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Abstract

Biological background: Plant microRNAs (miRNAs) are short RNA sequences that bonditget mR-
NAs and change their expression levels by redirecting gtabilities and marking them for cleavage. In
Arabidopsis thalianamicroRNAs have been shown to regulate development and &ewdeto impact

expression both under various conditions, such as strekstamuli, as well as in specific tissue types.

Methods: We present a high throughput approach for associating leetwecroRNAs and conditions
in which they act, using novel statistical and algorithn@chniques. Our new toomiRNAXpressat
first computes a (binary) matrik denoting the potential targets of microRNAs. Then, usihgnd an
additional predefined matriX indicating expression of genes under various conditiansraduces a
new matrix that predicts associations between microRNAista conditions in which they act.

Thus, the program comprises two main modules that work iddanto compute the desired output.
The first is an efficient target prediction engine that presditRNA targets of query microRNAs by
evaluating the optimal duplex that could be formed betwéentwo: given a short query RNA, a long
target RNA, and a predefined energy cut-off threshold, thgnam finds and reports all putative binding
sites of the query RNA in the target RNA with hybridizatioreegy bounded by the predefined threshold.
The second module realizes associationoperation that is computed by a method which relies on an
efficient¢-test to compute the associations.

The calculation of the matrix of microRNAs and their potahtargets is the computationally inten-
sive part of the work done imiRNAXpresand therefore an efficient algorithm for this portion faeiles
the entire process. Thus, the target prediction enginessan an efficient approximate hybridization
search algorithm whose efficiency is the result of utilizihg sparsity of the search space without sacri-
ficing the optimality of the results. The time complexity bfgt algorithm is almost linear in the size of

a sparse set of locations where base-pairs are stacked igha dfethree or more.

Results: miRNAXpresss a novel tool for associating between microRNAs and thalitmms in which
they act. We employed it to conduct a study, using the phaabidopsis thalianas our model organism.
By applying miRNAXpresgo 98 microRNAs and380 conditions, some biologically interesting and
statistically strong relations were discovered. For exampirl59Cactivity is possibly a factor in the

misresponse afiph4mutants to phototropic stimulations.



1. Introduction

Genes in plants may be expressed in specific locatierts (eaf-specific genes), at specific timesd
seedling-specific genes), or in response to environmental stimglilight-responsive genes). The cellular
expression levels of genes are largely influenced by transcriptionaate®ll as by the degradation rates
of their MRNAs (messenger RNA). Plant microRNAs (miRNAs) are non coBNé molecules (of size
~ 22 nucleotides) that regulate gene expression in plants by moderating mRNaddé&gn rates. Plant
microRNAs bind to mRNAs and mark them for cleavage [10, 12, 23]. Fomgka, Arabidopsis thaliana
microRNA 39 interacts with mRNAs of several transcription factors to rethugie expressions and to direct
the plant development process.

In this paper we propose a high throughput approach for associaimgeén plant microRNAs and
conditions in which they act, given a set of microRNAs and a set of conditidncondition can be, for
example, a certain tissue in which the gene expression is to be measurgubsurexof the plant to a long
darkness period. Note that there are other factors which influeneeeggmession, including transcription
factors which regulate mRNA transcription rates and proteins which mediate®naledtadations, but they
are beyond the scope of this study.

Our framework for associating a microRNA and a specific condition caotmediized as follows (see
the example in Figure 1). First note that since there is a correspondetwedn genes and mRNAs, we
use the term “mRNA’ to represent the corresponding gene. Suppdasa®i#Asm RN A, nRN A4 and
mRN Ag are targets of microRNA’, yet other mMRNAsnRN Az, mRN Az andmRN A clearly do not
bind to Y. Furthermore, assuming there is evidence thdt/N A3, mRN As; and mRN A5 are highly
expressed under some given condition, y&&®N A;, mRN A, andmRN Ag are expressed at a low level
under the very same condition, then it may be possible to statistically assenithaRNAY  is active under
this condition, contributing to the degradation and low expressions BN A;, mRN A4 andmRN Ag.
This framework is extended to its high-throughput formalism, using the foligwhnee matrix definitions,
which are exemplified in Figure 2.

Given a set op candidate microRNAs&; . . . oy, another set of conditionsg; . . . 3,, and a third set of
genesy; . ..., the association between microRNAs and their predicted activity conditionsecéormally

captured in a\ssociation Matrix

Definition 1. The Association Matrix A is a ¢ x p matrix of real numbers such that[s, j] reflects the



association of microRNA; and conditions;.

Table 1 contains highlight entries from the association matrix computed usingaibod by the exper-
imental setup described in Section 5.
The matrixA is computed by combining information (operating on the rows and columns) tinam

pre-computed matrices: the Expressions Malkfiand the Targets Matri¥X’, defined as follows.

Definition 2. TheExpressions Matrix X is a matrix of real numbers such that[i, j], fori =1...q and

j =1...r, represents the expression of gepainder conditions;.
(This is a standard representation of the results of expression profilidigs).

Definition 3. TheTargets Matrix 7' is a binary matrix wherd[i, j] = 1 means that gens; is a predicted

target of microRNAwy;.

In our approachA[i, j] is computed by performing an operation between fgyof the Expressions
Matrix and columnT}; of the Targets Matrix that is Afi, j| = F(X;,T;). We focus on the following

instance of an association operatibn

Definition 4. TheAssociation OperationF": Letz denote the binary complementof F'(X;, T}) returns
a p-valuewhich is the result of a statistical test comparing two sets of numiéfs;, ¢ - T'[¢, j]};_, and

{X[i, €] - T[¢,j]};—, (where ™" denotes binary selection) and assessing whether they are significantly

different (whether one set contains significantly lower values than the sehe

The operation?” reflects the intuition explained above: it measures the differential exprelsstween
potential targets{(X[i, ] - T[l, j]};_,) of a microRNA and non target§ X [i, ] - T[, j]};_,). Thus,A[i, j]
is set to the-valuewhich quantifies the association between a microRNA and a condition.pfiaueis
the result of a statistical test intended to reject the hypothesis that the atgpiaxpression of the targets
is due to factors other than quick degradation induced by the microRNAitgct@learly, the lower the
p-value the higher the assumed likelihood that the expression of the targets is imfleeticed by the
microRNA activity (see Table 1).

The Expressions MatrixX' contains expression values measured experimentally in a microarray assay

A wealth of such information has already been collected by various lab@s#nd is now available to the

public. Naturally, the construction of this matrix does not involve any sigmticamputational task.
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However, such is not the case with ff@rgets MatrixZ". In order to calculatd’[z, j| one needs to assess
whether mRNA is a target of microRNA in vivo. This can be done computationally, as will be discussed

in the next section.
1.1 Computing the Target Matrix 7": Approach and Background

Here, we aim to assess whether two sequences, the first being a shamiRN#cand the second a full
length mRNA, bind to each other in vivo. The most intuitive measure for thisitgnd the free energy of
the most stable duplex which could potentially form between the two. This dupgcontain mismatches,
bulges and interior loops, since although the complementarity between planRNi&s and their targets is
usually quite high, it is not perfect. For example, the complementarity betweesetiuence of the mRNA
DCL1 and the sequence of microRNA miR162 is not perfect, and it conteitge nucleotide. (DCL1 is
subject to negative feedback regulation of miR162 which marks it for agay26].) Another example is
microRNA miR-JAW with 4-5 mismatches to the mRNAs of several transcription fa¢i®].

