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ABSTRACT

GENOME-WIDE PREDICTION OF INTRINSIC DISORDER;
SEQUENCE ALIGNMENT OF INTRINSICALLY
DISORDERED PROTEINS
Uros Midic
Doctor of Philosophy
Temple University, 2012

Doctoral Advisory Committee Chair: Dr. Zoran Obradovic

Intrinsic disorder (ID) is defined as a lack of stable @aeytand/or secondary structure
under physiological conditions in vitro. Intrinsically disordered protdiDBs) are highly
abundant in nature. IDPs possess a number of crucial biological funtigmg,involved
in regulation, recognition, signaling and control, e.g. their fundtiomgpertoire
complements the functions of ordered proteins. Intrinsically disordeggoins (IDRs) of
IDPs have a different amino-acid composition than structuredreg@nd proteins. This
fact has been exploited for development of predictors of ID; thepbegictors currently
achieve around 80% per-residue accuracy.

Earlier studies revealed that some IDPs are associatedvanibus human diseases,
including cancer, cardiovascular disease, amyloidoses, neurodegendalziases,
diabetes and others. We developed a methodology for prediction angsisna
abundance of intrinsic disorder on the genome scale, which combindsodataarious
gene and protein databases, and utilizes several ID prediction W& used this

methodology to perform a large-scale computational analysithefabundance of



il
(predicted) ID in transcripts of various classes of disedatdk genes. We further
analyzed the relationships between ID and the occurrence of aitersaticing and
Molecular Recognition Features (MoRFs) in human disease classes.

An important, never before addressed issue with such genome-wideatipps of ID
predictors is that — for less-studied organisms — in addition toexiperimentally
confirmed protein sequences, there is a large number of putative sejuenioh have
been predicted with automated annotation procedures and lack expaliment
confirmation. In the human genome, these predicted sequences hafieasithpihigher
predicted disorder content. | investigated a hypothesis that fuisedancy is not correct,
and that it is due to incorrectly annotated parts of the putatdteiprsequences that
exhibit some similarities to confirmed IDRs, which lead tohhpgedicted ID content. |
developed a procedure to create synthetic nonsense peptide seduetreeslation of
non-coding regions of genomic sequences and translation of coding regitns
incorrect codon alignment. | further trained several classifto discriminate between
confirmed sequences and synthetic nonsense sequences, and used theses piedi
estimate the abundance of incorrectly annotated regions in pwtatjuences, as well as
to explore the link between such regions and intrinsic disorder.

Sequence alignment is an essential tool in modern bioinformatics titGtidus
matrices — such as the BLOSUM family — contain 20x20 paramefach are related to
the evolutionary rates of amino acid substitutions. | explored varivateges for
extension of sequence alignment to utilize the (predicted) digstrdeture information
about the sequences being aligned. These strategies emplogteaded 40 symbol

alphabet which contains 20 symbols for amino acids in ordered regiorZ0asymnbols
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for amino acids in IDRs, as well as expanded 40x40 and 40x20 matrivesnev
matrices exhibit significant and substantial differences irstistitution scores for IDRs
and structured regions. Tests on a reference dataset show that m@ikices perform
worse than the standard 20x20 matrices, while 40x20 matrices Husedenario where
ID is predicted for a query sequence but not for the targpiesees — have at least
comparable performance. However, | also demonstrate that tléioasiin performance
between 20x20 and 20x40 matrices are insignificant compared to theiovariat
obtained matrices that occurs when the underlying algorithm faculefibn of

substitution matrices is changed.
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CHAPTER 1

INTRODUCTION

Significant experimental and computational data show that rbhaggically active
proteins lack rigid 3-D structure, remaining unstructured, naompletely structured,
under physiological conditions, and, thus, these proteins exist amidyaasembles of
interconverting structures. These proteins are known by diffemantes, including
intrinsically disordered (A K Dunker et al. 2001), natively dared (Schweers et al.
1994), natively unfolded (Weinreb et al. 1996), intrinsically unstrudtwright and
Dyson 1999), and natively disordered (Daughdrill et al. 2005) amongsoffiee terms
intrinsic disorder (ID), intrinsically disordered protein (IDRhd intrinsically disordered
region (IDR) will be used here.

The manifestation of ID is manifold, and functional disordered setgrean be as
short as only a few amino acid residues or can occupy ratheddopgegions and/or
protein ends. Proteins, even large ones, can be partially or dnaly disordered. Some
IDPs and IDRs exhibit collapsed disordered conformations with pronouesstlal
structure (thus, resembling a molten globule), others can istagxtended highly
disordered states (such as the random coil), while stilrofbem collapsed random coils
or semi-collapsed premolten globules (A K Dunker et al. 20@Lighdrill et al. 2005; V
N Uversky 2003; Crick et al. 2006; Tran, Mao, and Pappu 2008). Timnship among
the different ID forms needs further study.

There are several crucial differences between amino aaietisegs of IDPs/IDRs and
structured globular proteins and domains. These differanckgle divergence in amino

acid composition, sequence complexity, hydrophobicity, aromaticigrgeh flexibility
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index value, and type and rate of amino acid substitutions over iewaiyt time. For

example, IDPs are significantly depleted in bulky hydropholdé; [eu, and Val) and
aromatic amino acid residues (Trp, Tyr, and Phe), which form stalilize the
hydrophobic cores of folded globular proteins. IDPs also possess a low content aflAsn a
of the cross-linking Cys residues. The residues that aralesslant in IDPs, and that are
more abundant in structured proteins, have been called order-prorasting acids. On
the other hand, IDPs/IDRs are substantially enriched in poldrcharged amino acids:
Arg, GIn, Ser, Glu, and Lys and in structure-breaking Gly and Prduess collectively
called disorder-promoting amino acid residues (A K Dunkexd.e2001; P Romero et al.
2001; P Radivojac et al. 2007). Thus, in addition to the well-known éjprdblding
code”, stating that all the information necessary for a given proteaddasfencoded in its
amino acid sequence (Creighton 1988), “protein non-folding code” heas fim@posed,
according to which the propensity of a protein to stay intrilgidésordered is likewise
encoded in its amino acid sequence (R M Williams et al. 2001; V N Uv2aK3).

Amino acid differences between IDPs and ordered proteins hae Undized to
develop numerous disorder predictors, including PORIDRredictor of Naturally
Disordered Regions) (P Romero et al. 2001), charge-hydropétks (CH-plots) (V N
Uversky, Gillespie, and Fink 2000) and IUPred (Dosztanyi et al. 2@0&ame a few.
Intrinsic disorder predictors fall into two general groups. Peidue predictors (such as
the PONDR group of predictors) output a score for each residue in @iprand are
especially useful when applied to proteins having both structuckdisardered regions.
Per-protein (or per-sequences) type of algorithm gives aesprgdiction value for the

entire protein sequence. This type is useful when the objectieeidentify mostly or
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wholly disordered or structured proteins. The charge-hydrophpl{iCit)-plot and the

cumulative distribution function (CDF) are the two main predgtof this type (C J
Oldfield, Y Cheng, Cortese, C J Brown, et al. 2005). The current cttdtes art in the
field of IDP predictions, including advantages and drawbacks, has fagemarized
recently (He et al. 2009). Links to many of the servers for these predeaarbe found in

the Disordered Protein Database, DisPnot\y.disprot.org (Sickmeier et al. 2007).

Although experimentally characterized IDPs have been discussled literature over
at least four decades, these proteins have not been viewedrasp, but rather as a
collection of unusual protein outliers. Bioinformatics is pigyia major role in
transforming this collection of examples into a sub-field otgn science. For example,
soon after the first disorder predictor was developed (P Roenelo1997), it was shown
that 25% of proteins in Swiss-Prot contained predicted IDomsglonger than 40
consecutive residues and that about 11% of residues in Swiss«mtlikely to be
disordered (P Romero et al. 1998). Subsequent analyses confirmedtréretse and
revealed that eukaryotic proteomes are significantly moiehett in IDPs in comparison
to bacterial and archaeal proteomes (C J Oldfield, Y ChengeseorC J Brown, et al.
2005; Ward et al. 2004). This increased utilization of IDPsigihdr organisms was
attributed to the greater need for signaling and coordination athengarious organelles
in the more complex eukaryotic domain (L M lakoucheva et al. 2002).

In Section 2.2 | propose a methodology framework for prediction aaadysis of
protein ID on a genome-wide scale. | compare two indicators ofdaimge of predicted
ID, and address the question of treatment of multiple isoformsledday the same gene.

In Section 2.3, this methodology is then applied to the whole huerammtg, to analyze
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abundance of ID in proteins related to various disease cld$seanalysis revealed that

() Intrinsic disorder is common in proteins associated migmy human genetic diseases;
(i) Different disease classes vary in the IDP conteftgheir associated proteins; (iii)
Molecular recognition features, which are relatively shodsédy structured protein
regions within mostly disordered sequences and which gaintisgugpon binding to
partners, are common in the diseasome, and their abundancetesmweth the intrinsic
disorder level; (iv) Some disease classes have a signifiGction of genes affected by
alternative splicing, and the alternatively spliced regions irttheesponding proteins are
predicted to be highly disordered; and (v) Correlations weredf@mong the various
diseasome graph-related properties and intrinsic disorder.

In Chapter 3 | demonstrate that large-scale ID prediction otiy®ifaotein sequences
in NCBI database, obtained with automated annotation procedurebg aamreliable. |
explore the idea of using a predictor to distinguish betwéen confirmed protein
sequences and synthetic nonsense amino acid sequences obtainaaslaying non-
coding regions of the genomic sequences and translating codigseagi the wrong
codon alignment. The application of these predictors to the uno@afiportion of human
proteins in NCBI database shows that the unconfirmed proteinsirc@oiegh nonsense
regions that partially bias the estimates of abundance of diveklker, the discrepancy in
disorder prediction between confirmed and putative human protein sequencesksennot
fully explained.

Sequence alignment is an essential tool in modern bioinformaticgioBhef sequence
alignment is to arrange two or more (nucleotide or amino aeigyeices in rows of

equal length in an attempt to identify similar and evolutionatgted sequences. The
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alignment process allows mismatching and gaps where neisesatorrespond to point

mutations while gaps correspond to insertions and deletions. &igsinent algorithms,
including BLAST (Altschul et al. 1990) and ClustalW (Chenna e2@0.3), use a matrix
of parameters known asubstitution or scoring matrixto assign scores to possible
alignments and then look for an alignment with maximalescAdditionally, penalties for
gaps can also be controlled with parameters, such as thepgaimg penalty and the gap
extension penalty.

Substitution matrices are derived from a set of “groundrtraiignments; PAM
matrices (Dayhoff and Schwartz 1978) were developed from af saetinually curated
alignments, while BLOSUM matrices (S Henikoff and J G iKeih 1992) were
developed from alignments in the BLOCKS database (J G Henikoff and S Her9R®6if.
There is no natural golden standard for the choice of set of “gitoutid alignments, and
this choice is one of the main sources of variation betweeougasubstitution matrices.
The score for matching of amino acidsy and & is calculated as
scorda; , &) = Clogx(p; / gig;), wherep; is the observed frequency af andg being
aligned in the “ground-truth” alignments, whdeandq; are the observed frequenciesaof
anda;, and the consta@ is selected so that the error introduced by rounding all stmres
the nearest integer is minimized. The score is positive aiatidss; andg; are observed
aligned as a pair more frequently than would be expected basdaeionndividual
frequencies, and negative if they are observed aligned less ritegtlean would be
expected.

The difference in amino acid compositions between IDPs/IDidssauctured proteins

casts doubt on the suitability of BLOSUM and PAM matrices dlignment of IDP
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sequences, sinegfrequencies are different. The rates of sequence evolution in disordered

versus ordered proteins were examined in (Celeste J Broah 2002), where it was
found that for 19 out of 26 families of proteins with confirmed inicirdisorder, the
disordered regions evolved significantly more rapidly thanotidered regions, while for
only 2 families the opposite was true. A different ratewafi@ion in IDPs/IDRs means
that the frequencigg; are also inappropriate, and a different substitution matmeeded
for alignment of IDP sequences.

To overcome the lack of “ground-truth” alignments for IDPs, amtitee approach has
previously been used (Predrag Radivojac et al. 2002) to obtaihcd akgnments of
families of proteins with confirmed IDRs and the correspondirigt#ution matrix. The
iterative procedure starts with the BLOSUMG62 matrix, alighgamilies of proteins and
calculates the substitution matrix from obtained alignsiefibe two steps of alignment
and calculation of the substitution matrix are then repeated unidymfigant changes are
observed. The obtained matrix DISORDER is significantlyedght than the initial
BLOSUMG62 matrix. However, no clear-cut criterion was essabd for when this matrix
should be used instead of the BLOSUMG62 matrix. Furthermore, this mataysabssigns
the same score to a pair of amino acids, regardless of wiibthebelong to IDRs or
ordered regions of proteins.

In Chapter 4, | propose and test a radically new approach to praquerse
representation for the purpose of sequence alignment that takes intot diceaxamcept of
intrinsic disorder and the differences in amino acid composiaodsevolutionary rates.
The proposed approach includes an extended amino acid alphabet withb&dssyvhich

assigns two different symbols to the same amino acid depeodindpether it belongs to
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an intrinsically disordered region or a structured region. Aatitee procedure, similar to

(Predrag Radivojac et al. 2002) is used to obtain a 40x4ditatiba matrix. This matrix
has four 20x20 submatrices that correspond to aligning: 1) orderedai@dregions, 2)
and 2") ordered to disordered regions, and 3) disordered taldriedr regions. The most
important advantage of this approach is that the alignmentthlgsrsuch as Needleman-
Wunsch (Needleman and Wunsch 1970), Smith-Waterman (Smith atesinvéda 1981)
and ClustalW (Chenna et al. 2003) can be modified to use the dedaubstitution
matrix and utilize the knowledge (experimentally determinegredicted) of intrinsically
disordered regions in the sequences being aligned. | found sighifindnsubstantial
differences between the four submatrices: the scores for aligomgisbrdered regions to
disordered regions are higher than the scores for alignmemtiefed regions to ordered
regions, which in turn are higher than the scores for alignmentdefreal regions to
disordered regions. which is further empirical evidence of higletutionary rate in
disordered regions. However, while this confirmed previoysbyposed difference in
evolutionary rates between ID and ordered regions of proteins, wa$t a reference
dataset have shown that this approach cannot be successfutiitegkpo improve the
retrieval of homologous sequences for ID query sequences. Thealextamino acid
alphabet idea was then applied to the original BLOSUM algorithoonstruct 40x40 and
40x20 matrices from the BLOCKS database. These matricestharecompared to the
standard 20x20 matrices, using the same reference datasef mesthodology. While the
results were different, no type of matrix had a clear adgantover the others.
Furthermore, simple changes to the underlying BLOSUM algorithieate regular

matrices with significantly different performance than trgutar matrix produced by the
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original algorithm. The effects of all the intricate detafishe BLOSUM and other matrix

producing algorithms, as well as of the sequence alignmaeurithlgs, have not yet been
sufficiently understood. It is necessary to explore them beforther attempts to

incorporate disorder/order information into the sequence alignmemithigs.



