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Abstract— Peroxisomes are small subcellular compartments peroxisomal targeting signal 2. The new motif is used to
that utilize proteins manufactured in the cytoplasm. Protens  predict PTS2s in sequence data with a better classification
use one of two peroxisomal import pathways. This paper aecyracy than any of the previous, alternative definitions.
presents a simple evolutionary search for a motif that desébes . . - .
the signal used by one of the two pathways: PTS2. The evolved Th.e motif’s ger_]eral'zat'on abilities are ”gorOUSIY etied )
motif has a discriminative accuracy exceeding previously mn- ~ USing cross-validation. We show that understanding a raotif

ually curated motifs and can be used to screen genomic data limitations may also assist in large-scale analysis.
for putative peroxisomal proteins.
[I. BACKGROUND

Recent studies have illustrated the two peroxisomal import

Proteins in the subcellular peroxisome are nuclear epathways’ usage of a set of peroxins (chaperone proteins
coded, translated on free ribosomes and then rely on tvivolved in peroxisomal biogenesis). Proteins with a per-
known import pathways. Each pathway is associated withxisomal targeting signal 1 bind the receptor peroxin Pex5
a distinct peroxisomal targeting signal (PTS), labeled PTSand then docks on the single-lined membrane populated by
and PTS2. Peroxisomes play an essential role in lipid complex of other peroxins [1]. The PTS1 is carried by
metabolism for almost all eukaryotes. Deficient targeting ta majority of peroxisomal proteins and has been relatively
the human peroxisome is associated with serious diseasesll-studied. PTS1 is typically described as a C-terminial t
(e.g. Zellwegger syndrome) and has prompted efforts feeptide (often the amino acids ‘SKL') with subtle dependen-
understand the underlying import mechanisms. cies ranging the preceeding nine residues [10].

A few PTS1 predictors have been developed based onProteins with a peroxisomal targeting signal 2 first in-
data-driven analysis, including PeroxiP [5], PTS1 [11]danteracts with the receptor peroxin Pex7. With some species-
PTS1Prowler [8]. However, the lack of PTS2 data has seariation, Pex7 usually associates with Pex5 before thei do
far inhibited data-driven analysis of the second pathwagn the peroxisomal membrane, unloading the cargo protein
into the peroxisome. This paper applies machine learnirigto the peroxisomal matrix [1]. The PTS2 signal (enabling
methodology to shed light on the composition of PTS2he interaction with Pex7) is generally described as a nine-
More specifically, by utilising evolutionary search operat amino acid pattern.
we identify a discrete motif description (a pattern of amino In the original experiments leading to the discovery of the
acids) that can be used to discriminate proteins that will BTS2 it was noticed that in many peroxisomal proteins with-
imported into the peroxisome using the PTS2 from those thatt a PTS1 motif there was an N-terminal region with many
will not. of the features of a mitochondrial targeting peptide: a net

With 20 natural amino acids, and with a target motifpositive charge, clustering of hydroxylated residues, ted
of length 9, and then allowing one to 20 amino acids irmbsence of a stretch of hydrophobic residues [12]. Although
each position, an exhaustive search for an optimal motifsually N-terminal, and often cleaved in mammalian cells, i
is computationally infeasible. Instead, inspired by naltur can be found anywhere in the protein. A specific nine-amino
evolution of biological sequences, we create a populatfon acid consensus sequence was identified RLXXXXX[HQ]L
random candidate motif definitions based on possible amirjd], where all letters symbolize a specific amino acid (excep
acids in each of the nine positions. Armed with a small se{ which stands for any amino acid) and brackets indicate
of experimentally confirmed non-PTS1 targeted peroxisomaptional amino acids (in a regular expression fashion). Mu-
proteins, each of the candidate definitions is evaluated tational analysis has shown certain residues (in partichia
terms of its discriminative ability. In contrast to conviemial first R and eighth H) to be critical [7]. This specific motif was
motif-finding algorithms we make use of a large set of knowsoftened to allow certain property preserving substihgio
negative sequence data. Highly ranked candidates are used some years the loosest consensus sequence for PTS2
for creating a new population of candidate definitions usingroteins has been [RK][LVI]XXXXX[HQ][LA] [14], [13].
recombination and mutation. Needless to say, motifs are over-simplified depictions

