene IMD4 as functional.
“uORF identifiers used in the supplementary material for this paper.

8 Discussion

The work presented here uses a machine learning (ML) approach to investigate the regulatory
role of uUORFs in SUTRSs in the yeass. cerevisiae We are not aware of any previous work

of this kind. However, there is other work where machine learning methods have been used
to investigate other aspects of post-transcriptional regulation. There is also work using other
methods to investigate the regulatory role of uUORFs in mammalian species, and work using

other computational approaches to investigate the regulatory role of other UTR features in

yeast.

Machine learning methods have been used for predicting translation initiation sitesetZang
[27] and Tzanis and Vlahava2?] used feature generation and feature selection with standard
ML classifiers such as decision trees, artificial neural networkserizayes, and support vector
machines, while Li and Jian@] have used edit kernels for support vector machines. However,
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we are not aware of any previous work applying machine learning to the problem of identifying
functional uORFs.

Croweet al. [1] have identified uORFs of over 20 codons in length that are conserved in human
and mouse genomes. Those uORFs that are conserved between human and mouse are predicted
to code for bioactive peptides. They cite studies that suggest that some of these peptides play
arole in regulation. In our work we do not place a lower limit on the length of uORFs that are
considered, and the prediction model does not depend on sequence conservation across species.

Kwon et al. [7] have carried out experimental work to investigate the regulatory role of UORFs
and secondary structures inWbIRs. They carried out site-directed mutagenesis studies of
human ADH5/FDH and Myf6 genes, measuring the RNA transcripts, investigating the interac-
tions between mRNA and proteins involved in translation, and analysing the RNA secondary
structures of the’8JTRs. Their results suggest that uORFs and stem-loops i th&R can
reduce translation of the main coding sequence.

While the related work mentioned above has examined the regulatory rol&oRs in mam-

malian species, Ringm and Krogh 20] have carried out computational studies to investigate
the regulatory role of secondary structure in yed&iBRs. They have computed the folding

free energies of the 50 nucleotides immediately upstream of the coding sequence for all veri-
fied genes ir. cerevisia@nd have found that “weakly folded BTRs have higher translation
rates, higher abundances of the corresponding proteins, longer half-lives, higher numbers of
transcripts, and are upregulated after heat sha2@: [One way to extend our study would be

to consider additionally the locations of uUORFs with respect to predicted secondary structure
in the BUTRs.

9 Conclusions and Future Work

In this study, we combined a machine learning technique, ILP, with a bioinformatics tool, ORF
Finder, to learn about the upstream Open Reading Frames (UORBsterkvisiae The ILP
approach used in this work provides a way to integrate information derived from genome data
with biological knowledge.

We have shown that the positive-only setting of ILP system, CProgol 4.4, can be used to au-
tomatically generate rules which identify functional UORFs. The rules are simple and easy
to understand. Yet, when the model is used as a predictor, it can make the search for novel
functional uUORFs 17 times more efficient than using random sampling.

In the future, we would like to investigate whether making background knowledge of RNA
structural features available to the ILP learner leads to a better model. Functional uORFs that
have been verified so far are conserved in many spe6jesThus it is worth investigating
whether ILP rules can be combined with information on biological conservation, particularly
with other yeast species, to refine the model and to test its validity.
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