Moreover, a recent study by Yelgaal. [27] has shown that plants are not unique in using microRNAs to
regulate mRNA target cleavage. This study demonstrated that natural mretaicroRNAS direct mRNA
cleavage as well. Since, in animals, microRNAs often display limited complementartibeitotargets,
designing our algorithms to allow mismatches, bulges and loops of various sip@astant in order to
keep them general enough to support animal studies as well. Thus,rthefawur approach is an efficient
algorithm for computing the optimal free energy of a duplex between a micko&N an mMRNA target,
using scoring rules derived from the nearest neighbor thermodyngproach [28, 13]. Performing this
calculation for the entire set of microRNAs and genes of interest yields tgetsamatrixi”. Thus, even
though our study here focuses on plant microRNAs, the tool we dewtlispgeneral enough to apply to
animal microRNAs as well.

Work to date on microRNA target prediction consists of methods that eithesoéy on edit distance
[19], or combine sequence similarity information with secondary struct@eigtion by energy minimiza-
tion. The combination is achieved via a two-stage approach [4, 17, 22jndthe first stage potential
binding sites are identified by searching for near-prefect base compiaritg to the 5’-end of the microR-
NAs (or some heuristically set “nucleus” of base pairs). For each mathh a candidate consisting of a
stretch of about twice the microRNA size from the target is extracted, aadtad the highly matched nu-

cleus. In the second stage, the secondary structure is computed, fanithelates suggested by the first



stage, by applying the standard folding progssifiold by Zukeret al. [28] to the concatenation of potential
binding site and microRNA. If this results in a score below a predefinedibleg:shen a microRNA/mMRNA
target relation is determined.

Note that there are clear drawbacks to this approach. The first dcaviddhat the sequences have
to be concatenated with a short linker sequence that can lead to artifaces pmettiction, as explicitly
demonstrated by [18]. The second problem is that mMRNA or microRNA selétsire can occur. However,
this self-binding should not be allowed in the specific subsequences whigdge in the duplex, for the
following reason: microRNAs function as guides for RISC (RNA-indusédncing complex) to cleave
MRNA, and thus the whole microRNA/MRNA duplex is incorporated into the RIS@pbex [3]. Base
pairing between target nucleotides or microRNA nucleotides would resultirueture that would prevent
this incorporation due to steric interference. Moreover, the microRNA &hedt that it is natural to assume
that no two loops cross and that no multiple loops are formed. The third dikwb that for prediction
of multiple bindings in one target, as in the case of animal microRNAs, the apgi@potential binding
sites have to be cut out and folded separately. Furthermore, theséhaitgorely on (heuristic) guiding
parameters such as the size of the required “nucleus” of base paiks eithefined limit on the number of
target nucleotides to participate in the duplex. All these could result in felgatives.

In Rehmsmeieet al. 2004 [18] a program is described that directly predicts multiple potentiairgnd
sites of microRNAs in large target mRNAs, self-structures not allowed.eheral, the program finds the
energetically most favorable bindings of a small RNA to a large RNA using ¢laeast-neighbor thermo-
dynamic scoring rules. However, it uses brute-force dynamic progragymimose time complexity would
naively beO(m?n?), wherem is the size of the microRNA and the size of the target (see figure 3). The

program is sped up by heuristically restricting the size of the allowed gap to 15
1.2 Our Results

mMiRNAXpresss a novel tool for associating between microRNAs and the conditions in whéhact. The
program is composed of two main modules that work in tandem to compute thedlestput.

The first component is a microRNA/mRNi&rget prediction enginéhat, given a query microRNA, a
text mMRNA and a predefined energy cutoff threshold, finds and reglbitrgets (putative binding sites) of
the query in the text with binding energy below the predefined threshold.pidtess does not allow self-

structures. The target prediction engine is based on an efficient algdhtt exploits the sparsity of the



search space without sacrificing the optimality of the results (no heuriséagsad). The time complexity

of the algorithm is almost linear with the sizeof a sparse set of stacked base pair locations. It is based on
the approaches of Eppstein, Galil, Giancarlo, and Italiano [7] and MilléMyers [14, 15], and is extended

to form an algorithm which utilizes the score-bounding as well as the capwhthe loop-cost function to
speed up the search. Further reduction of the complexity is shown forgfet prediction decision problem
with discrete scores. The algorithm is described in Section 2. We refezdlderto Section 4 and Figure 14
for a comparison between theiRNAXpresgarget prediction engine versus the naive dynamic programming
approach in terms of practical run-time.

The second component takes a pre-defiBedression MatriXbased on a gene set and a condition set
which are given as input to the program) ant@laagets Matrix which is computed by th&rget prediction
enginecomponent (given the gene set and a set of input microRNASs), atiésfigeAssociating Operation
I to the two matrices (see Figure 2). The resultikggociation Matrixs the output of the program. The
formation function is described in Section 3.

Note that the prediction of the targets is the heavier part of the abovegsrocgerms of computational
complexity. The efficient approach to this part facilitates the entire prodslse note that the algorithm
described in this paper avoids the artifacts associated with the concatesfaliemicroRNAS to the targets,
which was a drawback of previous target prediction algorithms which apaltevo-stage approach.

We employedmiRNAXpresgo conduct a study, using th&. thalianaplant as our model organism,
as follows. AnExpression matrixvas assembled frois800 genes and80 conditions. These conditions
included various tissues, hormonal treatments, ionic and cationic strespatogens. Alargets Matrix
was then constructed by testing thpproximate Hybridization Prediction (AHP) Existen@&ee Definition
6.2) of each one d¥8 previously discovered. thalianamicroRNAs in each of th6800 mRNAs. Some of
the associations established as a result of our study are discussediom Sed hese are plant microRNA
a; such that their association with specific conditingot a significanp-value

As an additional result, this study led to the discovery of some tissue specificRN&s. These mi-

croRNAs yielded a significarm-valueonly in specific tissues of the plant (see Figure 15).
2. The Target Prediction Engine

The problem of target prediction is similar in essence to that of finding RNregary structure (see

e.g[20]). However, in contrast to the traditional problem of RNA secopddructure prediction, we seek



optimal alignments between a short microRNA sequence (of<sia8) with a long mRNA sequence (of
size varying from~ 1000 to ~ 3000). Following the discussion of Section 1.1, we assume that no two loops
cross and that no multiple loops are allowed (as explained in Section 1.1).