Using evolutionary search operators we are able to identifyf the required properties of a genuine PTS2. However,
a novel, and completely transparent motif definition fothe transparency of their representation simplifies manual

I. INTRODUCTION



screening of novel proteins as well as expert scrutiny ofour candidate motifs. A sequence logo of the region around
the grounds of additional and more specific evidence. Foine PTS2 motif is shown in Figure 1. The logo illustrates
instance, the importance of structural properties of PTS2he general composition of the nine amino acids (identified
imported peroxisomal proteins is yet to be fully understoods per above).
[6], [3] and could be considered on top of the motif in a To generate negatives we extracted all proteins with an ex-
specific biological context. perimentally confirmed and unambiguous localization eithe
In recent years more refined versions of the PTSE the Nucleus, Chloroplast, Mitochondria or the Cytoplasm
motif have appeared. Petrivet al. give the most from SWISSPROP. Redundancy reduction was performed
recent and specific definition of the PTS2 which thewuch that no two proteins have more than 20% sequence
base on an analysis of known PTS2 proteins. Thegentity. Similar to the positive set, we included only [@iots
identified motifs that narrow down some of the centralvhich matched the baseline motif. In fact, by mere chance it
five residues. They present a highly specific versioappears, the permissive baseline motif matches close tg eve
RILVIQIXX[LVIH][LSGA]X[HQ][LA], and a more general second protein in SWISSPROT. We also included known
version [RK][LVIQIXX[LVIHQ][LSGAK]X[HQ][LAF]. PTS1 proteins that matches the baseline motif. This was done
However, they note that the internal structure only emerges include proteins that can be functionally similar to the
in a composition analysis when they focus on the N-termin®TS2 proteins yet use a different import mechanism. The
motifs, indicating that the structure of the motif may indee total number of proteins in the final negative set is 2799.
have some dependence on its location within the sequencerThe corresponding sequence logo graph for negative data
[13]. is provided in Figure 2. Again, when more than one match
1. DATA is found, the nine-amino acid segment matching the sttictes

o . of the four motifs is used. The logo graphs of positive and
As SWISSPROT lacks a specific annotation for PTS2, Wﬁegative data illustrate clearly that the task of diffeiatinig

created a set of potential PTS2 targeted proteins by figeri hem is not trivial, and that there is subtle conservation in

SWIS.SPROT reIe_asg 48'5.3 for all proteins annotatgd Wiositions 3-7 in the positive data set not seen for negatives
peroxisomal localization (in the CC field), but lacking a

“microbody targeting signal” (used for PTS1) or membrane
association (peroxisomal membrane proteins seem to be han-
dled by different mechanisms altogether [1])“- We ech"ud“ed We investigate the use of motifs as discriminative function
proteins whose location was annotated as “probable”, *bynd aim to develop a novel motif that improves on reported
similarity” or “potential.” This procedure ensured we h&@t - motifs in terms of classification accuracy as viewed on novel
current list of experimentally determined peroxisomalmmat samples.

proteins with no known import mechanism. In the absence |t ha5 heen suggested that the current definition of a PTS2
of evidence to the contrary, we thus assume the protein faqi is too broad [13]. Indeed, using the standard motif
be imported by means of PTS2. The initial filtering resulte‘{iRK][LVI]XXXXX[HQ][LA] [14] to identify positives (and

in 109 proteins. _, o . to regard all others as negatives) there will be a large numbe
We define a very non-specific PTS2 motif imposing necs ta1se positives, i.e. hits which are not actually recagui
essary, but not sufficient, conditions on a PTS2 (see Tab[!)g, the PTS2 import machinery.

). This “ba§eline” motif_essentially defi.nes a_superset of The four motifs in our hierarchy (Table I) were tested for

all sets defmgd by previous PTS,Z motifs. Using the NONheir discriminative ability. We scanned all sequences (73
specific baseline motif, we identified 12 of the 109 proteins i o< and 2799 negatives) using each motif. For each
as not utilising a PTS2 after all and these were consequen otif, the number of sequences with at least one matching
removed! To remove homologous proteins from further CON%ine-amino acid sub-sequence, was recorded, as was the
sideration (and reduce bias in our predictions) we pen‘drmqmrnber of sequences not matched at all. The counts are
redundancy reduction on the 97 protein sequeRcetgining

t of 73 homol | d used f.lgr?vided in Table II.
a set of 7> non-nomologous sampies, and used as our aAccuracy can not be justly quantified by a simple percent-
set of positives.