CHAPTER 2

LARGE-SCALE PREDICTION OF INTRINSIC DISORDER

2.1 Related Work and Open Problems

Large-scale genome-wide prediction of ID has been used psdyito confirm the
ubiquity of ID (P Romero et al. 1998), and to compare the abundan€eiofvarious
genomes and groups of genomes (C J Oldfield, Y Cheng, CortdsBrawn, et al. 2005;
Ward et al. 2004). Two general types of predictors were ysgetesidue predictors that
output a score for each residue in a protein, and per-protein tpredicat give a single
prediction value for the entire protein. Per-residue predi@msespecially useful when
applied to proteins having both structured and disordered regions. Rengnadictors
are better suited when the objective is to identify mostly or whollydigsed or structured
proteins.

The analysis of results of per-protein predictors is straghitfrd, as they give a single
classification output for a whole protein. Predictions for sege from two sets/genomes
can be compared using simple statistical techniques.

Per-residue predictors output a vector of variable lengthseithes for each individual
residue in a sequence. Before comparing predictions for sequeresvo sets/groups,
the vector of predictions for each sequence has to be surechamio a fixed number of
observations. Two approaches have been used to achieve this. Irsttla@gnoach, the
predicted IDRs are identified in a sequence and the longéstinDthe sequence is
identified. The length of the longest predicted IDR is then coeaptar a fixed threshold,

and for a set of sequences the fraction of sequences with pcetiid® longer than the
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threshold is reported. In the second approach, the fraction of disbroesielues is

reported. Both indicators (length of longest predicted IDR,itracif disorder) have their
advantages and potential problems. Fraction of disorder as aatordnas an issue with
long sequences, as a long sequence with a relatively longtpoetidR can still have a
small fraction of disordered residues. On the other hand, aah®ws that the length of
longest predicted IDR is biased towards the long sequences, ighidé to problems
when comparing sets of sequences with significant differenceseguence length
distributions. Furthermore, it is less stable with respecth& choice of prediction
threshold.

Another important issue is that many genes produce multgdéorms due to
alternative splicing (AS). These differ in length, and due tartbleision/exclusion of AS
regions can have different predictions for regions near thes@iSing sites. This is
usually addressed by using general methods for removal of redwsidalar sequences.
However, redundancy removal procedures select only one of the isafoded by the
same gene. Additionally, they can remove one of several simdtgipisequences even if
they are encoded by different genes (orthologs and paralogsjidiesa this, | propose a
method for compilation of prediction vectors for all isoforofsa gene into one long

prediction vector that corresponds to the whole coding region of the gene.
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2.2Prediction of Disorder, Treatment of Multiple Isoforms, Comparison of ID

Indicators

2.2.1 Methodol ogy

Three predictors of intrinsic disorder were used on the protejuesees: PONDR
VSL2B, CH and CDFVSL2B is a variant of VSL2 predictor described in (K Peng, P
Radivojac, et al. 2006). For an amino acid sequence, VSL2B outputs ID predictioh]in [
range per residue. These outputs are then compared to a threshaeféult threshold is
0.5) and residues with prediction value greater than the threshold arequt¢dlibe ID.

CH and CDF give predictions on the level of whole proteins. The (Charge-
Hydrophobicity) predictor is based on the finding (V N UverskyleSgie, and Fink
2000) that two sets of proteins — a set of natively unfolded psoeid a set of small
globular folded proteins — occupy two distinct regions in thegeihydrophobicity phase
space, and can be almost perfectly separated with a stimghtThe CH predictor
calculates the mean hydrophobicity and the mean net charge gootein sequence,
identifies the part of the charge-hydrophobicity plane that thesmonding point belongs
to, and calculates its distance from the separating lineCDepredictor (C J Oldfield, Y
Cheng, Cortese, C J Brown, et al. 2005; A K Dunker et al. 2000piEsnthe predictions
of a per-residue predictor to a single binary predictor pereiproby observing the
cumulative distribution functioQCDF) of per-residue predictions, and comparing it to a
set of 7 boundary CDF points obtained from a training set (ddiled, Y Cheng,
Cortese, C J Brown, et al. 2005). In the case of multiple sequénmcesme gene, a
weighted voting scheme is used to determine a single predicti the gene. For the CH

predictor, the mean of signed distances is calculated (distaneriltiplied by —1 if
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prediction is negative, i.e. protein is predicted to be ordeiiéw).prediction for the gene

depends on the sign of the weighted mean (disorder if the weighted meane posier
otherwise). Similarly to the CH predictor, CDF predictor hgsarameterGDF counj,
the mean of which over all proteins sequences for a gemenigaced to the threshold to
determine a single prediction for the gene.

In the case of multiple isoforms for one gene, the VSL2B pr@dwas applied to all
isoform sequences. To compile all the sequences into one, theyaligmed using a
special multiple alignment algorithm, which is aimed atsewolering identical exons in
multiple sequences by only matching identical amino acids amuipioty the alignment
for long contiguous matched subsequences (Figure 2.1). This waveathiy using a
large gap-opening penalty (30 or more instead of a usual 11) smalbhgap-extension
penalty (0.5 or less). A refinement procedure was then appliedetdify possible
ambiguous situations where a residue from one sequence cagnsel & two identical
amino acids (on two sides of a gap) from another sequence, windbathto incorrect
identification of exons. All multiple alignments were pested to ensure that the
alignment and refinement procedure performs correctly. Theesee that is compiled
through this multiple alignment procedure includes all exom® findividual sequences,
and is considered to represent the whole gene sequence. The ueidjagops for the
sequence compiled from multiple isoforms are obtained by anerdgor each position in
the compiled sequence, the compiled prediction is the meaeditpons for all residues

from isoform sequences that are aligned at that position (Figure 2.2).
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MSTPARRRL MRDFKRL QEDPPAGVSGAPSENNI MWWWNAVI FGPEGTPFEDGTFKLTI EFTEEYPNKPPTVRFVSKMF. . .

MBTPARRRL MRDFKRL QEDPPAGVSGAPSENNI MANNAVI FGPEGTPFED- - - - - = - - = = =« = =« == e o e oo .

... HPNVYADGSI CLDI LONRWSPTYDVSSI LTSI QSLLDEPNPNSPANSQAAQL YQENKREYEKRVSAI VEQSWRDC

... ---VYADGS| CLDI LQNRWSPTYDVSSI LTSI QSLLDEPNPNSPANSQAAQL YQENKREYEKRVSAI VEQSWRDC

Figure 2.1. Example of alignment of multiple gene isoforms (UBE2A).

Isoform #1

Isoform #2

Isoform #3

Compiled

0 50 100 150
Sequence residue #

Figure 2.2. Example of VSL2B predictions for multiple isoforms (UE2A).
Top three curves represent VSL2B predictions for three soforms of UBEZ2A.
Bottom curve represent the compiled predictions fortie compiled sequence. Dashed

horizontal lines correspond to the default threshold (0.5).
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After obtaining predictions for all residues in a (compileefjuence, and mapping
them to binary predictions by comparing them with the threshold, {@&)alculate the
following values for the sequendgisorder totalis the total number of residues that are
predicted to be IDDisorder content(DC) is defined as the fraction of residues in the
sequence that is predicted to be ID (disorder total/lengthgokesee)Longest DRLDR)
is the length of the longest predicted IDR in the sequence. Fputhese of comparison

of DC and LDR, we also compute the rdbagest DRisorder total

2.2.2 Resultsand Discussion

The comparison of DC (disorder content) and LDR (length of landserdered
region) was performed on the set of 18109 human genes descritbeidil in Section 2.3
below. VSL2B predictions were obtained and compiled using thkanelogy described
in Section 2.2.1 above.

Figure 2.3 illustrates how the choice of threshold affects tierelift indicators. As the
threshold value increases from .35 to .4,tttal disorder(which is linearly correlated to
disorder contentdecreases only slightly, while the longest disorder reigidmoken into
two shorter regions and the LDR decreases abruptly. Furthermsré)e threshold
decreases from .7 to @tal disorderis close to being linear, LDR at first increases in

small steps, and has a rapid increase at the lower values ofetieoldr
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VSL2B prediction; Threshold

0 ! ! ! ! ! Y
0 50 100 150 200 250
Sequence residue # ; LDR ; Total disorder

Figure 2.3. Comparison between the length of longest disordered regidrdR) and
the total disorder, and effects of threshold selection.

Thick curve represents VSL2B prediction for Clorf38. Horizontal lines represent

the regions that are predicted to be ID for various threshold. Two overlaid dashed

curves show the values of LDR (triangles) and total disordercircles) for various

thresholds.
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Disorder content (DC) and lengths of longest disordered regions (LDR)cakulated

for all 18109 sequences, for 13 threshold values between .35 and .65tepitB5. This
produced matrices of size 18109x13. The values of DC obtained ferediffthresholds
were then compared by calculating pair-wise correlation iceaits for all pairs of
columns. Similarly, the matrix of all pairwise corretaticoefficients was calculated for
LDR. Table 2.1 shows the differences between correspondingatmmnetoefficients for
DC and LDR. We can observe that the coefficients are ldogddC, which means that
the values of DC obtained with different thresholds are numeelated than the
corresponding values of LDR. This means that DC is more stable witlttrésplee small
changes of threshold.

LDR can also be inappropriate as an indicator when a sequenoriligde predicted
IDRs, and the longest IDR is only a small fraction of thtaltdisorder in the sequence.
Figure 2.4 shows the distributions ldDR/total disorderratio for various thresholds. For
the default threshold 0.5, this ratio is below .5 in more thandfia@akquences. In these
sequences the longest predicted IDRs represent less tHaof atal disorder. This
problem is even more emphasized for some lower threshold values.

LDR is biased with respect to the length of sequences, as can be obséiggnla 2.5.
The LDR is correlated with the sequence length (corr. coef. = Mi8)e than three
quarters of sequences in the six groups with longest sequences (luanrg 600 residues)
have at least one predicted IDR of length 50 or more. Thisdaasntroduce further
difficulties when comparing predicted ID in two sets of sequenegh significant

difference in length distributions.
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While the state-of-the-art predictors like VSL2B achieveuad 80% of per-residue

accuracy, they still have a false-positive rate of around 20%arpgiven IDR length
threshold (e.g. L=30), the expected probability that a sequencehailt a falsely
predicted IDR of length L or longer grows with the length ofdbguence. On the other
hand, the expected contribution of false positives to DC is aun&ta all sequence
lengths.

In summary, considering the stability issues of LDR andbits towards long

sequences, | decided to use DC as an indicator of ID abundance in a sequence.
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Table 2.1. Differences between correlation coefficients obtained f&C and LDR

Thr.

with various thresholds in [.35, .65] interval.

.350 .375 .400 .425 .450 .475 .500 .525 .550 .575 .600 .625 .650

.350

375

.400

425

450

AT75

.500

.525

.550

575

.600

.625

.650

.00650073.0057.0066.0023.0231.0166.0132.0199.0138.0063.0163

.0065 .0045.0055.0100.0077.0319.0266.0240.0309.0258.0183.0294

.00730045 .0042.0112.0112.0364.0316.0305.0382.0339.0271.0373

.0057.0055.0042 .0107.0122.0398.0365.0359.0449.0417.0355.0469

.00660100.0112.0107 .0057.0189.0182.0194.0256.0239.0197.0279

.00230077.0112.0122.0057 .0166.0178.0201.0281.0271.0240.0334

.02310319.0364.0398.0189.0166 .0043.0086.0128.0133.0122.0153

.01660266.0316.0365.0182.0178.0043 .0065.0130.0146.0145.0182

.01320240.0305.0359.0194.0201.0086.0065 .0088.0117.0130.0182

.01990309.0382.0449.0256.0281.0128.0130.0088 .0048.0081.0138

.01380258.0339.0417.0239.0271.0133.0146.0117.0048 .0051.0113

.00630183.0271.0355.0197.0240.0122.0145.0130.0081.0051 .0086

.01630294.0373.0469.0279.0334.0153.0182.0182.0138.0113.0086
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Figure 2.4. Distributions of LDR/total disorder ratio for various values of threshold.
For each value of threshold, the distribution ol_DR/total disorder ratio is shown as a
boxplot. In each boxplot, the boxes show the range between 25-th ad-th

percentile, while red line represent the median.
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Figure 2.5. Comparison of LDR distributions for various sequence laghts.
Human genes are grouped by sequence length into 20 equallyesizyroups. For each
group, the boxplot shows the distribution of LDR, and the hoizontal position of the
boxplot corresponds to the median length of sequences in thgtoup. Note that the

graph is truncated at the top.
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2.3Large-Scale Prediction of ID in Human Genome With Focus on timan Genetic

Diseases

2.3.1 Introduction

IDPs carry out numerous biological functions, many of which obviouilyon high
flexibility and lack of stable structure. These functionsdiverse and complement those
of ordered proteins and protein regions. While structuredipsogge mainly involved in
molecular recognition leading to catalysis or transport, desed proteins and regions are
typically involved in signaling, recognition, regulation, and contsy a diversity of
mechanisms (Xie, Slobodan Vucetic, Lilia M lakoucheva, Christopf@dfield, A Keith
Dunker, Vladimir N Uversky, et al. 2007; Slobodan Vucetic e807; Xie, Slobodan
Vucetic, Lilia M lakoucheva, Christopher J Oldfield, A Keith Dunk&sran Obradovic,
et al. 2007).