Therefore, lefl” denote a text (MRNA) of size and P denote a pattern (microRNA) of size. In the
spirit of the extensive studies on predicting RNA secondary structioeeered by Zukeet al. [13, 28], we
use nearest-neighbor thermodynamics to estimate RNA duplex energyndigy ef a duplex will therefore
be computed as the sum of all its component energies: base-pairs wééth stability, versus mismatches,
interior-loops and bulges, which reduce it (see Figure 4).Aeta; ...a, andB = b; ... b, be two RNA
sequences. Lets(i — 1,4,5 — 1,5) denote a predefined energy score (usually negative) for the laése-p
(,7) (such that the stacked base-pg@irj) follows the base-pairi(— 1,7 — 1)). Letw(¢',j’,4,7) denote
the energy score (usually positive) of an interior loop with one side oftheing ' and the other of length
j —J', closed by pair;, b; at one end and by;, b, at the other. Similarly, let’'(7’, i) denote a predefined
energy score (usually positive) for a bulge of lengjtk 7, closed by pair;, b; at one end and by;/, b; at
the other. Le® denote the set of base pairs in the duplex anéatenote the set of index quartets defining
interior loops in the duplex. LetV, denote the set of start and end index-pairs of bulge and letV-

denote the set of start and end index-pairs of bulgs in

Definition 5. Given two hybridized RNA sequencég, and R., which form a duplex, th®uplex Hy-
bridization Energy Score of R; and Ry, denotedD H ES[Ry, Rs], is

DHES|Ry,Ro) = Y es(i—1,4,j—1,5)+
V(i,j)€D
oo wl@ i+ Y, W)+ Y W)
v (i’ .57 i,5) EW v(i,i)eW), v (i,i)ewl
In this section we address a new and challenging problem, based on RNAdsey structure prediction:
finding all approximate helix bindings of a short RNA sequence (microRiNA)long one (MRNA), given
a threshold bound on the allowed score. This challenge is formally defméueafollowing search and

decision problems.

Definition 6. Approximate Hybridization Prediction (AHP):
1. The Search Problem:

TheAHP Searchproblem is, given a predefined score threshqltb find all the approximate predicted

hybridization sites of? in T', where the DHES score of the duplex formedibwnd the corresponding
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putative binding site iff" is at moste.

2. The Decision (Existence) Problem:
The AHP Existenceproblem is, given a predefined score threshaldo predict whether or not there
exists a hybridization site d? in T"where the DHES score of the duplex formedtgnd the corresponding

putative binding site ifT" is at moste.

Note that thed H P search problem is applicable to target discovery in animals, where micreRIMA
play complementarity to multiple sites in a single mRNA. In plants, however, microRl\gday comple-
mentarity to only a single site, and therefore applying the decision version pftfblem is more appropriate
in this case.

The thermodynamic parameters used by our target prediction engineparénexntally derived and are
similar to those used hbyifold Version ¥or RNA folding [28], scaled to accommodate the relevant plant and
animal conditions. The loop energy cassums up three terms: a purely entropic term that depends on the
loop size, the terminal stacking energies for the mismatched base pairsmadgabeth closing base pairs,
and an asymmetric loop penalty for non-symmetric interior loops. In batimdw’(bulge energy cost) the
loop destabilizing energy grows logarithmically with the total size of the lobps; — i’ + j — j' — 2 for
interior loops,; — ¢’ for bulges inP andj — 5’ — 1 for bulges inT.

Thus, the energy calculation can be modeled by the following dynamic progireg equations, based

on the formalization of Waterman and Smith [25]:

Dli, j] = min{D[i — 1,j — 1] + es(i — 1,4, 5 — 1, ), Vi, j], H[i, j], Eli, j]} (1)
where
Vi, j] = min {D[i',j — 1]+ w'(i',0)} ()
Hli,j] = Oglji,gj{D[i = LjT+w' (5, 5)} 3)
El[i,j]= _ min  {D[’j]+w(i’,j" i 5)} (4)

0<i/<i,0<j'<j
Note that the heavier part of the computation of Equation 1 igtliej] term, as computed in Equation

4. For the sake of simplicity we will therefore assume throughout this sectairRéacurrences 2 and 3 are

simplified instances of Equation 4 and focus our explanations on the hamdliBguation 4. Also, from



now on we will use the term “arc” when referring to both bulges and loops.

A naive dynamic programming algorithm solves Recurrence 1 for seqaaidength: in O(n?) time.
A lower complexity ofO(n3) can be achieved with no assumptions on loop destabilizing functions [25].
Eppsteinet al. [5] considered loop destabilizing functions satisfying certain convexitgomcavity con-
ditions, and developed af(n?log® n) algorithm for this case. This was later improved@gn? logn)
[1], and finally toO(n2a(n)) (wherea is the inverse of Ackerman’s function) for logarithmically growing

destabilizing functions [11].
2.1 Sparsification

For the parameters and cost functions that are standard for basmgtacl loops, one can show that the
energy cost of breaking a loop will be more than the energy benefit &rengle base pair or two stacked
base pairs. Thus, we ignore base pairs that cannot be stacked wgtqmaitat height 3 or more. This
insight can be used to greatly reduce the number of possible pairs, yieldiparsification of the dynamic
programming matrix forP versusT. Instead ofnm entries we drop to aboutm /64 (the probability

of an ocurrence of a consecutive complementary triplet), without sakgftbe optimality of the results.
(In fact in our data the number of relevant base pairs was analyzeddbdé one percent on average.)
Thus the computation and minimization needs to be taken only over posftighsvhich end a triplet of
complementary base-pairs, taking into account wobble pair&-U pairs as well. LefS be the set of such
positions, to be denoted “points” in the rest of this paper (see Figure&)eds = |.S|. Note that the se$

can be computed i®(s + nlog ) time, whereX is the size of the alphabet (four nucleotides in this case),
using standard string matching techniques (suffix trees). The effesizaodity on the alignment of RNA
has been studied, in a unifying framework, by Eppséial. [6, 7]. With Johnson’s data structure [7] and a
special implementation of the binary search(¥m + s log s log min(s,n?/s)) bound can be obtained. For
simple destabilizing functions, it decreasesttn + slog s loglog min(s,n?/s)). Larmore and Schieber
[11] have improved one of the algorithms of Eppsteiral. [7] to O(n + slog min(s,n?/s)) for concavew
andO(n + salogmin(s,n?/s)) for convexw. However their algorithm uses matrix searching techniques,
which lead to a high constant factor in the time bound. Therefore, we ¢hesdgorithm of [7] as the basis

for our target prediction engine, to be described in the next section.
2.2 The AHP Algorithm (for both the Search and Existence Problens)

Following Definition 6.2, theAHP algorithm searches for potential binding sitegoih 1" that may form
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a duplex withP of score below a predefinddHES cutoff thresholde. Our cutoff threshold is a constant
fraction (specifically 0.85) of the optimal energy possible for the microRNgéiaduplex (this optimal

energy is calculated by aligning the microRNA with its exact complement seguenc

Observation 1. The score thresholdimposes a lower bound on the number of microRNA nucleotides that
must hybridize in order to achieve the threshold score, and thereforgpaer bound on the number of

deletions allowed from the microRNA in the sought alignment.