In addition to the baseline motif, we use a hierarchy opge since the two classes are highly unbalanced. Matthews’

. . - ) correlation coefficient (MCC) [9] takes into account the
D e e o pumers of e postvesi(, e negaes (), fae
P : . ' P ositives (fp) and false negativesff) of a class (Equation
nature of the baseline motif, several sequences have magre

than one match of it. We rely on this hierarchy to find the”
instance most likely to be a PTS2, i.e. the nine-amino acid tp-tn— fp- fn
segment that fulfils the requirement of the strictest of the \/(tp+ Fn)p + [p)(tn + [p)(in + fn) )

IV. METHOD

10f the 12 proteins, eight could be removed outright from etdaspec-
tion of the SWISSPROT entries (either incompletely spetifieerroneous). SWe exclude proteins that are associated with the secretatiway
2We used BlastClust with default settings to perform reduogaeduc- as they are localized co-translationally and would thus betsubject to
tion. peroxisomal import mechanisms even if they had valid PTSs.
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Fig. 1. A sequence logo of the aligned region containing thengest PTS2 motif for all positive samples. Each lettands for an amino acid prevalent
in the position (x axis), the height (y axis) indicates thfoimation theoretic content carried by the amino acid }bits

Hierarchy of PTS2 motifs

Motif Source
RILVIQ]XX[LVIH][LSGA]X[HQI][LA] [13] (specific version)
[RK][LVIQIXX[LVIHQ][LSGAK]X[HQ][LAF] [13] (general version)
[RK][LVIQIXXXXX[HQ][LAF] [14]
[RKH][GALVIQPM]XXXXX[HQN][LAGVIFPM] Baseline

TABLE |

PTS2MOTIFS IN THE LITERATURE (RANGING THE MOST TO THE LEAST SPECIFIL.

bits
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Fig. 2. The sequence logo of the aligned region containimgstiongest PTS2 motif for all negative samples.

Moreover, to enable a full comparison with alternative methWe use cross-validation, whereby we divide the existing dat
ods we show theensitivity(Equation 2), in k sub-sets. The subsets are shuffled between each of
tp repeats of the simulations so that every single sequence end
h+ fn (2)  up as a test sequence in exactly one run.

- . Can we come up with a better motif by using known non-
and .th? specmcny of each class (Equation 3) for eaChPTSZ sequences? That is, can we find a better classification
discriminative motif. o . :

boundary between positives and negatives by exploring the

_in (3) negatives that are near in sequence-space? We attempt to
tn+ fp answer this question by evolving a discriminative motif end

In order to optimize the prediction accuracy of the motifselective pressure defined over both positive and negative
we can not simply find an optimal fit. The best fit overdata. For each sequence we save only the nine consecutive
all known data would not necessarily generalize well, e.amino acids that match the most specific motif of the four
a look-up table with all known PTS2 sequences would nah Table I. Thus, we base our selective criteria on basis of
extrapolate, it would simply require positive novel sanspte these 73+2799 9-amino acid sequence segments only. We
be exactly the same as at least one already known sequermieve that searching by evolutionary operators may tassis
To properly test for generalization, we generate motifsnfro in identifying candidate motifs that are less vulnerable to
a training set which is then evaluated on a separate test satcidental mutations, i.e. motifs that are less likely @ssify




Classification results for PTS2 motifs

Motif TP FP TN FN| Sensitivity Specificity| MCC

[13] (specific) | 17 37 2762 56 0.23 0.99| 0.25

[13] (general) | 20 112 2687 53 0.27 0.96| 0.18

[14] 38 709 2090 35 0.52 0.75| 0.10

Baseline motif| 73 2799 0 0 1.00 0.00| NaN
TABLE Il

DISCRIMINATIVE ABILITY OF PREVIOUSLY REPORTED MOTIFS AND OWR BASELINE MOTIF (WHICH IS USED AS A PREFILTER FOR ALL SCREENED
SEQUENCEg. PERFECT SENSITIVITY OR SPECIFICITY ISL.0, THE WORST VALUE 1S0.0.