IDPs play crucial roles in protein-protein interaction networksch generally involve
a few proteins binding to many partners (called hub proteifaibs) and many proteins
interacting with just a few partners. Consideration of strectlata revealed that several
hub proteins are entirely disordered, from one end to the othertoabed capable of
binding large numbers of partners, other hubs contain both or@eddisordered
regions, and some hubs are structured throughout (A K Dunkek 20@b). Fully
disordered hubs can serve as scaffolds for organizing the compaientslti-step
pathways (Cortese, V N Uversky, and Keith Dunker 2008). For thedrstxecture hubs,
many, but not all, of the interactions map to the regions sdrder. For the highly
structured hubs (such as 14-3-3 (C J Oldfield et al. 2008) andaalim (P Radivojac et

al. 2006)), the binding regions of their partner proteins arenantally disordered (V N
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Uversky, C J Oldfield, and A K Dunker 2005). Overall, these obsenatupport two

previously proposed mechanisms by which ID is utilized in protetem interactions:
namely, one disordered region binding to many partners and mangeadebrregions
binding to one partner (V N Uversky, C J Oldfield, and A K Dur2@05; A K Dunker et
al. 1998).

The binding diversity of IDPs plays important roles in the establishmesnilation and
control of various signaling networks. Such disorder-based signalfagther modulated
in multi-cellular eukaryotes by posttranslational modificatiod by alternative splicing,
both of which very likely occur much more often in IDRs comparedrtetsired regions
of proteins (Xie, Slobodan Vucetic, Lilia M lakoucheva, Christoph@idfield, A Keith
Dunker, Zoran Obradovic, et al. 2007; P R Romero et al. 2006). Locatempative
splicing in disordered regions avoids the folding problems a@hae upon removal of
segments from structured domains. The flexibility of IDRglitates the binding of the
enzymes that bring about the disorder-associated posttranalatodifications. It has
been suggested that the intersection of binding sites, positranal modifications, and
alternative splicing variants within IDRs provide a powerfunbination to bring about
signaling diversity in different cell types (Xie, Slobodan #®ti; Lilia M lakoucheva,
Christopher J Oldfield, A Keith Dunker, Zoran Obradovic, et al. 2@0J;0ldfield et al.
2008; P R Romero et al. 2006).

Many IDPs and IDRs fold upon binding with their specific pagné&aid partners
include other proteins, nucleic acids, membranes or smadlamels (A K Dunker et al.
2002). The concept of the “molecular recognition feature,” abbrevaseMoRF, was

introduced to describe short, intrinsically disordered regibas“morph” from disorder-
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to-order upon partner recognition (C J Oldfield, Y Cheng, Cortesenfef®, et al. 2005;

Mohan et al. 2006; Vacic et al. 2007). Based on several spfatigres in the disorder
prediction scores, a predictor of helix-forming MoRFs was e&bdr(C J Oldfield, Y
Cheng, Cortese, P Romero, et al. 2005; Yugong Cheng et al. 2007). The applicdii®n of
predictor to several proteomes revealed that such foldabtgniion features are
especially abundant among eukaryotic proteins (C J Oldfield, Yhg;h€ortese, P
Romero, et al. 2005; Yugong Cheng et al. 2007). MoRFs that $teet or irregular
structure also exist (Mohan et al. 2006; Vacic et al. 2007)idoesl of these non-helical
MoRFs have not yet been developed, so the predictions of helixapmhoRFs should
be regarded as providing lower-bound estimates of binding sites in desbrdgions.
Proteins are involved in virtually all cellular and in npaextracellular processes.
Protein dysfunction can therefore cause development of variohslggtal conditions
and a broad range of human diseases known as protein-conformation t&n-pro
misfolding diseases. Such diseases arise from the fail@especific peptide or protein to
adopt its functional conformational state; i.e., from protein misigldind malfunctioning.
Misfolding diseases can affect a single organ or be spheadgh multiple tissues.
Consequences of misfolding include protein aggregation, loss of hioima&on, and gain
of toxic function. Misfolding and misfunction can originate fromirgp mutation(s) or
result from an exposure to internal or external toxins, fiapaired posttranslational
modification (phosphorylation, advanced glycation, deamidation, rae&on, etc.), from
an increased probability of degradation, from impaired traffickingm lost binding
partners or from oxidative damage among other causes. Thesmsfacan act

independently or in complex associatiovith one another (V N Uversky, C J Oldfield,



24
and A K Dunker 2008). Furthermore, numerous IDPs are associatetiwitan diseases

such as cancer (L M lakoucheva et al. 2002), cardiovascular digéasSkeng et al.
2006), amyloidoses (V N Uversky 2008a), neurodegenerative diseaddsUversky
2008b), diabetes and others (V N Uversky, C J Oldfield, and A K Dunker 2008). Based on
these intriguing links among intrinsic disorder, cell signalagd human diseases,
suggesting that protein conformational diseases may resultomlgt from protein
misfolding, but also from misidentification and missignal{igN Uversky, C J Oldfield,

and A K Dunker 2005), the “disorder in disorders” drddncept was recently introduced

(V N Uversky, C J Oldfield, and A K Dunker 2008).

Recently, to estimate whether human genetic diseases amdrteeponding disease
genes are related to each other at a higher level ofazedind organism organization, a
bipartite graph was utilized in a dual way: to represaemgtevork of genetic diseases, the
“human disease network”, HDN, where two diseases are diledtd if there is a gene
that is directly related to both of them, and a network ofadseenes, the “disease gene
network”, DGN, where two genes are directly linked if there is @adis to which they are
both directly related (Goh et al. 2007). This framework, caltel Human diseasome,
systematically linked the human disease phenome (which includiee dduman genetic
diseases) with the human disease genome (which contathe alisease-related genes).
This diseaseome opens a new avenue for the analysis and undegstdidiman genetic
diseases, moving from single gene-single disease viewpoird framework-based
approach (Goh et al. 2007).

The analysis of the HDN and DGN properties revealed that theseorke are

significantly different in many aspects from randomingated networks of the same
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size. By these analyses the various diseases became axtiassdi20 types, some diseases

were unclassified, and several diseases were annotatedoagifbglto multiple classes.
Similarly, genes were clustered into classes via theocagfons with specific diseases
(Goh et al. 2007). Analysis of this network of genetic diseastgianase genes linked by
known disease-gene associations revealed the common geneticobngany diseases.

The vast majority of these disease genes was non-essardiahowed no tendency to
encode hub proteins. Overall, the expression pattern of thesesedisésted genes
indicated that they are localized in the functional peripherthefnetwork (Goh et al.

2007).

In collaboration with domain experts, we started from the diésesated classification
of genes from (Goh et al. 2007) and then performed a large-scdlsisnaf the
abundance of intrinsic disorder in transcripts of the variesmsade-related genes. Since
structural information was available only for a limited numbethete proteins, we used
intrinsic disorder predictions. We also analyzed the coroslatoetween various
HDN/DGN graph-related properties of genes and intrinsic disokde compared the
occurrence of alternative splicing in various disease clasgksinalyzed the relationship
between alternative splicing and intrinsic disorder. In egsehe aim of our study was to
build an unfoldome, which we define as the IDP-containing subsetgofea genome,

associated with human genetic diseases.

2.3.2 Methodol ogy
The basis for our experimental dataset is the dual Human deigéetwork/Disease
Gene Network (HDN/DGN) (Goh et al. 2007). It consists of tyoe$s of nodes that

represent human genes (1,777) and diseases (1,284), and linkenthextt@liseases with
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related genes. A disease and a gene were connected by i& hmkation(s) in the

corresponding gene were implicated in the given disease (Gbl2603@). The network is
dual, because it can be observed as both a Human Disease N@wmidiseases are
linked if they are both related to the same gene), or as adeigéene Network (two
disease genes are linked if they are both related to the same)disease

We augmented the set of disease genes from DGN with huseraes gvith known
protein sequences. Protein sequences for all human genes werectitentdlCBI Gene
database; we excluded all model proteins obtained solely witbhmated genome
annotation processing (proteins with IDs that start with “XPARer this exclusion, our
dataset consists of 1,751 human disease related genes and 168%®imiiin genes with
known protein sequences. If several protein sequences werdeamblfec a single gene;
i.e., for genes with multiple alternatively spliced isoformsnthay duplicate sequences
were discarded.

The diseases in DGN were grouped into twenty classes. In aditibrese twenty
classes we introduced sets of unclassified diseases ametiseelonging to multiple
classes as two separate disease classes. We used thishappobassify genes as well. In
our model, a gene belongs to all classes to which its relatethsgis also belong.
Furthermore, since a gene can be related to multiple disdztebealong to various
classes, we defined an additiomalltiple class gengroup. Thus, overall, this approach
defined 22 gene classes: the twenty original classes, asasvelasses afinclassified
genes(related to unclassified diseases) andlti-class disease gendgenes related to
diseases that belong to multiple classes). Note that thgek2 classes were not

necessarily disjoint, and that all genes fromaltiple class genelass also belonged to at
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least two more classes. Two more sets were used for deopalisease gene@his set

included all genes from DGN with known protein sequences; i.e., demesall 22
previously defined classes), andman geneghis was the whole dataset that included the
disease geneset). Table 2.2 contains preliminary statistics for 22 diseasefdasses and

3 additional classes of genes, namelyltiple class geneglisease genesand human

genes

2.3.2.1 Intrinsic Disorder Prediction

We used the methodology described in Section 2.2 to obtain dismrdent (DC)
from VSL2B predictions, as well as CH and CDF predictions, foteprs (or groups of

proteins) encoded by all 18109 collected human genes.

2.3.2.2 A-Morf Predictions

The predictor of am-helix forming Molecular Recognition Feature NIoRF) is based
on observations that predictions of order in otherwise highlyrdbksed proteins
corresponds to protein regions that mediate interaction wir giroteins or DNA. This
predictor focuses on short binding regions within long regions of disorderthhitely to
form helical structure upon binding (C J Oldfield, Y Cheng, CortBsRomero, et al.
2005). It uses a stacked architecture, where PONBBXT is used to identify short
predictions of order within long predictions of disorder and theacand level predictor
determines whether the order prediction is likely to be a birgliedpbased on attributes of
both the predicted ordered region and the predicted surrounding desbrdgion. Ano-
MoRF prediction indicates the presence of a relatively sfior20 residues), loosely
structured helical region within a largely disordered sequé@cJ Oldfield, Y Cheng,

Cortese, P Romero, et al. 2005). Such regions gain functionality ugignrder-to-helix
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transition induced by binding to partner sequences (Mohan et al. 20€16;e¥al. 2007).

Recently it has been indicated that td1oRF predictor has a poor sensitivity, i.e.,
misses manyi-MoRF regions , due to the small set @®MoRF regions used in its
development. In this study, the modifieeMoRF predictor,a-MoRF-PredlIl, was used
(Yugong Cheng et al. 2007). This algorithm was improved by includddjtional o-
MoRF examples and their cross species homologues in thevpdsitining set, carefully
extracting monomer structure chains from PDB as the nedadiveng set and including
attributes from recently developed disorder predictors, secorsfiargture predictions,

and amino acid indices as attributes (Yugong Cheng et al. 2007).

2.3.2.3 Alternative Splicing Analysis

For genes with multiple isoforms, the alignments of rpldtisoforms described in
Section 2.2 provide the information on the alternative splicingonsgiWe define the
alternative splicing regions (AS regions) as exons thaex@seessed in some, but not all
protein sequences for a given gene. Similarly as for a wreie,gve define disorder

content for an AS region as the fraction of its residues thairadécted to be disordered.
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Table 2.2. Disease class names and acronyms, number of diseases and number of
genes related to disease classes.
The first 22 classes are sorted in descending order wittespect to the median of

disorder content.

Number of % (of Number % (of

Class name Acronym

diseases 1284) of genes 1751)
Skeletal SKEL 64 4.98% 56 3.20%
Bone BONE 30 2.34% 44 2.51%
Dermatological DERM 48 3.74% 80 4.57%
Cancer CANC 113 8.80% 207 11.82%
Developmental DEVE 37 2.88% 53 3.03%
Multi-class disease MCD 155 12.07% 209 11.94%
Cardiovascular CARD 41 3.19% 96 5.48%
Muscular MUSC 31 2.41% 68 3.88%
Immunological IMMU 69 5.37% 115 6.57%
Ophthamological OPHT 62 4.83% 120 6.85%
Connective tissue dis. CTD 28 2.18% 51 2.91%
Endocrine ENDO 56 4.36% 96 5.48%
Neurological NEUR 117 9.11% 254 14.51%
Psychiatric PSYC 17 1.32% 30 1.71%
Ear, Nose, Throat ENT 6 0.47% 44 2.51%
Respiratory RESP 13 1.01% 34 1.94%
Renal RENA 36 2.80% 58 3.31%
Hematological HEMA 88 6.85% 146 8.34%
Nutritional NUTR 4 0.31% 22 1.26%
Gastrointestinal Gl 23 1.79% 34 1.94%
Unclassified UNCL 31 2.41% 29 1.66%
Metabolic META 215 16.74% 289 16.50%
Multiple class genes MULT 295 16.85%
Disease genes DIS 1751 100.00%
Human genes HUM 18109
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2.3.2.4 Statistical Analysis of the Data

When disorder content measurements — as predicted by VSL2Btpredifor all
genes in a disease class were observed as a sample, we used segisticatbmpare the
samples arising from different disease classes. Sin@aw®t make any assumptions on
the distributions for disorder content in disease classesised the nonparametric Mann-
Whitney U test (Wilcoxon rank-sum test) (Mann and Whitney 19ilcoxon 1945) to
test whether two samples of observations (i.e. disorder cdotemio classes) came from
the same distribution. The Mann-Whitney U test was not appteprior similar
comparison in the case of CH and CDF predictors, as theircfioed were binary. For
these two predictors, we counted the number of positive (disordaret)negative
(ordered) observation in two samples (classes) and then hesgtltest to estimate the
likelihood of whether the two samples come from the same distribu

We dealt with the possible problems of multiple hypothesgmteby controllingalse
discovery rate(FDR) with the Benjamini-Hochberg (for independent test®n{&mini
and Hochberg 1995) or with the Benjamini-Yekutieli method (Bemaand Yekutieli
2001).