For example, assume that matches contribi2eo the free energy and consider a microRNA of size
10 and a threshold of-18 (that is,—18 is an upper bound on the minimal energy allowed for an accepted
duplex). In that case the number of allowed deletions is 1, because netieniewould result in less than
matches, yielding a hybridization energy that is higher thaf. For each microRNA, knowing the content
of its nucleotides, we can easily derive the minimal number of matches ngcéssechieve the required
threshold.

Therefore, lett denote a pre-defined bound, based onfhé E'S thresholde and on the maximum
number of deletions fronP allowed in aligningP and7'. Note thatk is immediately a bound on the
maximal size of an allowed gap iR. Also note the asymmetric nature of the gap binding: the acceptance

threshold score does not impose a limit on the number of deletions from thedogncd.
2.2.1 A Division of the D P Table Based on the Gap Bound inP

In this section we demonstrate how thbound on gaps i, as imposed by the pre-defined score threshold,
can be used to restrict the search space and speed up the seagththergparse dynamic programming
model, without sacrificing the optimality of the scores. The dynamic programmiote iadivided tom /k
slices ofk rows each (see Figure 6). To each block we apply a divide-andeeomgcursion on the points
of S which are included in its rows. The invariant is that at each level of thersean the gaps i are
confined to a size that is twice the size allowed in the previous level. For easlofehe recursion, having

t rows in the subproblem of that level, we partition the rows into two blocks, thedbnsisting of the first

top¢/2 rows of the block and the second consisting of the bottg2rows of the block.

Definition 7. Given two pointgi’, '), (4, j) € S such that > i’ andj > j’, thearc-contribution of point
(¢, 4") to point (4, j) is the contribution of the score term suggested by an optimal alignmentdhaists of

an arc from(#’, j') to (i, j) to the score minimum computationBfi, j| in Equation 4.
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The score minima for the points of each sub-block are computed as follows:
1. Recursively solve the problem for the top sub-block.
2. Compute the arc-contribution of the points in the top sub-block to the points imatittom sub-block.

3. Recursively solve the problem on the bottom sub-block.

Note that since the gap size ihdoes not exceed, all arcs are confined to a maximum of two consecutive
k-blocks (i.e. blocks of rows each). Therefore, theblocks are processed in the following order. First
the divide and conquer computation is applied to the first block. Then theoatcbution of the first block

to the second block is computed; only then is the divide and conquer computgdied to the second
block. Now the arc-contribution of the second block to the third block candmeputed, followed by a
computation of the third block, and so on: for each pair of consecutiwkblihe bottom block in the pair is
only computed after the computation of the top one has been completed and-ttanaibution of the top

block to the bottom block has already been resolved.
Lemma 1. Imposing the block division as above will not sacrifice the optimality of theesco

Proof. No false negativesAll correct arcs of sizes up t®k will be considered by the algorithm, and this
set includes of course all potential arcs of size ug.tdNo false positivesThe block division allows the
consideration of arcs of sizes upZb (two consecutive blocks). However, since thieound is derived from
the score cutoff threshole, we know that all hybridizations with gaps i that are greater thalawill by
definition be ruled out by the search algorithm. O

2.2.2 Computing the Arc-Contribution of One Set of Points to Another

In this section we describe a point-traversal order which allows us téegffig compute the arc contribution
of a top sub-block to a consecutive bottom sub-block, following the patrititipaf the dynamic program-
ming table as described in Section 2.2.1. This point-traversal order willosuggnamic minimization
and is based on the approach described in [7]. We say that (@6ijt) precedesoint (4, j), denoted by
(¢,7") < (i,7), ifand only ifi' < iandj’ < j. Thediagonal indexf a point(i, j) is defined ag + j. Let
dy, be the set of point&’, j') in S whose diagonal index i.

Let Sy be the set of points on the top sub-block, &hde the set of points on the bottom sub-block in a
given arc-contribution computation. PointsSi and.S; are processed in order of their column indices first
and only then by their row indices. Within a given column we first procespdirets of S», and then the

points ofS; (see Figures 8 and 10).
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Claim 1 If the points ofS; U S, are scanned in the order described above, then:

1. When a poinp € S5 is reached, all pointg’ € S; such thap’ < p, and only those points, have already
been traversed and analyzed.

2. The diagonal index of any poipte S, that has not yet been scanned is greater than the diagonal index
of any of the points already scannedSh.

Proof.

1. Clearly: > i’ sinceS- is the lower part of the block, and we also impgse 7'.

2. Consider any pair of point§(i’, j') € Si, (¢,7) € S} such that poin{i’, ;') has already been scanned
and processed ifi; and point(i, j) has not yet been scannedSn. Clearly: > i’ due to the block separa-
tion. Also;’ > j due to the column-scanning order. Therefore, the indices of the disgooraesponding

to the two points fulfilli + j > i’ + 5'. O

Note that the recurrence of Equation 4 has the property that the funetidepends only on the dif-
ferences between the two diagonals defined by its four argument poimiss, @uring the computation of
Eli, 5], the source pointéi’, ;') can be grouped into sets of points with identical diagonal numbers, such
that each set will contribute only one term to the minimization formulated in Equat{seetfigure 7). For
the set of source pointg’, ;') such that’ + j/ = x on a given diagonat, we have only to consider the
minimum among theD[i’, j'] entries ind,.. Furthermore, by Claim 1, Equation 4 could be reformulated in
terms of diagonal indices as follows. Let= i’ + 7/, y = ¢ + 7, and letz_max denote a dynamic variable
which, at any moment of the point traversal, stores a value which is gigatame than that of the largest
diagonal inS; which was scanned so far. This yields

F'lyl= min {D'[z] + w(x,y)} forzmazx <y <n+t, (5)

r<r_-max

Using the point-traversal order described above, the arc-contribofipeints in.S; to points inS, can
be computed as a minimization problem with dynamically changing input valuesq loasEquation 5, as
follows.

1. Apoint(i, j') in Sy is processed by performing the operation of decreabiitg| to min(D’[x], D[, j']).
2. A point(s, j) in S is processed by performing the operation of compufifig|.

2.2.3 Using the Convexity and Simplicity ofw to Compute E'[y] Efficiently

13



Note that, for the application at hand, it is customary to usdrttanction for quantifying the growth of
w andw’ when increasing the loop/bulge size. Figure 11 demonstrates three fmchiga] + w(3,y),
D'[5] + w(5,y) andD'[7] + w(7,y), wherew is theln function, D’'[3] = 1, D'[5] = 0.25 andD’[7] = 0.5.