positives as negatives even if they are perturbed slightly. a range of graded scales describing the physicochemical
We define a candidate PTS2 motif in the following wayproperties of amino acids (hydrophobicity, charge and Jtype
There are nine positions. In each position a subset, exxjudiEach amino acid identified one value in each of these scales.
the empty set, of all allowed amino acids is identified. We uskor each position in a candidate motif we calculated an
the baseline motif to decide which amino acids are allowedentropy for each scale, depending on the accepted amino
all others would be futile as matching the baseline motif is acids. For each position, the smallest entropy value ower th
prerequisite for the data. For example, in position one, R, Kiree scales was chosen. A small entropy would thus indicate
and H are allowed by the baseline motif. A candidate PTSthat the set of allowed amino acids had similar properties in
motif can thus in position one either have R, K, or H byregard to at least one scale. A large entropy would indicate
themselves, RK, RH, KH, or RKH. that there was great variation among the values for all three
Initially, we randomly generate candidate motifs (fulfill- scales. The objective function is the sum of the MCC and the
ing the requirement above). Each candidate motif is evatliatnegative sum of position-specific entropy values. We choose
using an objective (or fitness) function. In our first set oto control the influence of the summed entropy by means of
simulations the objective function is simply the MCC, ove® weight.
the training set. Al candidate motifs are ranked. Depending V. RESULTS

on the rank the motif is selected for recombination — the . . . .
For all simulations we decided to use a populatiom of

higher rank, the higher probability (as defined by the alisolu motifs. evolved for 300 generations. Some preliminar
of a Gaussian distribution with a mean of 0 and a variance (?rpals c')nds';:ae;e?j t?\at Z'm Iat'gﬁse 2 glls.cog eer) 2de at s:my
n/2). In total, n/3 number of motifs are selected using the 1a1s incl imuiatl usuaty Verg

rank for recombination. The offspring of recombining tWOpoint before 300 generations and that more than 30 motifs

selected parent motifs (from the abaves-set) is generated rarely made a difference. We also tested some variations in

by first shuffling the parents’ motifs at each point betweeﬁe'ctlng rtecomllt:)lr;azljor;%and n;utiltl(;)r215prozif)|$[|ei afdowﬁ;(t'
the 9 positions with a probability of?(Recomb). This 0 report results foP(Recomb) = 0.25 and P(Mut) = 0.

probability is small, thus parents usually exchange thaitsp as they seemed to ensure some initial explora_non and then
table convergence. From the large number of simulations we

only between one or two positions. Thereafter the offsprin o .
n we saw no results that were significantly outperforming

definition is subject to mutation: each part of the motif i hose reported here. On a cautionary note, we freely acknow
perturbed with a probability(M/ut). The probability of dge that there may be more optimal parameter settings.

mutation is also small, but when it happens it consists ci—l wever ¢ intention here is orimarilv to illustrate th
adding or removing an amino acid with equal probability. A owever, ou ention here 1s primarily 1o iiustrate the

check is done so that at least one amino acid is allowed Icnomposmon, use and accuracy of an evolved PTS2 motif.

each position. Of the motifs in the population, we keep/6 ~ A. MCC as objective function

unchanged (elitism) and replace the remairing6 with the  ysing 10-fold cross-validation, we evolved motifs using
offsprings (generated as per above). the MCC objective function. We then repeated the simulation
A range of objective functions were tested. As the finaio times with different initial populations and with diffart
accuracy is measured in terms of MCC on a test set it Hivisions of the data sets. Consequently, 100 motifs were
perhaps not surprising to see that using MCC as an objecti¥grated.
function over the training data works well. The average MCC over the test data is 0.299 with a
To compensate for the unbalanced training data, we trialegiandard deviation of 0.041 over the 10 repeats. Note that
a weighted MCC objective function. The number of truén order to calculate the MCC for a single run one has to
positives and false negatives (i.e. all known positive d@8)p use all 10 motifs—each tested only on those samples that
was multiplied by a weight which was varied betweerwere excluded while training. Every single motif had an
simulations. extremely high specificity indicating high integrity—alsto
We also designed an objective function to penalize cormo non-PTS2 sequences were classified incorrectly as posi-
plicated motif descriptions. More specifically, we idemtifi tives. However, this seems to happen at the expense of the



sensitivity which was usually very low. All data is presente hits in Arabidopsis Thaliana. We found a mere 12 false
in Table llI. positives, after filtering predicted secreted proteingcimag