Several of our hypotheses dealt with the dependency betweenrgtafeia- numeric
properties of nodes representing genes and their disorder conteat.fiked gene, the
numeric properties were defined as:

- number of related diseases: number of diseases the gene iy dalattid to,

- number of related disease classes: number of distinct diskeases that diseases

related to the gene belong to, or
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- degree: number of other genes that are related to the disbasgsne is related to;

or defined in the terms of DGN graph: the number of other gaesre directly
linked to the gene (through some disease node).
For such hypotheses we used (first-order) linear regression td thedelationship,
and then we used the corresponding F-statistic to assess the validgioéar model.
The HDN/DGN graph was not completely connected. Using the usuaitioaf of
connectivity in graphs, we identified the connected components. Cthe gbmponents
was large and included 516 disease nodes and 903 gene nodes. All emtieing
components contained 15 genes or less; for example, 399 compoonetatis only one
gene each. We split the set of disease genes (DIS) insetled 896 disease genes that
belong to the large component (LARGECOMP) and the set of 855sdiggmes that
belong to one of the smaller components (SMALLCOMPS). Nud¢ although the 16
disease genes with no available protein sequences were notethaétuthe DIS set, and
therefore neither in LARGECOMP nor the SMALLCOMPS set, tHe&sgenes were still
included in the HDN/DGN graph for the purpose of identificatioh connected

components.

2.3.3 Results

2.3.3.1 Analysis of ID in Human Diseasome

Prediction of intrinsic disorder using PONBR'SL2B predictor on all 30053 initially
collected protein sequences showed significant difference®dicped ID content for the
7525 (25.04%) model protein sequences obtained with automated eyeorotation
processing, and the 22528 (74.96%) protein sequences with additigpeinental

support. The medians of disorder content for model protein sequeasesiuch higher
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(68.6% vs. 37.5%), as well as the first quartile (37.9% vs. 21.4%}henthird quartile

(96.5% vs. 61.7%). Furthermore, 40.6% of model protein sequences \edretgd to
have disorder content above 80%, compared to only 11.3% for remaining sequences.

The boxplot in Figure 2.6 depicts the distributions of disordetecwrior genes in 25
classes. The 22 disease classes are sorted according toed&ns of disorder content.
The distributions for the majority of classes appear to beiyagiskewed. The ranges of
disorder content between the first and the third quartilerdiffeatly between classes. For
example,connective tissue disordéCTD) class is ranked eleventh in disorder content
median among the 22 disease classes, but has the highest tHitd.quar

The distributions of disorder content in disease classesfuather compared in
histograms in Figure 2.7. The various classes have irregataddr content distributions
that can hardly be fit by any of the standard distributionghEtmore, the distributions
associated with the different disease classes are digsimoila in shape and size. For
these reasons we use a nonparametric test, Wilcoxon rank-su(M&nn and Whitney

1947; Wilcoxon 1945), to compare the distributions by comparing theiamzdi
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Figure 2.6. Comparison of disorder content distributions in disease class and
human gene class (boxplots).
The 22 disease classes are sorted according to their disorademtent medians. The
boxes in the boxplot represent the first quartile (left dge), median (line in the
middle), and third quartile (right edge); the whiskers extend to the lowest/highest
values within the 1.5IQR interval from the box (IQR is therange between the first
and the third quartile), while the + signs represent lie outliers. Medians for two
classes can be compared by looking at the notches at their dien lines; if the

notches do not overlap, the medians are different at the significance léwe= 0.05.
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Figure 2.7. Comparison of disorder content distributions in disease class and

human gene class (stacked histograms).

The histograms are stacked horizontally to save space. They sheviat fraction of

genes in each class has disorder content within various rges. Each of the five

major ranges, that cover 20% each, is further split into two sraller 10% ranges

(they use the same color, but are divided with a line). Oigbutions can be visually

compared by observing the balance between darker and lighteshades of gray; the

class with a darker histogram has on average more disorder content.
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Figure 2.8 shows an overview of pair-wise comparisons of discalgent medians.

We used Benjamini-Yekutieli (BY) method dglse discovery rate(FDR) control
(Benjamini and Yekutieli 2001), as tHamily-wise error ratemultiple comparisons
methods, such as the Tukey-Kramer method (Tukey 1953; Kramer, B8&6huch more
conservative. With an FDR rate of 0.05, it is expected that 2.8 of 56pelaisgeported to
have significantly different disorder content medians wersefaliscoveries. The BY
method is still quite conservative as it does not make aungstion on the independence
of the pair-wise comparisons. Therefore we included Table 2.3 whastssthe top 1p-
values and BY adjustep-values for comparison of disease classes diiease gene
(DIS) set, as well as for comparison of disease classeshuittan gengdHUM) set.
Several other classes, besides the one indicated in Figure 12 2e cansidered to have
disorder content medians significantly different from the [d&d HUM classes,
depending on how strict the comparisons are to be. For exataplegr geneclass has
(borderline) significantly different disorder content median thamhtman genset with a

BY false discovery rate of 0.05. Several other classes lmavgivalues in comparison
with human geneset, but the adjustment for the BY method pushes them above the 0.05
limit. Note that adjusteg-values would be ~3.7 times smaller if we used the Benjamini-
Hochberg false discovery method (Benjamini and Hochberg 1995ghwhiakes an

assumption that the tests are independent.
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Table 2.3. Comparison of disorder content medians in disease classesigedse gene

set (DIS) and human gene set (HUM).

Comparison with DIS

Comparison with HUM

p-value FDRp-value p-value FDRp-value
META  9.1010% 7.8110%° META  1.3810°° 1.2510
CANC  9.7610% 4.1910° DIS 6.1610"° 2.7910"
SKEL  3.9210% 0.001123 HEMA  7.130% 2.1510%
MCD 0.000548 0.011771 UNCL  0.000192 0.004349
DERM  0.001852 0.031810 CANC  0.002397 0.043445
HEMA  0.003684 0.052740 NUTR  0.007141 0.107855
UNCL  0.004152 0.050941 SKEL  0.011080 0.143441
DEVE  0.008386 0.090036 Gl 0.015816 0.179167
NEUR  0.033455 0.319267 IMMU  0.016768 0.168843
BONE  0.042742 0.367102 RENA  0.026136 0.236856
NUTR  0.063282 0.494113 RESP 0.093824 0.772967
MULT  0.090375 0.646849 MULT  0.105644 0.797813
MUSC  0.122463 0.809091 DERM  0.178919 1.247247
Gl 0.130811 0.802516 ENT 0.195823 1.267578
ENDO  0.164391 0.941288 DEVE  0.208293 1.258409
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Figure 2.8. Pairwise comparison of disorder content medians for diseadasses and

human gene class.

Filled squares represent pairs for which adjusted Wilcoxomrank sum test p-values

0.05 p-values are adjusted for false discovery rate control with

are smaller thana

Benjamini-Yekutieli method). Squares are filled black ifthe median for the row

class is greater than the median for the column class, or graf/the median for the

row class is smaller than the median for the column class.
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We continued with the investigation of the relationship between disoogent and

several HDN/DGN graph-related properties. We used lineaessign to model disorder
content as a linear function nbimber of related diseases for a géRegure 2.9) humber

of related disease classes for a géiRigure 2.10), andene degree in DGRFigure 2.11).
For all three cases, the F-test gawalues that were smaller than 0.05; for muenber of
related diseaseandgene degre¢he p-values were smaller than 0.01. Although it is not
likely that the observed linear trends were obtained by pure ehtnay explained only a
very small amount of variation in the disorder content; tispeetive R values were

6.1210°2 3.5110°, and 6.10.0°°.
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Figure 2.9. Linear regression of disorder content with respect to numbeof related
diseases (for genes).
The genes with number of related diseases up to 4 are rgsented as a boxplot,
while the remaining genes are represented as points. Noteat the disorder content
means (inverted triangles) for subsets are greater than éhrespective medians,

because the disorder content distributions in these subsets gresitively skewed.
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Figure 2.10. Linear regression of disorder content with respect to nund of related
disease classes (for genes).

The genes with number of related disease classes betwéesnd 3 are represented as

a boxplot, while the remaining genes are represented as pointdlote that the

disorder content means (inverted triangles) for subsets ar greater than the

respective medians, because the disorder content distutions in these subsets are

positively skewed.
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Disease Gene Network.
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The disease genes set DIS is split almost evenly betwA&GECOMP, the 896

(51.17%) disease genes in the large DGN component, and SMALLCOM® B56
(48.83%) disease genes in the remaining small DGN componentsplihisan be further
observed in individual disease classes. The histogram in Fijuge shows the split
between LARGECOMP and SMALLCOMPS for all disease genesetadUsing the’
test to compare the split in each class to the overall igplihe disease gene set, we
identified classes of disease genes that were signifycaatlerrepresented or
underrepresented in LARGECOMP. For example, 85.99% of gendedrdta cancer
diseases belong to the large component, while only 19.03% of geaies riel metabolic
diseases belong to the large component. We then compared thansneflidisorder
content for genes from LARGECOMP and SMALLCOMPS for each clasgidudilly, as
well as for the whole disease genes set. The median of disorder conteRRGECOMP
genes was significantly greater than for SMALLCOMPS gewéh, an adjustegb-value
of 7.56107 on the rank sum test. Similarly, the median of disorder corfiemt
LARGECOMP genes related to metabolic diseases wadisanily greater than for the
SMALLCOMPS genes related to metabolic diseases, witadarstedp-value of 0.0112.
These comparisons are illustrated in Figure 2.13. Substdifteakences between disorder
content medians for genes in LARGECOMP and genes in SMAIME® can also be
observed for several other classes; in the majority of cakes,median for the
LARGECOMP genes is greater than the median for the SMALLCONH?®s. However,
none of these differences were statistically significartich was partially due to the

small numbers of genes in subsets compared.
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Figure 2.12. Comparison of fractions of disease genes in the large componand
the small components of the Disease Gene Network.
The classes with the + signs after their acronyms are sigiwéntly overrepresented
in the big component; the classes with the — signs aftéheir acronyms are
significantly underrepresented in the big component. Therror bars represent one

standard deviation or 68.2% confidence interval.
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Figure 2.13. Comparison of distributions of disorder content in the largeomponent
and the small components of the Disease Gene Network for genes redidtie
metabolic diseases, and for the whole disease gene set.
Distribution of disorder content for human gene set is inleided for comparison. The

error bars represent one standard deviation or 68.2% confidence interval.
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2.3.3.2 Alternative Splicing and I D in Human Diseasome

We applied similar methodology to analyze alternative splidivig divided the set of
all genes (HUM) into the set of genes with multiple iso®mnd the set of genes with a
single isoform. The same division can also be applied to alagbselasses, and the
disease gene set. The comparison of fractions of genes wiiplenidoforms is shown in

Figure 2.14.
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Figure 2.14. Comparison of fractions of disease genes with multiple isofns (i.e.
with alternative splicing) and with single known isoform.
The classes with the + signs after their acronyms have sijoantly higher fraction
of genes with multiple isoforms than the human gene sefhe error bars represent

one standard deviation or 68.2% confidence interval.
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The disease gene set DIS had significantly higher fractiogeoks with multiple

isoforms than the human gene set HUM. Out of 1751 diseasedrglates, 410 genes
(23.4%) had multiple isoforms (average of 2.77 for disease detpgres with multiple
isoforms), and they included 991 alternatively spliced regions (281refyions per
disease-related gene with multiple isoforms). Out of 16358 ismask genes, 2445
(14.95%) had multiple isoforms (average of 2.51 for non-diseasesgwith multiple
isoforms), and they included 4954 AS regions (2.02 AS regions peatisease gene with
multiple isoforms).

Furthermore, all the disease classes but one (unclassifebdsy had higher fraction
of genes with multiple isoforms than the HUM set, and for sfwbasses this difference
in fractions was statistically significant. The highestctim of genes with multiple
isoforms was 40.10% for the cancer disease gene class.

The comparisons of distributions of disorder content for genesmaittiple isoforms
with genes with single isoform showed that for three setsmtgians of disorder content
for genes with multiple isoforms were significantly greatean for genes with single
isoform: human genes set HUM (BY adjusted 1.5010°), disease genes set DIS (BY
adjustedp = 5.0810°) and multiple class genes set MULT (adjusfed= 0.0176).
Individual tests for three disease classes also returneg-l@alues (hematologicap) =
0.0196; renalp = 0.0283; bongy = 0.0291), but the corresponding BY adjugpechlues
were abover = 0.05.

Figure 2.15 shows the distributions of disorder content for gyemiéh multiple
isoforms (disease, non-disease, and all genes) and fomnanhgenes. Although there are

significant differences in medians, the distributions hanelai shapes; the peaks are in
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the 20-40% range, and the fractions decrease with the indredise disorder content.

Figure 2.15 also shows the disorder content distributions foegidns in disease related
and non-disease genes. These two distributions have different thlaspshape of the
disorder content distributions for whole proteins; the ioast decrease with the increase
in the disorder content, but then suddenly increase in the 80-100% Tdregeank sum
test for medians shows that the distribution of disorder cobnterAS regions is
significantly different from distributions of disorder content in vehptoteins for all genes
(p ~ 109, as well as for subset of genes with multiple isofonmns (L0*%). However, as

is clearly seen in Figure 2.15, the distributions of disoraertent for AS regions in
disease genes and non-disease genes were not significdiettgndi = 0.5278). We
compared the disorder content distributions for AS regiongyémes from individual
classes to the overall distribution for AS regions fromhathan genes. The distributions
for classes with significant statistical results are showFigure 2.16. For developmental
and neurological disease classes, the fraction of AS regior80-100% range is
significantly increased. Similarly, there is an increas@-20% range for hematological
disease class. Metabolic disease class is an extremeasdbere is both a big increase in
0-20% range and decrease in 80-100% range; the AS regionsabofietlisease genes

have significantly less disorder when compared to whole sequencesan genes.
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Figure 2.15. Comparison of disorder content distributions for the whble proteins
and for the alternative splicing (AS) regions.
Series #1-4 represent disorder content distributions in 1jisease genes with
multiple isoforms, 2) non-disease genes with multiple ismfims, 3) human genes with
multiple isoforms, 4) all human genes. Series #5 and #6 represelisorder content
distributions for AS regions in disease genes, and AS regiois non-disease genes.