Also note that thén function is convex.

Definition 8. A weight functionw is convex w.r.t. thgg minima computationif V = < 2/ < y < ¢/,
w(z,y') —w(z,y) Sw(@,y) —w(@,y).

The computation of’[y] is viewed as a competition among a sparse sébgfcandidate diagonals
from the range, 1, ..., x_max for the minimum in Equation 5, to be computed for a sparse set of target
diagonals in the range.max +1...n +t.

Suppose that we wish to resolve which of the two graphs, candidateesdiagonals and candidate
source diagondl in Figure 11, will yield the minimum value for each of the target diagopaiss, . . ., 16.

In the next Lemma we will show that the competing source diagonals fe-g.5 andz’ = 7) divide the
target diagonals into intervals, to be denoteddership intervals In each such interval only one of the
source diagonals from§; will yield the minima values for Equation 5. (For example, after the first three
points ofS; have been scanned, the leadership interval of source diageaadl in the example of Figures

10 and 11 yields the minima for target diagor@ls. . , 13).

Lemma 2. Given a functionuv which is convex with respect to the minima of Equation 5.

1. Foranyz,y anda’, withz < 2/, if D[z] +w(x,y) < D[2'] + w(2’,y), then for ally’ > y, D[z] +
w(z,y') < D[] + w(a',y).

2. Conversely, ifD[z] + w(z,y) > D[z'] + w(a’,y), then for allz_max < ¢ < y, D[x] + w(x,y’) >
D[]+ w(a',y/).

Proof.

1. By the Definition of convexityw(z,y’) + w(z',y) < w(z,y) + w(z’,y’). Subtractingw(z,y’) +
w(z’,y") + D[] — D[z] from both sides and rearranging yield3[z] + w(z,y)) — (D[z'] + w(z,y’)) <
((D[z] + w(z',y) — (D[2'] + w(2’,y')). But by the assumptiof{ D[z] + w(z,y)) — (D[z'] + w(z,y’)) is
positive, and thereforeD[z] + w(z', y)) — (D[y'] + w(a’,y")) must also be positive and the first statement

holds.
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2. Similar to the former statement. The only difference is that here we encounteteavalz < y < 2’
wherew(z’, y) is not defined (see Figures 12 and 13) and therefoether thar’ would yield the diagonal
minima in this interval. However, by Claim 1.2, at the stage wh#n j) is computed this interval is no

longer relevant to the minimization computation. O

We point out that a similar lemma was stated and proven focohneavecase in [7]. Theonvexcase, how-
ever, is more complicated sine€«’, y) is undefined for any: < y < 2/. Thereforey rather than’ yields
the diagonal minima in this interval. This imposes a fragmentation of the leadenséipals (see figure 12
and Conclusion 1 below) which could strongly affect the efficiency ofallgerithm. However, we resolve
this problem for applications which follow the divide and conquer appreexi traversal order described in
Section 2.2.1, as follows: By Lemma 2.2 at the stage wiigh ;) is computed, the fragmented leadership-
intervals, all of which by definition fall to the left of maz, are no longer relevant to the minimization

computation and are therefore discarded (see figure 13).

Conclusion 1. At any given point in the traversal ¢f; U S, the values o[z supplying the minima for
the positions oF [y] partition the possible indices @f z_max < y < n+t, into a sequence of “leadership
intervals”. If 2/ < z and ify is in the interval in whichD|z] + w(x, y) is best, and/ is in the interval in
which D[2'] + w(a’,y) is best, then/ > y. Also, if bothz’ and x have active leadership-intervals, then
Dlx] > D['].

Based on Conclusion 1, the algorithm maintains in a data structure a sulesetdilates which satis-
fies the property thak’[y] depends only on these candidates. Diagonals carrying pointsSionvhose
potential arc-contribution term is no longer a candidate to yield the minithgéhs computed by Equation
5) for some future point irbs, are discarded from this subset. Intervals corresponding to targgirdits
that are smaller than the dynamically growingnax are also discarded. The interested reader is referred

to the candidate list algorithms of ([5], [7], [8], [9], [14]) which also utdizonvexity/concavity properties.

Definition 9. Givenz andz’, z < 2’ < n +t, Intersect(z, 2') is the minimal indey, ' < y < n+t, such

that D[z] + w(z,y) < D[z'] + w(a’, y). Intersectf, 2’) is oo if there is no such index.

(In the example of Figure 11ntersect(5,7) = 13.)
By Conclusion 1, the source diagonal numbers giving the minim&fpcomputed for increasing target

diagonal numbers, are nonincreasing wheis convex. Furthermore, fdog functionsIntersect(b, a) can
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be computed in constant time. A candidate diagariallive if it supplies the minimum for some&”(y]. The
algorithm maintains live diagonals and their leadership intervals in which thegerdals give the minimum
(see Figures 9 and 11) using a priority queue data structure. Compufipgthen reduces to looking up
which leadership interval contaigs DecreasingD’[x] involves updating the interval structure by deleting
some neighboring live diagonals and finally a constant timkrsect computation at each end.

The psuedo-code for the algorithm is given in the attached appendix.
2.3 The Complexity of SparseAH P

Theorem 1. The algorithm described in this section computes sparEeP with logarithmically growing

destabilizing functions in tim@ (s loglog s).

Proof. During a preprocessing stage, the Seif stacked triplets can be computeds + n log ) time,
wherey: is the size of the alphabet (four nucleotides in this case), using stantdagdmatching techniques
(suffix trees).

Within each level of the recursion, we will need the points of each set taliedsby their column
indices and only then by their row indices. To achieve this we initially bucketadlopoints, and then at
each level of the recursion perform a pass through the sorted listittedivnto the two sets. Thus the order
we need is achieved at a linear cost per level of the recursion. We edsbandata structure to efficiently
support the following two operations:

1. Compute the value df’[y] for somey € S.
2. Decrease the value &F [x] for somez € S.

Note that Operation 2 involving one value bf[x] may simultaneously chang€ [y for manyys. A
candidate list can be implemented to maintain the live diagonal candidates gomitsumgon, find and split
operations on their leadership intervals. If a balanced search treaisanseplementing this list the amor-
tized time per operation i®©(logn). The bound can be improved @(loglogn) with van Emde Boas’s
data structure [24]. Note that the time for each data structure operatiobhectaken to be)(log s) or
O(loglog s) rather tharO(log n) or O(loglogn). This is because only diagonals of the dynamic program-
ming matrix that actually contain some of th@oints in the sparse problem need to be considered. The van
Emde Boas flat trees can be set uds) preprocessing time and then be reused at different levels of the
recursion. Thus the arc-contribution 8f to Sy can be computed i@ (s log log s) time. Multiplying by the

number of levels of recursion, and adding the work spent on arcemimg consecutivé-block pairs, the
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total time isO(n + slog k log log s) hess O(sloglog s). O

Theorem 2. The sparse AHP Decision problem with logarithmically growing destabilizingtfons and

discrete DHES cost can be computed in tithg).