. L ) the expected specificity at 0.9994.
B. A weighted MCC as objective function

In our weighted MCC simulations we used four different VI. CONCLUSION
weight values to compensate for the paucity of positive
samples. We observed no or very variable improvement in We use a simple motif description to discriminate between
sensitivity, a slight decrease in specificity, and a deeréas PTS2-imported proteins and others. This representatisn ha
MCC as measured over the non-weighted test data (see Tablyious limitations, e.g. it can not indicate graded member
1. ship or dependencies between individual positions. Howeve

it is transparent and can thus be used in an informed and
C. Penalizing physicochemical disorder considered manner by the experimenter.

By penalizing sets of amino acids that had different physic- We evolve a PTS2 motif with a classification accuracy that
ochemical properties with the negative entropy objectivexceeds previously proposed PTS2 motifs. We also estimate
function, we noticed that accuracy dropped dramaticallifs accuracy in such a way that we can predict how many
beyond a weight of 0.1. mistakes it will make. We screen the genome of Arabidopsis
' . Thaliana and identify 76 putative PTS2 imported proteins.
D. A final motif By screening the peroxisome-less Entamoeba genome, we

The accuracy measured over the training data is generalignfirm that the estimated specificity is very high and we thus
much better than over the test data. In our tests we note th@dpect very few false positives when using the motif. The
the MCC over the training data is usually between 0.50 angstimated sensitivity is however very low and we believé tha
0.60. However, this value does not represent the true yabilii predicted set represents only about 20-30% of the complete
of the motif when used on novel samples. However, theet of PTS2-imported proteins.
performance that we observe over the test data for a paticul Our study not only identifies a novel PTS2 motif but also
configuration is indicative of the performance that we woul@iemonstrates the natural utility of evolutionary searchrop
get from a motif evolved using that same configuratiomtors in creating biological sequence motifs—which regmes

gleaning the whole data set. We choose to use the whai@tities that themselves are subject to selective pressure
data set to evolve the final motif, and use the accuracy we

got over a smaller training data set as an estimate of its
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Classification results for evolved PTS2 motifs

Simulation Sensitivity Specificity MCC

Standard MCC 0.190 (0.028) 0.995 (0.001)0.299 (0.041)
Weighted 2x 0.192 (0.021) 0.994 (0.001)0.291 (0.032)
Weighted 5x 0.177 (0.041) 0.995 (0.001)0.281 (0.045)

Weighted 10x 0.185 (0.022) 0.991 (0.011)0.265 (0.049)
Weighted 100x 0.296 (0.079) 0.896 (0.066)0.117 (0.056)
Neg entropy 0.05¥ 0.196 (0.019) 0.995 (0.001)0.298 (0.028)
Neg entropy 0.1x | 0.194 (0.028) 0.995 (0.001)0.302 (0.030)
Neg entropy 0.2x | 0.341 (0.070) 0.863 (0.051)0.098 (0.031)

TABLE Il
DISCRIMINATIVE ABILITY OF EVOLVED MOTIFS . AVERAGES ARE REPORTEDSTANDARD DEVIATIONS OVER 10 REPEATS IN BRACKETS

[RILIQM]['CHLYV] [REHILKMFVS][AEGHKPSW]['/RDEGFPW][  "I] [H][LA]
[RILIQM]DCHILYV][RDEHLMSWV] [QEGK]  [[GPW]  [IPW]H JILAM]

Fig. 3. The motif evolved using the plain MCC as an objectiuaction and the motif evolved using the MCC and physicockabmisorder objective
function. Caret signifies negation.
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