The error bars represent one standard deviation or 68.2% confidence interval
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Figure 2.16. Comparison of disorder content distributions for AS regios in various
classes of human genes.

Series #1 and #2 represent disorder content distributionof whole human gene

sequences and AS regions in human genes. Series #3—6 repriedesorder content

distributions for AS regions in: 3) developmental, 4) neurologia, 5) hematological,

and 6) metabolic disease classes. The error bars represenetandard deviation or

68.2% confidence interval.
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2.3.3.3 a-MoRFsin the Human Diseasome

Figure 2.17 compiles the-MoRF prediction data and shows the fractions of genes
with predictedu-MoRFs and the densities @fMoRFs (number ofi-MoRFs per residue)
for all disease classes, as well as for sets of alassgenes and all human genes. The
overall fractions of disordered residues are included for conmpariBhe fractions of
genes with predicted-MoRFs are highly correlated to fractions of disordereddues

(corr. coefficient ~ 0.89).
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Fiéuren24.17. Com;;arigc;n of fractions of genés with predicted—Maéanénd densities
of a-MoRFs with fractions of disordered residues.

The plot on the left compares fractions of genes with predied a-MoRFs (top/first

series) with fractions of disordered residues (bottom/send series). The plot on the

right compares densities ofa-MoRFs (top/first series) with fractions of disordered

residues (bottom/second series). In both plots the sesi@re shown with different

scales, such that the values for HUM set are aligned. Therer bars represent one

standard deviation or 68.2% confidence interval.
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2.3.3.4 a-MoRF s and Alternative Splicing in the Human Diseasome

Figure 2.18 compares the overall density of predicteddoRFs versus density of
predicteda-MoRFs in AS regions for the 25 classes. The differences betilarssities of
MoRFs (overall vs. AS regions) are significant for the majoof classes (listed by
increasingp-values: HUM, NEUR, META, CANC, DIS, GI, DEVE, IMMU, ENDO,
RESP, BONE, DERM, MUSC, CARD, HEMA, ENT), borderline sigraint for NUTR
and OPHT, and not significant for the remaining classes (REWaD, UNCL, SKEL,
MULT). Two classes (PSYC, UNCL) have meMoRFs predicted in AS regions (while
genes in both classes have very small number of residues iagh®is, for PSYC class
this difference in densities is still statisticallygsificant). Finally, Table 2.4 lists the
guotients of the MoRF density in AS regions over the overalRM density, as well as

corresponding-value for comparison of these densities.
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Figure 2.18. Comparison of overall density of predicted MoRFs vs density of
predicted MoRFs in AS regions for 25 classes/sets.

The error bars represent one standard deviation or 68.2% confidence interval



Table 2.4. Comparison of densities of predicted-MoRFs in AS regions and
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complete genes (ratios of densities of predictadMoRFs in AS regions and overall

densities of predictedn-MoRFs; p-values for comparison of densities).

Class acronym

Density of MORFs in AS /

Overall density of MORFs

p-value for comparison of
densities of MORFs

Gl 4.68 3.8410%
META 3.71 1.16107%
RESP 2.65 1.190°%
NEUR 2.45 2.5407°
DEVE 2.37 4.76.0°
BONE 2.10 1.2807°%
NUTR 2.06 0.017694
DERM 1.75 5110
ENDO 1.71 2.930°H
IMMU 1.69 1.9210°%
CANC 1.68 1.07.0°%
ENT 1.50 0.00079422
HEMA 1.48 4.6510°%
HUM 1.30 6.1210°%*
DIS 1.27 1.1a.0%*¢
RENA 1.21 0.55174
MCD 1.08 0.55638
SKEL 1.06 2.8735
MULT 0.99 3.0621
OPHT 0.78 0.049566
CARD 0.72 3.3a.0%
MUSC 0.66 8.89.0%%
CTD 0.32 3.78.0%
PSYC 0 2.07L0°°%
UNCL 0 0.56375
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2.3.3.5 Evaluation of ID Prediction by Binary Classifiers

We compared the fractions of genes predicted to be disordereperdgrotein
predictors CDF and CH in Figure 2.19. Overall, the CDF predidemtified more genes
to be disordered than the CH predictor. The ratio was 2.79 for humansge and 4.64
for the disease genes set. For disease classes it ranged 83 for hematological
disorder genes to 15.50 for immunological disorder genes; @auliiy, for three disease
classes — respiratory, renal and unclassified — the CH pregictdicted all genes to be

ordered. The correlation coefficient for two vectors of fractions wit 0.
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Figure 2.19. Fractions of genes predicted to be disordered by CDF and CH
predictors.

The error bars represent one standard deviation or 68.2% confidence interval
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When compared to HUM gene set, the CDF predictor identifiedfisemtly different

fractions of disorder for the classes META, DIS, HEMA, and dbdine significance)
IMMU, while the CH predictor predicted significantly diffetefinactions of disorder for
the classes DIS, META, MULT, IMMU, and RENA (in all thesasses, fractions of
predicted disordered genes were significantly smaller tharfrélcdon for HUM set).
When compared to DIS gene set, the CDF predictor identifiedfisagrtly different
fractions of disorder for classes META, CANC, HEMA, and SKEthile the CH
predictor predicted significantly different fractions ofalider for class META. Classes
META and HEMA had smaller fractions of predicted disorderexeg than DIS set, and
classes CANC and SKEL had greater fractions of predicted disdrdenes than DIS set.

The relationship between alternative splicing and intringorder, as predicted by
CDF and CH predictors, can only be observed at the level of whailsns. For the CDF
predictor, classes with significantly different fractionfspredicted disordered genes in
genes with single isoform and in genes with multiple isofonme: DIS, HUM, RENA,
MULT, and (borderline significance) HEMA, in all cases, firactof predicted disordered
genes for genes with multiple isoforms was greater thageoes with a single isoform.
For the CH predictor, significant difference of fractionsgpoddicted disordered genes in
genes with a single isoform and in genes with multiple iscdou@s only observed in the
HUM set.

In general, CDF predicts a much higher fraction of genes tasoeddred than CH.
Vectors of fractions of predicted disordered genes in vamtasses for CDF and CH
predictors are fairly correlated, though there are sevdedses with substantial

differences. For example, IMMU, RESP, RENA, and UNCL have \@xwy(br even zero)
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fractions of disordered genes for CH predictor. The relatierence between HUM and

DIS sets is much larger for the CH predictor (approximatietyfold) than for the CDF
predictor. For the CDF predictor, the fractions of predictisdrdered genes for several
classes are higher than (although not strictly significantfén) or similar to the same
fraction in the HUM set, while this is not the case for CH joted

Overall, the fractions of predicted disordered genes for bothybimadictors are
correlated to medians of disorder content for VSL2B predictors,thmre are some
striking differences. For example, low fractions of disorderedeg in IMMU class for
both predictors, or relatively high fraction of PSYC and REBBses for CDF predictor.
Looking only at the medians without at least comparing whoteltisons is not a good
way to compare prevalence of intrinsic disorder in two classes/sgenes.

The difference between these two methods in the magnitude oftpcedisorder is
generally similar to previously published data (C J OldfiddCheng, Cortese, C J
Brown, et al. 2005; Y Cheng et al. 2006; Mohan et al. 2008). Thisrehife was
explained by the fact that the CH-plot is a linear clasdifiar takes into account only two
parameters of the particular sequence — charge and hydropatrgas CDF analysis is
dependent upon the output of the PONDRXT predictor, a nonlinear neural network
classifier, which was trained to distinguish order and disordexdbas a significantly
larger feature space that explicitly includes net charge ashabgthy. According to these
methodological differences, CH-plot analysis is predisposestoiminate proteins with
substantial amounts of extended disorder (random coils anchgiten globules) from
proteins with globular conformations (molten globule-like anddrigrell-structured

proteins). On the other hand, PONDR-based CDF analysis may discrintimngeraered
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conformations including molten globules from rigid well-foldedtpms. Therefore, this

discrepancy in the disorder prediction by CDF and CH-plot might provide a tatiopal
tool to discriminate proteins with extended disorder from natie#éem globules, which
might be predicted to be disordered by CDF, but compact by Gtd-phis model is
consistent with the behavior of several intrinsically disorderetes (e.g., (Lavery and
McEwan 2008)).

Figure 2.20 compares the results of the CH-plot and CDF a&salyg showing the
distributions of proteins in each disease within the bF@hase space. In these plots,
each spot corresponds to a single protein and its coordinatescatated as a distance of
this protein from the boundary in the corresponding CH-plot qotdinate) and an
averaged distance of the corresponding CDF curve from the bou(Xi@gordinate).
Positive and negative Y values correspond to proteins which, aegotdi CH-plot
analysis, are predicted to be natively unfolded or compact, resgectWhereas positive
and negative X values are attributed to proteins that, by thea@Bll/sis, are predicted to
be ordered or intrinsically disordered, respectively. Therefore) p#ot contains four
guadrants: (-, -) contains proteins predicted to be disordere®bBylilit compact by CH-
plot (i.e., potential native molten globules); (-, +) inclugesteins predicted to be
disordered by both methods (i.e., proteins with extended diso(éer); contains ordered
proteins; (+, +) includes proteins predicted to be disordered by CHoptatydered by the
CDF analysis. A sharp cut-off at the right side of each plolue to the upper limit of a
difference between the CDF curve (which might have a maxiwaioe of 1.0) and a
boundary separating IDPs and ordered proteins in CDF plots. Figuraugdg¥sts that the

majority of the wholly disordered proteins could possibly be nativeemagjobules.
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Figure 2.20. Comparison of CDF and CH predictions in various disease gene das
and gene sets.
Each spot represents a gene whose coordinates were calculaéasdhe distance of the
corresponding point in the CH-plot from the boundary (x-coodinate) and the
averaged distance of the corresponding CDF-curve from the CDboundary (y-
coordinate). Four quadrants in each plot correspond to the folling predictions: (—
,—) proteins predicted to be disordered by CDF, but compadby CH, (—,+) proteins
predicted to be disordered by both methods, (+,—) ordered preins, (+,+) proteins
predicted to be disordered by CH, but ordered by CDF. Thigs further illustrated
by an explanatory plot at the bottom right corner. Percentages regsent the

fractions of genes in the corresponding quadrants.
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2.3.4 Discussion

An important assumption that we made was that ID predittave no bias towards
any class of genes. Although errors are unavoidable in poedaf disorder, we assumed
that both false positive and false negative errors occur edikaly in all gene classes.
Under this assumption we can expect that any observed variatipnsdicted disorder
content between disease classes are due to real variatidis®rder content and not due
to bias introduced by prediction. Although we have not found any obveason for

guestioning these assumptions, more structural data are neededtchdstses.

2.3.4.1 Intrinsic Disorder in Human Genetic Diseases

Contrary to our initial expectations based on known abundance iafdlch diseases
as cancer (L M lakoucheva et al. 2002), cardiovascular dig¥aSdeng et al. 2006),
amyloidoses (V N Uversky 2008a), neurodegenerative diseases Velsky 2008b),
diabetes and others (V N Uversky, C J Oldfield, and A K DunR8Bp, the disease genes
have in general slightly lower disorder content than the narasés genes. This can be
explained by the fact that the human disease network (HDN}lisedse gene network
(DGN) are based on the genetic diseases and genes, mutatish&h were associated
with disease development, respectively. Based on the expresgiemnn analyses of the
DGN genes it has been concluded that they are mostly locahzélde functional
periphery of the protein-protein interaction network (Goh et al.7R00his peripheral
localization of most disease genes was explained assumingutetons in topologically
central, highly connected, and widely expressed genes wereikadyed result in severe
impairment of normal development, leading to early lethalitgt therefore to deletion

from the population, whereas mutations compatible with surintal the reproductive
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years were more likely to be maintained in a population (Gall. @007). Overall, the

vast majority of disease genes in DGN was non-essentiakslaowed no tendency to
encode hub proteins (Goh et al. 2007). On the other hand, the aboveneistudies on
various individual diseases (L M lakoucheva et al. 2002; V Nrskye C J Oldfield, and
A K Dunker 2008; Y Cheng et al. 2006; V N Uversky 2008a; V Nrskye 2008b) dealt
with all proteins known to be associated with a given diseadenot just those proteins
bearing the disease-promoting mutations. Therefore, the vadatasets of proteins
associated with individual diseases contained wider variety ofipsotincluding hubs. It
is important to remember that hub proteins were shown to béytegriched in intrinsic
disorder (A K Dunker et al. 2005; Cortese, V N Uversky, andhKBunker 2008; C J
Oldfield et al. 2008; Haynes et al. 2006; Patil and Nakamur@; ZD@sztanyi et al. 2006;
Ekman et al. 2006; Singh et al. 2006). In fact, hubs were shown to rhaliple
interactions, either being intrinsically disordered and servingraanchor, or acting as a
stable globular scaffold that interacts with intrinsicaligordered regions of its targets (A
K Dunker et al. 2005; Cortese, V N Uversky, and Keith Dunker 2008;Oldfield et al.
2008; Haynes et al. 2006; Patil and Nakamura 2006; Dosztaaki 2006; Ekman et al.
2006; Singh et al. 2006). Therefore a systematic depletion opfaibins in HDN and

DGN can in part explain their slightly lower disorder contents.

2.3.4.2 Hubness and I ntrinsic Disorder in Human Diseasome

Linear regression of disorder content with respect to numbeelafed diseases,
number of related disease classes, and gene degree, shovir tbatrélation between
disorder content and these graph-related gene featurgmsitiwe and significant. The

very low R coefficient tells us that disorder content cannot be prefifrem these
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features (which was never our intention), but that the positiveelabons should be

observed as trends.