Proof. A score functionf is said to be discrete only if there exists some constaunich that every element
of f is some integral multiple of. Letmin_triplet denote the minimal cost of a triplet of base pairs. When
computingA H P Existence (see Definition 6.2), the algorithm immediately halts oneesaoring duplex

is found. Therefore, the range of scores does not exeeedhin_triplet. Letc = (e — min_triplet)/r.
Clearly, at any given moment during the execution of the algorithm therbeanlyc differentDHESscores
which are shared by all candidate diagonals fri§m By Conclusion 1, for any two diagonal candidaiés
andx from Sy such thatt’ < z, if G[2'] = G[z], whereG|[z] denotes the maximal score of a point from
S1 on diagonalz, then onlyz is a live candidate. Therefore, the total number of live candidates inea giv
) cis co:nstant

moment isc and the time complexity of the algorithm in this case is therefo(eloglog ¢

O(s). O O

3. Computing the Association OperationF’

The association operator (see Definition 4 in SectionA()X;, T;), represents the probability that mi-
croRNA j is active under condition. It is set to the confidence level by which we reject the hypothesis
that { X[i, k] - T[k,j]};_, and {X[i, k] - T[k, j]};_, were sampled from the same distributions. ~ We
use the following theorem to calculate a statistior the difference betweefX[i, k] - T'[k, j]}}_, and

{X[i, k] - Tk, jl}}_, and then se#'(X;, T;) to ®(¢), the corresponding level of significance associated

with ¢. Note that®(¢) represents the area below the normal distribution curve corresponding to

Theorem 3 [2]. Let z; and x5 be two observations and let; and ny be their sizes respectively. L&t

denote the mean of sampteand S D, its standard deviation.

SDZ (1 —1)+5DZ, (na—1 .
LetSD, = \/ xl(”lml;f;?( 2 ). If 1 and x5 were sampled from the same normal population and
assuming that; + n, > 30 thent = ——Z=22_ has an approximate standard normal distribution.

SDz\/1/n1+1/n2
4. miIRNAXpress Performance

In order to benchmark the performance of miRNAXpress we comparedritsng times to those of the

naive dynamic programming (DP) approach (see Figure 3 and Section 1.1)
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We constructed a large dataset consisting of pairs of sequences towéigpplied the two methods.
Each pair contains two sequences: the first — of 8ize— corresponding to a microRNA, and the second
corresponding to a mRNA. The size of the second sequence varieddmetineepairs and was betwe2pD
and 3200 nucleotides. In each pair, both sequences were randomly generatetbgy of a coin of their
symbols.

The table in figure 14 shows the running times of the two algorithms (miRNAXpaegst prediction
engine versus the naive) for several representative sizes ofdbardseequence.€. the mRNA); the graph
in Figure 14 also demonstrates the relationship between the running times obtalgtwithms. Each entry
of the table (or point in the graph) is an average a¥¥0 corresponding pairs. Both the graph and the table
clearly indicate that miRNAXpress is indeed much quicker in practice than the dynamic programming

method and that this trend becomes stronger as the size of the mRNA sexjgeowse.

5. A Study AssociatingA. thaliana microRNA with various Activity Condi-
tions

Different gene expression profiles are part of how a plant groesgeldps, and adapts to environmental
changes. In this section we use our computational approach to shediitite contributions of various mi-
croRNAs to these expression profilesAnthaliana The Expression MatriX is based o380 conditions
and5800 genes. The expressions were measured using a two dye microaagywésse the condition sam-
ple was labeled red and the reference sample was labeled green. ireeadatio presents the abundance
of the gene’s mMRNA in the condition, in comparison to the reference. A loygreen ratio can indicate that
the mRNA is more degraded in the condition than in the reference, and viea fegrhigh ratios. We used
the average values dbg, of the normalized red/green ratio. The reference samples changedehetvee
conditions and are indicated at the relevant positions. The microarrayoddtee 380 different conditions
was retrieved from th@AlRdatabaseht t p: / / www. Ar abi dopsi s. org/.

TheT matrix is based 088 previously discovered microRNAs. These were retrieved form the RFAM
databaseht t p: / / www. sanger . ac. uk/ Sof t war e/ Rf anml , and were discovered either experimentally
(by isolating, reverse transcribing, cloning, and sequencing small agethR&NAS) or computationally (by
seeking microRNA precursors conserved betw&ethalianaand other related organisms [19]). The mRNA
sequences of ai800 A. thalianagenes were retrieved from tAAIR database. To construct tiematrix

we used the untranslated regions (3'UTRs) of these molecules (sind&3'tontrol MRNAs stabilities).
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Table 1 describes some relations corresponding to significant entries Ak#ociation Matrix4, and
Table 2 includes the corresponding predicted targets. The resultafede Table 1 were selected based on
their p-values From all the microRNAs witlp-valuebetter tharl0~% we chose 6 for further investigation.
The symbolZ;. 4t in Table 1 represents the average expression of the set of the potentiaRiN/&
targetsj.e. >, {X[i, €] - T[4, j1}/ > 11 {T[¢, 7]}, andZoner s is the average expression of all other genes
ie. S {XT[i, 0] - T, 41}/ S AT, §]}. Since we use relative expressionsTify gets < Tothers WE
hypothesize that the microRNA is active at the condition and not in the refereOn the other hand,
if Tiargets > Tothers WE hypothesize that the microRNA is silenced at the condition and is active at th
reference. Both cases can result in a signifigantlueas represented by columtiz, j]. Moreover, to
asses both cases one naturally needs to use a two tail test such as theet-tisstd which is described
in Section 3. Note that negative valuesm®f, c.s andZ s reflect higher expression in the reference
compared to the condition, since we are usingltiag of the red/green ratio.

Ali, j] is ap-valuefor whether the expression of the targets is distinguished from the eskpnesf all
other genes. For thig-valueto be correct the expression levels of the genes should be normally distribu
(see Section 3). Although in practice this is the case for most microarrayuneeasnts, we further asserted
our p-valuesby conducting the following shuffling simulations. We first randomly shuffee tiRNA se-
guences with respect to the genes and then computed & maatrix. Using this matrix and th& matrix
we computed thel matrix again. Repeating this proce$®)0 times allows us to estimate tlf@se/positive
rate of our approach. For example, if the lowest number computed fantan 4[4, 5] in all 1000 different
assays isc, we conclude that the null probability for obtaining a valdg, j] < = is smaller thanl0—3.
The smallest and average numbers computed for the relevant entridscapeesented in Table 1 (see min
Ali, jlshufileq@nd averagel i, jlshufiled respectively). Note that thevaluescomputed for the microRNAs
are significantly better than these humbers, strengthening the powerabpjourach and the significance of
our results.