A number of related disease classes and gene degreetaredealated to whether a
gene/protein is a hub. The observed trends in predicted disordentcpravide additional
support for the hypothesis that hub proteins are more likely to leddied, to
accommodate the various interactions and functions theyaot/eéd with (A K Dunker
et al. 2005). All three graph-related gene features asgecklto the partition of the
HDN/DGN graph into one large connected component and a serssatif connected
components. Genes for which any of the three graph-relatagddsas a high number
belong to the large component. Since such genes are more likedydsordered, they
contribute to the difference in disorder content between larggp@oent and small
components. This difference is particularly significant fonege related to metabolic
diseases. More than 60% of metabolic disease genes that bhekhegsmall components
have disorder content in the 0-20% range, and further 30+% havdeatisontent in the
20-30% range. On the other hand, 25% metabolic disease proteiheltmag to the large
component have disorder content higher than 40%, which is lower when edntpar
other disease proteins, but substantially higher than thedév® in metabolic disease
proteins in the small component. Of note, most of metaboli@asksgenes in the large
component are also related to disease from other classes.

The difference in disorder content between one large conneciegbooent of
HDN/DGN and remaining small connected components has tbdeed with caution.
The connectivity of HDN/DGN is influenced heavily by smahgponents. Only one link

between a gene/disease in the large component and a disease/gsrae small
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components that has not yet been established, but is discovehedfuture can change

the partition completely, by leading to inclusion of that wholalseomponent into the

large component.

2.3.4.3 Alternative Splicing, Intrinsic Disorder and Human Genetic Diseases

Prediction of intrinsic disorder in proteins encoded by gends aliérnative splicing
shows that AS regions have much higher predicted disorder content than lagroben
sequences. This is in agreement with previous observatidRR@mero et al. 2006). No
difference was observed in disorder content for AS regiordis@ase and non-disease
genes/proteins; the distributions were almost identical. Memelternative splicing can
be observed as an important link between diseases and indlissicler, as several
disease classes have significantly higher fraction of gestesmultiple isoforms; i.e.,
with AS regions. The presence of AS regions in such geressixiated with increased
disorder content. Distributions of disorder content in AS regjigere fairly similar across
various genes, except for three classes. DEVE and NEUR heaey digh fraction of
highly disordered AS regions (disorder content 80-100%). This fact mighiaiedréo the
functionality of proteins involved in these diseases (see abé&&)egions in META
genes are much less disordered than AS regions in other ditesses, just like whole

META gene sequences are much less disordered than other disease gene

2.3.4.4 Abundance of a-MoRFsin Proteins Associated with Human Genetic Diseases

IDRs frequently participate in protein-protein interan and molecular recognitions
(A K Dunker et al. 2001; Daughdrill et al. 2005; P Radivojaale2007; L M lakoucheva
et al. 2002; V N Uversky, C J Oldfield, and A K Dunker 2005; Oldfield, Y Cheng,

Cortese, P Romero, et al. 2005; Tompa 2002). Many IDPs andubdRsgo disorder-to-
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order transitions upon binding, which is crucial for recognitiogulagion, and signalling

(A K Dunker et al. 2001; Wright and Dyson 1999; V N Uversky, Gilesand Fink
2000; C J Oldfield et al. 2008; C J Oldfield, Y Cheng, Cortesepmero, et al. 2005;
Mohan et al. 2006; Vacic et al. 2007; Yugong Cheng et al. 2007; Ruikker and Z
Obradovic 2001; Dyson and Wright 2002; Dyson and Wright 2005). A recent
confounding observation is that not all specific interactionsnvden intrinsically
disordered proteins and their partners are necessarily accomhpgmnithe disorder-to-
order transitions, but may somehow remain unstructured ewarbafting (A Sigalov, D
Aivazian, and L Stern 2004; A B Sigalov 2004; A B Sigalov&@0Q B Sigalov et al.
2006; A B Sigalov, Zhuravleva, and Orekhov 2007). Nevertheless, datiomenas been
established between the specific pattern in the PONDIRXT curve and the ability of a
given short disordered regions to undergo a disorder-to-helixtioangpon binding (E
Garner et al. 1999). Based on these specific features, @tpreaelix-forming MoRFs
was recently developed (C J Oldfield, Y Cheng, Cortese, P iRomeal. 2005; Yugong
Cheng et al. 2007). Not all helix forming MoRF regions shareetlasme features, and
some MoRFs forng- or irregular structure rather than thénelix (Mohan et al. 2006;
Vacic et al. 2007). A further complication is that MoRFs canléxpartner-dependent
structures, with at least one example morphing into helix, sheeétregular structure,
depending on the partner (C J Oldfield et al. 2008). Overall, therdfase predicted
MoRFs represent only fractions of the total numbers of MoRFs foraggahism.

The application of the-MoRF predictor to various datasets reveals that helix fagmi
molecular recognition features are highly abundant in protesesciated with all human

genetic diseases as well as in proteins encoded by dperase and by all human genes,
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suggesting the existence of extensive interaction networks. Ikithé set, 57.9% of

human genes contaim-MoRFs. In the DIS set, 54.4% of all disease-associated genes
containa-MoRFs, with significant variation between various disease classes)gdngin
26.0% in metabolic diseases and 27.3% in nutritional disordef8.486 in cancer and
78.6% in skeletal diseases. In most disease classes somaiggrlg disordered proteins
have multiple predicted-MoRF regions (Table 2.4) that may potentially serveiaditg
sites for multiple proteins. For example, DMD from CARD/MUST predicteda-
MoRFs, 3771 amino acids, 54.4% disorder content); MITF from M&L598, 75.6%);
DTNA from CARD (4, 767, 61.0%); EDA from DERM (4, 460, 63.9%);B1 from
DERM/MUSC (3, 4904, 56.6%); BRCAL from CANC (3, 1864, 80.6%); GNA®Bn
BONE/CANC/MCD/ENDO (3, 1323, 74.9%); OPA1l from OPHT (3, 1015, 36;1%
CD44 from HEMA (3, 807, 76.0%); COLQ from NEUR (3, 622, 76.0%);XTrom
MCD/OPHT (3, 385, 81.0%); FAS from CANC/IMMU (3, 376, 59.3%); MXirom
CANC (3, 320, 88.8%).

Interestingly, fractions of proteins with predictedMoRF regions were highly
correlated with the content of predicted disorder in a given dgtaseelation coefficient
is ~ 0.89). This suggests that the major function of IDRs imptbe&eins from analyzed
datasets is protein-protein interacti@aMoRFs, being disordered in the unbound state
and gaininga-helical structure upon interaction with binding partners, suglligleéhis
function. In fact, it has been proposed that that the involvemdbiRs in protein-protein
interactions have several advantages (Cortese, V N UverskyKeitid Dunker 2008),
including: (i) Decoupled specificity and strength of binding (ksglecificity-low-affinity

interactions); (ii) Increased speed of interaction due to greafjature radius and the
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ability to spatially search interaction space; (iii) Efnt regulation via rapid degradation;

(iv) Increased interaction (surface) area per residueStfengthened encounter complex
(less stringent spatial orientation requirements); (vijngle disordered region may bind
to several structurally diverse partners; (vii) Many (stretyproteins may bind a single
disordered region; (viii) Less sterically restricted tiowalelongation of binding area; (ix)
Efficient regulation via posttranslational modificatior) Ease of regulation/redirection
by alternative splicing; (xi) Overlapping binding sites due toemdéd linear
conformation; (xii) High evolutionary rate; (xiii) Flexilyi that allows masking (or not)
of interaction sites or allow interaction between bound partnersy bfahese features are

specific properties af-MoRFs.

2.3.4.5 Abundance of a-MoRFs in Alternatively Spliced Regions of Proteins From

Human Diseasome

Interestingly, our analysis revealed thatMoRFs are abundantly present in
alternatively spliced regions of proteins from some human igeni$eases. This
observation is very important as it sheds some light on tletalt functional repertoire
of alternatively spliced regions. In several diseases, thegmseplay a crucial role in

protein-protein interaction, as they are enriched in moleculagnéton features.



69
CHAPTER 3

PREDICTION OF INTRINSIC DISORDER IN PUTATIVE SEQUENCES

3.1 Motivation and Related Work

At the time of collection of protein sequences for largdes¢D analysis in human
genome (Chapter 2), we collected 30,053 human RefSeq protein sequend€Bl
database. 22,528 of these were sequences whose identifiersvigtaNP. This code
denotes that there is substantial experimental confirmdtiorthese sequences. Other
7,525 were sequences whose identifiers start with XP, whltasle for putative model
sequences, obtained with NCBIs automated annotation procedure, thaguféicient
experimental confirmation. We compared the distributions of discalgent in these two
sets of sequences (Figure 3.1). The difference in predictedielistontent between sets
of XP sequences (putative/unconfirmed protein sequences) and sdd@ences
(experimentally confirmed protein sequences) is greater Imibagnitude and statistical
significance than difference between any two classes in alr data set for large-scale
ID analysis in human genome. The simplest explanation forighisat the automated
annotation procedure has a high error rate that introduces earargber of incorrect
amino acid sequences. Alternatively, this dramatic differantiee level of predicted ID
between the experimentally and automatically identified preteduld be due to the bias
of the existing identification techniques toward the ordered piotdio some extent this
resembles a problem the Structural Genomics Initiative @eate facing, where the use
of the traditional target search criteria (mostly basethersequence identity) and protein

purification and isolation methods generated mostly orderedttanghereas alternatively
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identified and purified proteins awaiting structure deterrmonatvere richer in disorder

than an average protein in PDB (C J Oldfield, Ulrich,|e2@05; Balasubramanian et al.
2000). It has been pointed out that this bottleneck was detedlnby the strategy chosen
where in efforts to identify proteins with novel folds researctstarted with proteins
having amino acid sequences unlike those of proteins with knowrntr@Etuses (C J
Oldfield, Ulrich, et al. 2005; Balasubramanian et al. 2000). imdas manner, traditional
experimental approaches developed for protein identification could bel ioasard order
(as ordered well-folded proteins were at the research farumény years), whereas
predictive tools are mostly dealing with the remaining pathefproteomes and therefore
are inevitably identifying more disordered proteins. Two grafpsequences also have
significantly different amino acid distributions (Figure 3.Zhe enrichment of several
amino acids in confirmed sequences (F, I, L, N, V, Y) amuuiative sequences (G, P, R,
S) is consistent with the order promoting vs. disorder promafiasgsification of amino

acids.
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Top: Boxplot comparison. Bottom: Comparison of histograms with respct to the

disorder content.



72

0.12

T T T
NP

..
0.1+ B

0.08- 4

Frequencies
o
o
<
Il

0.04+ 4

0.02- 4

A CDETFGHTIKTLMNTPIOQORSTVWY
Amino acids

o
&

©
E
Il

o
w
T

o
N
T

o
=
T

o

Iogz[freqxplfreqNP]
S

o
N
T

o
w
T

o
ES
Il

T O O B B
A C D E F G H |1

)
o

| | L | | | | L | | | |
K LMNZP QRS STVWY
Amino acids

Figure 3.2. Comparison of amino acid compositions in the confirmed human ptein
sequences (NP_...) and the putative human protein sequences (XP_...) fritw
dataset described in Chapter 2.

Top: Direct comparison of frequencies (error bars are toosmall to be visible).
Bottom: Log,-ratios of frequencies; amino acids with positive values arenriched in
confirmed sequences, amino acids with positive values arerghed in putative

sequences.
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The predicted sequences were unevenly distributed between dskedse- and

disease-unrelated proteins. In fact, the majority of the patagquences were products of
the non-disease genes. Therefore, including such sequencesanttath set would
introduce significant bias for disorder in the non-disease gart of the data set. Based
on these observations, we decided to exclude such sequences from theasedsda
Gene finding is the problem of predicting the positions of gemekthee positions of
exons and introns inside the genes, for a given genomic sequenstepiddictors use
Bayesian networks, such as Interpolated Markov Models (Salzberd. €19%8),
Generalized Hidden Markov Models (Burge and Karlin 1997), and Gerextakair
HMMs (Pachter, Alexandersson, and Cawley 2002). These predicxpisitethe
following findings: 1) many signals involved in gene expression (g@noters, splice
junctions) exert specific patterns, known as motifs, and can be pebflicm sequence, 2)
protein-coding DNA have statistical properties (such as amamb composition, length)
that distinguish them from non-coding DNA, 3) signals and statigtroperties are often
conserved across related sequences (intra- and inter-sp&c@s)the domain experts’
point of view, these prediction models perform well, as theyige important guidelines
for experimental research, where predicted putative sequencesrdirened or refined.
However, inclusion of these putative sequences in large-scalyss of ID is
guestionableEven when predicted exons of a predicted protein sequence overlapeith t
exons, the overlap can be partial and non-coding DNA may be includkd predicted
exons. Another possibility is that in predicted protein sequéngeexons are translated
in wrong reading frame. Therefore, predicted protein sequepoésit regions that come

from non-coding genomic regions or incorrectly translated cooggpns, and are not
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present in true protein sequences. In further text we will refethem as nonsense

regions/sequences. Nonsense regions do not exist in reahprand the hypothetical
structure they would conform to if they were synthesized is tainerTherefore, any
prediction of structure — including prediction of intrinsic desar— for nonsense regions
and sequences is not valid. Inclusion of such sequences in genomanaigsis of
intrinsic disorder can possibly substantially bias the estimate adri2ot in a genome. In
Chapter 2 we decided to exclude XP sequences from analysis ohilngn genome. On
the other hand, their exclusion from genome-wide analysis sangale an unrealistic
estimate of ID content, especially if the proportion of inatdtyeannotated unconfirmed
sequences is high. If the higher predicted disorder contenPiseuences is realistic,
then their exclusion can negatively bias the estimate of ID contdr genome.

In this Chapter | explore the relationship between nonsegsens in XP sequences —
introduced through errors made by gene finding procedures — amsimttisorder. In
addition to the difference in amino acid composition between NPX® sequences, |
assumed that nonsense regions follow a different amino am@asition than the true
protein sequences. Therefore, instead of testing and improvinggehe finding
algorithms, | investigate whether nonsense regions can be etktieotn amino acid
sequence, similarly to prediction of intrinsic disorder.

| developed a two-class predictor that aims at distinguistiing protein sequences
from nonsense regions in putative sequences. Since no data is easibieahitait which
regions of XP sequences are nonsense, | constructed synthegasesgquences from

genomic regions of the true protein sequences that form the other class.
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The methodology that was used to create the synthetic nonsspusneses, train and

evaluate the nonsense predictor, and analyze results of thetgrdédr XP sequences is
described in Section 3.2. Section 3.3 presents more details @ortigarison of amino
acid sequence composition, results of predictor evaluation, cowmanis nonsense
prediction in different classes of sequences, and the analysielationship between
nonsense prediction and disorder prediction. Section 3.4 providiscassion of the
results and conclusion.

The dataset that was used in the initial attempt at perigrthis analysis was based on
the dataset used in Chapter 2, which was retrieved frolN@ database in 2007, and
included only the human genome. Since additional information aboat gand proteins
was required to answer open questions and improve severaloshimgs of the setup for
the initial study, | downloaded all the necessary informatiomfthe NCBI database
again in 2011 and performed analysis with improved methodology and, troaddithe
updated human dataset, also three new datasets: mousey fuilfl zebrafish. This
chapter presents the methodology and the results of the newer, dxamie However,
the old methodology and results are also mentioned where apfepmsiace the
comparison of the results gives an important insight intotrmeds of the Gene and

Protein sections of the NCBI database, that are relevant ftogieeof this Chapter.

3.2 Methodology

3.2.1 Dataset and Creation of Synthetic Nonsense Sequences
We created four datasets, one for each of the following speci@sio Hsapiens

(human), Mus musculus (mouse), Drosophila melanogaster Il{fyuitDanio rerio
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(zebrafish). For each of the organisms, we downloaded genenuoods with sequences

and annotation about all genes with RefSeq protein records. Téas@ls contain the
genes’ nucleotide sequences, as well as position of all gfamRNA sequences: 3’ and
5 UTRs (untranslated regions) and coding regions (exons). Em@mnformation we
could also easily identify intronic regions.

For the control/negative class of true proteins we seledtegl &P protein sequences
that are listed as single isoforms of respective genestliie genes are not known to be
involved in alternative splicing), or representative sequences laahfppm multiple NP
sequences for genes with multiple isoforms (i.e. alternatispliced). A representative
sequence was compiled by translating all exon regions in a gegasnce; this is similar
to the methodology used in Chapter 2 to obtain one representativencedios
alternatively spliced genes. The only exceptions were tkenattvely spliced genes for
which an exon was translated in different codon alignmentffarent isoforms; such
genes were not used in the study.

Nonsense protein sequences for the positive class were syathésm coding and
noncoding regions of the genomic sequences of genes whose rgineseriorm the
negative class. The exact locations of exons in these genequerses are known, and
the exons can only be translated correctly if they are readenof the three possible
reading frames. For a given annotated genomic sequence and #ie ipisttranslated to
(top sequence in Figure 3.3, where exons are shown in black), teelpre@do synthesize
nonsense sequences was the following:

Crop the gene’s nucleotide sequence by removing all nucledtioles noncoding

regions that are further than 120 nucleotides away from tlsesti@xon. The obtained
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nucleotide sequence can be translated in three different rdeaaings, for each of these

three reading frames: 1) Translate the codons into anaids,dgnore/discard any stop
codons (this amino acid sequence is further referred to asatitkdate sequenge?)
Align the candidate sequence to the true protein sequence.rBifyidey parts of the
candidate sequence that are perfectly matched to the tree@metjuence, and are at least
10 amino acids long (shown in dark gray at Figure 3.3). These comeriie exons that
are correctly translated and are therefore removed fromath@idate sequence. 4) The
remaining parts of the candidate sequence (light gray in FR)@)eare either coming
from non-coding regions or from incorrectly translated exongetbee they can be

considered to be nonsense sequences.
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Figure 3.3. lllustration of the procedure to synthesize nonsense protesequence
from genomic sequences with confirmed exon positions.
A genomic sequence with known exon positions (black, dark greis read and
translated in three different ways, with different starting codon positions. Parts of
an obtained amino acid sequence that align perfectly to partef the confirmed
protein are discarded (dark grey), while the remainder is kpt as a synthesized

nonsense sequence (light grey). The schema is simplifi¢idie sequences and exons

are longer than the ones depicted here.
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This procedure produces three nonsense sequences for eachti&iresggquence. As
an additional set, we selected representative sequences fa gihe XP protein
sequences the same way as for genes with NP protein sequercesscdfded short
sequences for which construction of input features for predictiomotsviable. The
overview of the number of sequences in the three groups (NP, XP, syntiretense) for

four genomes is given in Table 3.1.

Table 3.1. Overview of numbers of sequences in datasets for nonsenselmtéon

Organism NP sequenceXP sequencesSynthetic nonsense sequences
Homo sapiens 14353 307 42923

Mus musculus 14661 799 43808

Drosophila melanogaster 12190 0 36240

Danio rerio 9331 7867 27897

Sequences from both parts of the dataset and the additiona¢rsepreprocessed to
construct predictive features, similarly to how featurescanstructed for PONDR family
of ID predictor (P Romero et al. 2001; Zoran Obradovic et al3;2B8@ng Peng et al.
2005; Kang Peng, Predrag Radivojac, et al. 2006). For eachrésetle, a window of

size 41 was positioned centered at the fixed residue. Amino iacitie window were
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counted and their frequencies were calculated; this producedt@etethat correspond to

amino acid composition. Entropy was calculated from 20 amimb feequencies; this
feature measures local complexity of amino acid sequence. Llitability was
approximated as the scalar product of 20 amino acid frequencie&Qarigxibility
parameters, which were estimated empirically. Net chargk average hydrophobicity
were calculated similarly to flexibility, and their rati® used as an additional feature.
Predictions of ID were obtained with the VSL2B predictor (Kahgng, Predrag
Radivojac, et al. 2006); these predictions are mapped to lbtemsification by applying
the .5 threshold. To summarize the predicted ID in a protein seguee usedisorder
content(DC) as defined in Chapter 2. We labeled amino acids in gimthensense
sequences with information about their origin, i.e. whether theatenicleotide of the
corresponding codon was a part of coding region or non-coding region. For amino acids in
all sequences we calculated the distance of the codon frome#rest border between
exon and a non-coding region. Both of these labels were latérig®lancing of the
training set.

The main difference in the above described datasets and thetdattee initial study
is that in the initial study only the mRNA sequences oftihan proteins were used as
the source for synthesis of nonsense sequences. The tranglat@mncoding regions was
therefore limited only to upstream and downstream untradsiagions (3’'UTR and
5'UTR) if they were included in the mRNA sequence at all. \Ige axcluded all genes
that were known to be alternatively spliced. The dataset codtab@d24 NP sequences
and 45,038 synthetic nonsense sequences, as well as the addeioonél5s243 XP

sequences.
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3.2.2 Prediction of Nonsense Regionsin Protein Sequences

This prediction problem is novel, and therefore we could noteidizy of the existing
protein-related prediction tools. Furthermore, we could not comparegesults to any
previously published results. Our goal was not to develop an optidilctor, but rather
to construct a simple predictor with reasonable accuracy and balance between
sensitivity and specificity. We briefly tested logistic negsion and neural networks as the
predictive model, with various sets of parameters. Here esept only the parameters
that led to the best results that we have obtained. We used néwalkisevith 20 hidden
nodes in a single hidden layer. We always trained ensembldés rdural networks, with
randomly sampled training and validation sets. The training and tratidsets (8% and
2% of the available data respectively) were sampled fronddkeset; only 10% of the
available data was used per iteration to speed up the tranithgevaluation process.
Because windows used to construct features for neighboring -@oit® were
overlapping, the obtained features were similar, and ther#ffereedundancy allowed for
subsampling without significant loss of accuracy.

Both training and validation sets were balanced (i.e. contained eguaber of
residues from positive and negative class), and samplesbiotmclasses were balanced
in terms of disorder to include equal number of residues peedio be ordered and
disordered. We further balanced the nonsense class by santplaighember of residues
obtained by translating non-coding regions and residues obtainednsjating coding
regions. We also balanced both nonsense and true proteinbglasampling equal
numbers of residues obtained from regions in vicinity of an exordoding region

border (50nt or less) and of residues obtained from regiorfsofarsuch borders (more
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than 50nt). Targets for residues from two classes were ehaglel and .9. In the

evaluation phase, the residues were classified by comparimgdakvalued predictions
with the .5 threshold.
In the initial study, we balanced the training dataset onlly véspect to the class and

the predicted disorder, but not with respect to the origin of the amcids.

3.2.3 Evaluation

We performed both per-residue and per-sequence evaluation. kesfkrer evaluation
residues are observed separately, while in per-sequence evalpegdictions for all
residues in a sequence are aggregated into one prediction (mepar-adsidue
predictions) and compared to a threshold. We used 10-fold crodatiad to evaluate the
predictor, and the dataset was partitioned into 10 subsets sedltates from the same
sequence were always members of the same subset. Thi®maditboth enables per-
protein prediction and ensures fair testing in per-residue paadiince neighboring
residues in a sequence have similar input features and in asest equal target values,
and should therefore always be in the same subset.

We used two indicators of nonsense prediction level in a sequence. Wendesense
contentas the fraction of predicted nonsense residues in a sequkisc@&dicator is
analogous to disorder content. Another indicator is the mearalf@lued) per-residue
nonsense predictions in the sequence. Both indicators were usethpare results of
prediction for NP and XP sequences.

To analyze the significance of input features for predicbdbmonsense, we used
approximation of partial derivatives of prediction function. Padéivative of prediction

function pred with respect toi-th feature fi at point x was approximated as
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dpreds, (x) = (pred(x +€;) — pred(x))/e, wheree; = €(0, ...,1,...,0) is the vector

with valuee ati-th elementh and value 0 at all other elements. The mean oésliciates
for featuref; over all points in the datasgf-, dpred;,(x;)/n was then used to estimate

both significance (absolute value) and direction (sign) ofriution of featuref; to

prediction function.

3.3Experimental Results

The motivation for this study was the discrepancy in predlictisorder content
between NP and XP sequences. The same difference ésva@s$n the dataset for Homo
sapiens (Figure 3.4), although there is a change in the digtnlaf disorder content for
XP sequences. There are also differences in distributionsarfidiscontent between NP
and XP sequences for Mus musculus and Danio rerio (Figure 3tdhdyuare not as
large as for Homo sapiens. The distribution curve for disoocdatent in synthetic

nonsense sequences in Danio rerio is strongly skewed to the right.
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Figure 3.4. Distributions of predicted disorder content (DC) in confimed proteins
(NP), putative proteins (XP), and synthetic nonsense sequences.

Histograms show fractions of sequences with various levels of DC.
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In the synthetic nonsense sequences for Homo sapiens, websarve a large

difference in distributions for residues originating from noniogdegions and exons
(Figure 3.5, top). Distribution for the residues originating froam-coding regions is
strongly biased towards order. Distribution of disorder contentdsidues originating
from coding regions further from exons’ borders (i.e. in thedfeisbf exons) is fairly
uniform. Contrary to the residues originating from non-codingoregi distribution of
disorder content for residues originating from coding regions theaexons’ borders is
strongly biased towards disorder. This is also preserved famdPXP sequences (Figure
3.5, bottom), although XP sequences have higher fraction of residtheBigh levels of
disorder prediction. These differences in distributions ofrdexocontent were the reason

for the additional balancing of the dataset introduced after the stilidy.
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Figure 3.5. Distributions of predicted disorder in human synthetic nosense, NP and
XP sequences — comparison by position of codons in genomic sequences.

Residues were grouped by the positions of their codons genomic sequences (non-

coding or exons, near or far from non-coding/exon border). Histognas show

fractions of residues with various levels of disorder prediction.
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3.3.1 Evaluation of Nonsense Sequence Predictor

The results of 10-fold cross-validation evaluation of nonsepsslictors are
summarized in Table 3.2. Since the positive class is rfargkr than the negative class,
we measured specificity (true negative rate, accuracy on ¢fativee class) and sensitivity
(true positive rate, accuracy on the positive class) separatklysed the average value of
sensitivity and specificity as the adjusted measure of accuée\also report area under
ROC curve (AUC). For per-residue prediction we also perform aepavaluation of
predictors for disordered and ordered regions, separate evalt@tioonsense regions
originating from exons and nonsense regions originating frontadimg regions (in both
cases the negative class remains the same, i.e. contains at|u¢ihes).

All indicators of predictor's performance on Homo sapiens datsaved a small
improvement compared to the results of the initial study. Tothesteason behind that
improvement we trained a predictor on the Homo sapiens d&asehich the training
dataset was only balanced with respect to true/nonsense and order/dist@mizr lmut not
with respect to the non-coding/exonic origin and the near/far fnomcoding—exon
border criteria.

The evaluation of these predictors (results not shown) showelthrsimprovement
compared to results for the initial study. Therefore we camclude that additional
balancing did not directly affect the performance of the predicinstead, the
improvement in performance can be attributed to one of the folipwli) changes in the
NCBI dataset that occurred over last three years (refineroe NP sequences and
upgrading of XP sequences to NP status), 2) inclusion of moraimtiegions into the

synthetic nonsense part of the dataset, 3) inclusion of sequencegerithtale splicing.
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Table 3.2. 10-fold cross-validation evaluation of per-residue and per-protein

nonsense sequence predictors.

e o Accuracy = Area under curve

Specificity  Sensitivity. (spec+sens)/2
Homo sapiens
Per-residue
Overall 83.47% 84.42% 83.94% 0.9189
Ordered regions 82.35% 84.03% 83.19% 0.9119
Disordered regions 84.82% 85.04% 84.93% 0.9276
Nonsense ~ introns 83.47% 84.15% 83.81% 0.9174
Nonsense ~ exons 83.47% 84.94% 84.20% 0.9217
Per-protein 94.43% 98.81% 96.62% 0.9933
Mus musculus
Per-residue
Overall 82.28% 83.28% 82.78% 0.9087
Ordered regions 81.15% 82.94% 82.05% 0.9016
Disordered regions 83.69% 83.88% 83.79% 0.9182
Nonsense ~ introns 82.28% 81.92% 82.10% 0.9022
Nonsense ~ exons 82.28% 85.91% 84.09% 0.9213
Per-protein 94.02% 98.85% 96.43% 0.9938
Drosophila
melanogaster
Per-residue
Overall 84.57% 87.14% 85.86% 0.9360
Ordered regions 82.05% 85.59% 83.82% 0.9187
Disordered regions 87.70% 88.86% 88.28% 0.9538
Nonsense ~ introns 84.57% 81.18% 82.88% 0.9105
Nonsense ~ exons 84.57% 90.04% 87.31% 0.9485
Per-protein 96.97% 97.54% 97.26% 0.9938
Danio rerio
Per-residue
Overall 83.29% 87.12% 85.20% 0.9297
Ordered regions 80.80% 88.41% 84.61% 0.9262
Disordered regions 86.85% 82.38% 84.61% 0.9266
Nonsense ~ introns 83.29% 88.00% 85.64% 0.9338
Nonsense ~ exons 83.29% 85.47% 84.38% 0.9220
Per-protein 95.98% 99.60% 97.79% 0.9980
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3.3.2 Comparison of predicted nonsensein NP and XP sequences

As a part of the 10-fold cross-validation process, we obtainedcpoed for all NP
and synthetic nonsense sequences. We could then use all 10opseaBcan ensemble for
prediction on XP sequences, since they were not used in trainengnsemble predictor
is expected to perform at least as well as its component predBtensian 1996).