Our high throughput approach to computiAgenables us to focus on the more interesting associations,
e.g.:

1. miR159C was found to be more active wheph4 mutants were subjected to phototropic stimulation
than when wild-type (non-mutant) cells did. A phototropic stimulation is the psoogsxposing a plant

to light after a long period of darkness. In this experiment, for exampleiplaere grown in the dark for
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2.5 days and then exposed to blue light for one hour. NPH4 is a regulatotgin which is crucial for
the normal response of the plant to a phototropic stimulation. Our findingsaiedibat one derivative of
this protein action might be miR159C, which was found to be more activpl mutants than in wild-
types, possibly indicating NPH4 pathway silencing of miR159C in responsehtiostignulus in wild-types.
Indeed, many of the predicted targets (as in Table 2) of miR159C are inhvimlVight processe®.g. belong
to endomembrane systems, or have photoreceptor activity, or codeldoomlast protein. The loss of the
phototropic response in the mutant might be partly due to the loss of suigpre$smiR159C by NPH4.
Intriguingly, miR159C seems to be active also in flowers that do not resfmopbototropic stimulations.
Moreover, since flowers do not perform photosynthesis they dogeat most of miR159C’s target products.
2. We found mirl68A to be active in response to bacterial pathogen inoculdiasis a condition in which
a virus virulent protein is introduced into the plant cells. Supporting evigléoroour findings is the fact that
AT5G60800, one of mirl68A targets (Table 2), is a metal binder. Metals bagn shown to facilitate viral
attacks in plants [21]. Our findings, therefore, suggest that pareofiths strategy for attacking the cells is
in elevating metal levels by activating mirl68A and eliminating the metal binder, A08G0.

The very same microRNA is also activated in Xanthophyll cycle mutants. Xphthlocycle is a pho-
toprotection mechanism. We propose that AT5G60800 is also related to tleisvatisn, since it is capable
of binding free radicals which are typical to light exposure. We progbatin normal cells mirl68A is
de-activated by the Xanthophyll cycle in order to elevate the levels of SDBB0 and reduce light damage.
3. miR399A was identified to be silenced under Auxin response. Concurrentyof miR399A predicted
targets, AT3G07390, is an Auxin responsive gene. This gene sheulddessary for the cell’'s response to
that hormone.

It is interesting to note that our findings give rise to hypotheses about Rfitkaegulation in the positive
direction (conditions that induce microRNA activity) as well as in the negatikection (pathways that
reduce microRNA activity).

Lastly, we looked for tissue specific microRNAs (see Figure 15). Wededwn the subset of rows i
corresponding to flowers, stems, siliques, leaf, and root tissue corditlithin this subset of selected
rows we chose columns with only one significant entry. The microRNAfsponding to such columns are

potentially specific to the tissue represented by this row.
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An Appendix of Pseudo-Code

Algorithm 1: RNA Approximate Bounded Score Hybridization Search

input : microRNA patternP of sizem, mMRNA patternl” of sizen, and a score threshotd
Output: Potential Hybridization sites aP with 7', such thatD H ES(P,T') < e.

1 find a sparse sef of possible triplets of stacked base pairs from the two strings;

2 bucket-sortS by column numbers first and then by row numbers;

3 num_segments = m/k;

4 for i = 1to num_segments do

5 Let S; denote the base pairs whose row number falls betweenl) x k andi x k;

6 Let arrayF be indexed by members 6§;

7 for x € S; do

8 Let §[x] denote the energy of the triplet of base pairs ending in
9 setE|x] to 0[x];
10 end

11 if > 1then

12 ContributeByArcsg; 1, S;);
13 end

14 Recurse§;, k) ;

15 end

16 report allz € S with score< e¢;

Algorithm 2 : ProcedureRecurse(S, nr)

1 Leti denote the middle row of;
this_nr = nr/2;
Let .Sy be the points above or on raiin S;
Let .S, be the points below rowin S;
if this_.nr > 3 then
Recurse(Sy, this_nr);
Contribute ByArcs(Sy, S2);
Recurse(Ss, this_nr);
end

© 00 N o 0o b WN
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Algorithm 3: ProcedureContribute By Arcs(S, S2)

1 Let I be the candidate leadership interval list (the search key is the index ofgiestaiagonal in the
interval), implemented by the data structure of section 2.3;

2 Let L be another list of candidates (the search key is the diagonal numbera#rit@ate), also
implemented by the data structure of section 2.3;

3 Let G[d] denote the minimum for diagond)

4 Let X = S; | S2, maintaining sorted order (the points$h always lag behinds);
5 for x € X inorderdo

6  d<«— row(z)+ column(z);

7 if x € 51 then

8 Gld] — min{G|d], E[x]};

9 maz_x = max{mazr_x,d},

10 ClearIrrelevantCandidates(I, L, mazx_x);

11 UpdateCandidate LeadershipIntervals(d,G[d], I, L),

12 end

13 else

14 E[z] «— min{Ex], QueryArcContribution(I,d) + 0[z]};
15 end

16 end

Algorithm 4 : Procedurd/pdateCandidate LeadershipIntervals(d, G[d], I, L)

¢ +— the smallest active leader candidate that is greater than or eqgdial to
i < the last diagonal in the leadership interval-of
while G[d] + w(d, i) < G[r] +w(¢,i) do
Remove(i, I);
Remove(¢, L);
¢ — the smallest active candidate that is greater tfian
1 «— the number of the last diagonal in the leadership intervd| of
end
¢ < Intersect(d,?) I* cis the last diagonal in the new leadership intervad of;
10 Insert(c,d,I);
11 Insert(d, L);
12 ¢ « the largest active candidate that is smaller than
13 Repeat the abovewhileloop in reverse direction;

© 00 N o o b~ W NP

Algorithm 5: Procedur&uery ArcContribution (I, d)

1 1= Find(d,I);
2 { = GetLeader ByInterval (i),
3 returnG[¢] + w(¢, d);
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Algorithm 6 : Procedure ClearIrrelevantIntervals(l, L, mazx_x)

1 i «— SmallestIntervalln(I);

2 £ — LeaderOf(i);

3 while i < maz_x do

4 Remove(i, I);

5 Remove (¢, L);

6 i+ SmallestIntervalIn(I);
7 ¢ — LeaderOf(i);

8 end

9 seti of £ to max _z,
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microRMA MRNA duplex

mRNA] e
MRNA-2
MRNA3
T e
MRMA-5
mRNAS — e

Gene expression
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-100[ 10 30

1 2 3 4 5 6
Gene -Number

-150| -10] -70]

Figure 1:Associating a microRNA and a specific condition. The prestidargets of microRNA” (i.e. computed to
have the potential to form a stable duplex with it) at&N A;, mRN A, andm RN Ag. According to the expression
profile at the bottom of the figure, the expression levels eSéhpredicted target mMRNA§-100, —150, —70} cor-
respondingly) are significantly low in comparison to thet idthe mRNAs (10, 30, —10}) which participate in this
test.
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Figure 2:Constructing the Associating matri%, by applying the association operatiéhbetween each row of the
target matrix” and each column of the expression matkix Note that the 1's in th&" matrix correspond to cases
where the predicted duplex between the microRNA and thestartiRNA were stable (below a predefined energy

threhold).
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Precedence: i'<i, j'<j

I!’ )
m=|P| ( .J) Gap in microRNA
Toop....... ol /i
e - (|1 J)
.................. S LT
MRNA
loop
AACC GG T (mRNA)
CAUGGCUCGAUU C[CGGGU cCcCACAGAGACUC
CUAA GICC CA GGuUGuUCU
I GGC T
P (URNA)

Figure 3:The naive dynamic programming algorithm for computing thergetically most favorable duplex between
a short query RNA and a long target RNA using nearest-neigthissmodynamic scoring rules. Note that computing
the score of each celt, j) involves the consideration of all the ce(l8, ;') preceding it (i.e. left and above such that
i’ <iandj’ < j)inthe DP table, which leads to &m?n?) time complexity.
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base pair  loop gap
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iy i GG
CAUGGCUCGAUU CICGGGluU cC
ClUAA ¢ uGlcC dA G
i

T (mRNA)

C ACAGAGACUC
GUGuUCU

P (URNA)

Figure 4:The energy of a duplex computed as the sum of its componeass: firs, loops and bulges.
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E[i,j] =min{ D[i',j] +In(i-1"+]-})}
forall (i) | I'<i, j'<|

25 G )

AUU CCG CAGA
UAA GCCp y.Ucu

CocY T ApgaUl

Figure 5: A sparse representation of the dynamic programming tablee score of pointt is computed as the
minimum of three sums of pairs each consisting of a score faeeeding point plus the cost of the loop connecting
the preceding point to the new point.

30



Figure 6:The division of the dynamic programming table intg/k slices of sizek each. Each arc is restricted to a
sliding window of2k consecutive rows.
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In(i-I" + j-j) = In(i -i" +j ")

16

Figure 7: When computing the score of the poifit j) € S we only need to know its diagonal numbere( 16
in this example) plus, for each diagonal$h, the value of the point on that diagonal which carries theslstwalue
among all those preceding poifit ;)
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Figure 8:Computing the arc-contribution of the first 2 pointsdnto the first point inS,.
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Figure 9:The graphs representing the score terms contributed bysPband 2 to the computation &f for Point 3
in Figure 8.
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Figure 10:Computing the arc-contribution of the first 3 pointsdpto the second point i5.
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Figure 11: The graphs representing the score terms contributed byspbjr2 and 4 to the computation & for
point 5 in Figure 10.
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Figure 12:The fragmentation of the leadership interval priot:tQ,...
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Figure 13: Using the divide and conquer and traversal order describeudea the fragmented leadership intervals,
which by definition fall to the left of:,, .., are no longer relevant to the minimization computation.
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min average
microRNA Condition Ali, j] | Tothers | Ttargets | Ali,j] | Alg, J]

shuffled | shuffled

mMiR168A Xanthophyll mutant vs wildtype 1022 | 0.03 | -1.82 | 0.009 | 0.48

MiR168A Arabidopsis leaves inoculated in 10~ 0.01 -1.76 | 0.045 0.47
bacterial phatogen vs
non non inaculated leaves

mMiR168A Shoot exposed to light 1077 1 0.41 0.25 0.5
after 1hr darkness vs unexposed shoot

miR156A Defective DST-mediated mRNA 10~ 22 1.23 0.05 0.52
degradation pathway vs wildtype

miR159C | Phototropic stimulation of NPH4 mutants ys10—'' | 0.07 0.62 | -0.85 0.1
phototropic stimulation of wildtype

miR399A Roots treated with Auxin 10~ | -0.85 0.07 0.1 0.55
compare to untreated roots.

Table 1: MicroRNAs and associated conditions. For Bonferroni ctetep-values, entries of the table
should be multiplied byt0%.

39



[

microRNA | Target list Hybrid- | GO term
ization
energy

mirl68a | AT3G26420 | -43.2 | RNA binding
AT5G60800 | -41.7 | Metal ion binding

miR159C | AT4G08320 | -35.90 | Endomembrane syste
AT3G26420 | -36.30 | RNA binding
ATAG02520 | -36.70 | Glutathione transferas
AT3G10770 | -41.40 | Glutathione transferas
AT1G78880 | -37.30 | Unknown
AT4G01810 | -36.10 | Photoreceptor activity
AT1G09570 | -37.30 | Photoreceptor activity
AT1G73060 | -36.80 | Unknown
AT4G22890 | -39.60 | Chloroplast protein
AT4G24230 | -38.40 | Acyl-CoA binding
AT5G40760 | -36.00 | Unknown
AT2G24940 | -36.90 | Electron transport

mir399C | AT4G24470 | -37.50 | Transcription factor
AT1G51200 | -38.10 | Electron transporter
AT3G13460 | -36.10 | Unknown
AT3G07390 | -36.80 | Response to Auxin
AAT3G27260| -36.30 | DNA binding

mir395 AT3G26420 | -38.20 | RNA binding
AT2G31800 | -38.70 | Kinase activity
AT1G55255 | -36.80 | Zinc ion binding
AT1G78080 | -36.20 | Transcription factor
AT5G61170 | -36.50 | Ribosomal RNA
AT1G73060 | -42.20 | Chloroplast protein
AT5G27650 | -36.60 | Unknown
AT5G35360 | -36.10 | Chloroplast protein
AT2G36400 | -36.70 | Chemokine receptor
AT3G52800 | -36.80 | Zink ion binding
AT4G24230 | -36.90 | Endomembrane syste
AT1G60730 | -36.10 | Kcl channel
AT2G43970 | -37.90 | RNA binding
AT3G18210 | -36.60 | Unknown
AT5G10860 | -38.40 | Acetolactate synthase
AT1G08990 | -37.50 | Endomembrane syste
AT5G54300 | -36.20 | Sodium ion transport
AT5G15320 | -38.50 | Endomembrane syste
AT3G50960 | -36.60 | Unknown

Table 2: microRNAs and their potential targets.
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size of T miREX Naive Naive/miREX
time(sec) time(sec) mean +- SD
200 0.041 1.10 26.83 +- 0.09
400 0.048 4.44 92.50 +- 0.33
800 0.066 18.70 283.33 +- 2.03
1600 0.097 72.80 750.50 +- 6.09
3200 0.160 288.00 | 1800.00 +-24.49
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Figure 14: Average Naive/miRNAXpress running times vs. mRNA size. Eautty of the table (or point in
the graph) is an average ovEI00 corresponding pairs.
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Figure 15:Tissue specific microRNAs. MicorRNAs that had significant values only at specific tissues.
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