We calculated nonsense content for all NP, XP and synthetsensa sequences. The
distributions of nonsense content in the three groups of sequéiees<P, synthetic
nonsense) for four datasets are compared in Figure 3.6. Diffebmtaeen NP and
synthetic nonsense sequences is expected in accordance wittopr@dauation results.
However, the significant increase in nonsense content for humaeg{fences, compared
to NP sequences, cannot be explained by the design of the predatiboted to noise.
With respect to the input features, derived from amino acid segusigaificant portion
of human XP sequence regions are more similar to synthetie s@igiences than to NP
sequences. There is also a (much smaller) difference in rs@nsentent between mouse
NP and XP seugences. However, distributions of nonsense conteNMPfand XP
sequences in Danio rerio are almost the same.

Comparison between nonsense content prediction for NP andgienees and the
effects of the choice of threshold is further elaboratebable 3.3, which lists fractions of
sequences that are predicted to be "mostly nonsense” (i.e. nonsats@t is greater than
some threshold). Here we can again observe the drop of thierfrear XP sequences in

Mus musculus and especially in Danio rerio.



Homo Sapiens

08¢ C_Inp :
07h I xp
Il nonsense
8 0.6 M
2 05
s 0.4
2 0.3f
Q
©
- 0.2+
0.1 I
0 |
0-20%  20-40% 40-60% 60-80% 80-100%
Nonsense content
Drosophila melanogaster
0.8f NP 1
07 B xp |
M Il nonsense
8 0.6 ]
Z 0.5 B
5 0.4 q
203 B
Q
I
- 0.2 q
0 : ‘ 1. m . ‘
0-20%  20-40% 40-60% 60-80% 80-100%

Nonsense content

90

Mus Musculus

0.8 C_INP
07 I xP
Il nonsense
8 0.6 M
2 05
s 0.4
203
L 0.2
0.1
O H
0-20%  20-40% 40-60% 60-80% 80-100%
Nonsense content
Danio rerio
0.8 C_InP
07 I xp
_ Il nonsense
8 0.6
z 0.5
5 0.4
203
Q
I
- 0.2
0.1
o i
0-20%  20-40% 40-60% 60-80% 80-100%

Nonsense content

Figure 3.6. Distributions of predicted nonsense content (NC) in canfned proteins

(NP), putative proteins (XP), and synthetic nonsense sequences.

Histograms show fractions of sequences with various levels of NC.
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Table 3.3. Comparison of fractions of NP, XP and synthetic nonsense sequesnwith

nonsense content greater than threshold = .5 (| .4, .6).

Organism Threshold NP XP Synth.
nons.
Homo sapiens 0.4 11.34%52.77% 99.38%
Homo sapiens 0.5 5.98% 44.30% 98.64%
Homo sapiens 0.6 3.07%35.18% 96.71%
Mus musculus 0.4 12.22%36.92% 99.37%
Mus musculus 0.5 6.55% 29.41% 98.70%
Mus musculus 0.6 3.20%23.28% 96.77%
Drosophila melanogaster 0.4 7.37% 98.48%
Drosophila melanogaster 0.5 3.71% 97.40%
Drosophila melanogaster 0.6 1.72% 95.12%
Danio rerio 0.4 8.95% 15.32% 99.78%
Danio rerio 0.5 4.39% 9.01% 99.53%
Danio rerio 0.6 2.10% 5.17% 98.76%
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We also compared the total fractions of residues predicted ito @nsense regions

(Table 3.4). While the margin between total nonsense contemédre NP and synthetic
nonsense sequences, which equakngitivityspecificity—1, is increased for Homo
sapiens compared to the dataset from the initial study, thginrtzetween total nonsense
content in XP and NP sequences is decreased (from 20.05% to 18T0@%ame margin

is further decreased for Mus musculus, and almost non-existent for Diamio re

Table 3.4. Total (per-residue) predicted nonsense content in NP, XP andns
sequences, and the margin of nonsense content between NP and XP, and/éen

NP and synthetic nonsense sequnces.

Organism NC_NP NC_XP NNCC__XI\IIDP_ NC_nons Ng(_:rlc'J\lns—
Homo sapiens 16.57%34.65% 18.09% 84.42% 67.86%
Mus musculus 17.75%27.21% 9.46% 83.29% 65.54%
Drosophila melanogasterl5.41% 87.15% 71.74%
Danio rerio 16.69% 18.81% 2.12% 87.13% 70.44%

3.3.3 Relationship between prediction of nonsensein XP sequences and prediction of
intrinsic disorder
After the computational experiments have indicated that humaht@asome extent
mouse) XP sequences contain substantial fraction of nonseneasretpe important
guestion is how these regions affect the prediction of disoadgent in XP sequences. In
human XP sequences, 55.53% of all residues are predicted to be édohdeegions of

human XP sequences that are predicted to be nonsense the fracpoediofed ID
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residues is increased to 64.87%, while in regions predicteld betnonsense, the fraction

of predicted ID residues is only 50.58%. It is interesting to hete that in the mouse
dataset, predicted fraction of ID residues is very similggredicted nonsense regions of
XP sequences (48.79%), regions of XP sequences that are preditt®® be nonsense
(49.09%) and overall XP sequences (49.01%). Furthermore, in the geltataset, the
difference is inverted compared to the human dataset: 46.69%ll,08843% in
predicted nonsense regions, and 48.67% in remaining regions.

A new question arises whether the positive difference betyesghiction of nonsense
and prediction of ID for human XP sequences is specific for XjBesees, or whether it
can also be observed in synthetic nonsense sequences, or evemlsetpeditive regions
in NP sequences predicted to be nonsense. To answer thioguestach of the three
groups of sequences we calculate the Pearson correlatiorciemeffibetween predicted
disorder content and predicted nonsense content for all sequerm calculate??
statistic andp-value for linear regression. These indicators of coroelatoetween
prediction of nonsense and prediction of disorder for NP, XP anthefic nonsense
sequences are listed in Table 3.5. There is a significantivyeosiorrelation between
predicted nonsense and predicted disorder in XP sequences in Hoers s&prprisingly
all correlation coefficients (including for XP sequencesPDamio rerio, as well as all
correlation coefficients for NP sequences, are negative. Howgeegorresponding?

values are low.
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Table 3.5. Correlation of disorder content (DC) and nonsense content (N@r NP,

XP and synthetic nonsense sequences

NP XP Synt. nonsense
. Corr. Corr. Corr.
Organism coeff. P coeff. R P coeff. R P

Homo sapiens -0.085 0.007 ~0| 0.354 0.125 ~0| 0.252 0.063 ~p
Mus musculus -0.123 0.015 ~0| 0.019 0.000 0.59| 0.227 0.051 ~q
Drosophila

-0.120 0.014 ~0| 0.000 0.000 ~0| 0.098 0.010 ~p
melanogaster

Danio rerio
-0.173 0.030 -~0]-0.157 0.025 ~01]-0.203 0.041 -o

Table contains Pearson correlation coefficients, and the® statistics andp-values for

linear regression of disorder content and nonsense content.

It is interesting to note here that the correlation indisafor human XP sequences
were much stronger in the initial stugy=(442, R=.196, andp~5E—250). In the initial
study we also produced scatterplots of predicted nonsense cag@nst predicted
disorder content (Figure 3.7). While the points representingdd@ences were clustered
at the bottom (low level of prediction for nonsense) and thegpo@presenting synthetic
nonsense sequences were clustered at the top (high levetimtiprefor nonsense), the
points representing XP sequences form two clusters — in the-ugipe corner (high
disorder prediction, high nonsense prediction) and the lowkt cgrner (low disorder
prediction, low nonsense prediction). The decreased strength obritedation may be

attributed to the improved curation of the XP part of the human Reégegrsces.
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3.3.4 Analysis of input features for nonsense prediction

The approximate means of partial derivatives of prediction fumetith respect to 23
input features over all points in the balanced training humtasetaare shown in Figure
3.8. Figure 3.8 also shows the frequencies of the amino acidspmrdasy to the first 20
input features, which are sorted according to their order (left) orddis (right) promoting
tendency. There is no obvious link between the sign and/or diredtitve onean partial
derivatives on one side and the amino acid frequencies and/or ottaker/disorder
promoting property. Both positive and negative values are preseohg both the
disorder promoting and order promoting amino acids. There areab@a@rs of amino

acids with very similar frequencies and very different values of maéialkerivatives.
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Figure 3.8. Comparison of significance of input features.

Bars represent approximated 23 means of partial derivatives (whit respect to 23

input features) over all points in the dataset. Circles reqesent the frequencies of the

amino acids that the first 20 features are based on. The amu acids are ordered

from most order promoting (left) to most disorder promoting (right).
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3.4Discussion

In the study described in Chapter 2 (Midic et al. 2009) we have obsehigdncrease
in predicted disorder content for human protein sequences fronh WE@BXP identifiers,
as compared to human protein sequences with NP identifigner€F3.1). This difference
was consistent with the divergence in amino acid composiiohNP and XP sequences
(Figure 3.2), since several order-promoting amino acids wigtdyhenriched in NP
sequences, and several disorder-promoting amino acids were lighthed in XP
sequences.

Sequences have XP identifiers when they are in early sthgesation, and many of
them are just putative sequences submitted by the automatexmngeannotation
procedure that utilizes gene finding algorithms. Since genénfjnalgorithms are not
perfect, they introduce nonsense regions into XP sequences. Wctedsthat these
nonsense regions may be one of the causes for the discrepancy in presioctiet.di

Based on the difference in amino acid composition (Figure @:@)assumed that
nonsense regions can be predicted from sequence. Since om taasense regions was
available, we developed a simple procedure to construct syntimigense sequences
from real protein sequences and their genomic sequences (Figurd8se sequences
have different amino acid composition than their real copatts (Figure 3.4), although
in human and mouse genome they also differ greatly fronsetfgences, as they have
higher fractions of some order-promoting amino acids and |dveetions of some
disorder-promoting amino acids.

Using a simple prediction model, we have successfully waipeedictors that

discriminate true NP sequences from synthetic nonsense sesju@liceput features
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were based only on local sequence information, and were constrsstgdnethodology

similar to many predictors of intrinsic disorder. The predghave very good per-residue
accuracies (82%—-86%) and AUCs (> .9), comparable to predictardrioic disorder
(Table 3.2). More importantly, they are very well balancedl{as.similar sensitivity and
specificity) and perform equally well on predicted disorderedoregiand predicted
ordered regions, as well as on synthetic nonsense sequemmes regginating from
coding and non-coding genomic regions. These results confirm sthenption that
nonsense regions can be predicted from sequence alone.

We have also used a simple method to aggregate per-residlietipne and obtain
per-protein predictions. The performance of per-protein predictors i<y to optimal,
with accuracies 96%—98% and AUC ~ .99. However, it is only feamluse per-protein
predictors when a sequence is either a true protein sequence whdlee sequence is
nonsense.

We applied both per-residue and per-protein predictors to XP seguene used
various methods to compare results of nonsense prediction fantNRP sequences. Per-
protein predictor classified ~44% of human XP sequencesllgsnfinsense sequences,
compared to only ~6% of NP sequences. While this estimate is noticedlistindicative
of how many XP sequences are more similar, in terms of irgaitires, to synthetic
nonsense sequences than to real NP sequences. Similar large digongsaoloserved for
Mus musculus (~30% vs 7%), but not for Danio rerio (~9% vs 4%).

Per-residue predictor also gave very different predictionshtonan NP and XP

sequences. The differences in distributions of nonsense contatiofirof residues in a
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sequence predicted to be in nonsense regions) are substankainio sapiens and Mus

musculus, but not for Danio rerio (Figure 3.6, Table 3.4).

We analyzed the total nonsense content (total fractioesadues in predicted nonsense
regions) for NP, XP and synthetic sequences at various values of thrd@ste&eparation
margin between predicted nonsense contents for human NP andtisynthresense
sequences peaks around the default threshold .5, and the margirrbgxedicted
nonsense contents for NP and XP is close to its maximum (~288RNAnons, ~18% in
GNMCnons dataset) at that threshold.

Predicted nonsense regions in human XP sequences have highdistotier content
(64.9%) than the remaining regions of human XP sequences (50.6%)inpanantly,
there is a significant positive linear dependency betweengbeddnonsense content and
predicted disorder content in XP sequences, as indicated byhiginyearson correlation
coefficient, as well as th& statistic and lowp-value for the corresponding linear
regression model. While a similar positive linear dependency it(aliigh lower
correlation coefficient) is observed in synthetic nonsensgiesees, it is completely
absent from NP sequences. However, similar significaneledion is absent in Mus
musculus, while in Danio rerio the correlation is significamtl negative. In Danio rerio,
predicted nonsense regions in XP sequences have lower suadlati content (38.1%)
than the remaining regions of human XP sequences (48.67%).

These experimental results support the hypothesis that the presence nf@oag®ns
in human XP sequences — introduced by errors of gene finding prosedsignificantly
increases the predicted disorder content, and therefore intodigs to genome-wide

estimate of disorder content.



100
However, the same conclusion cannot be reached for Mus musadiiZaaio rerio.

Danio rerio has very similar distributions for predicted disorcontent in NP and XP
sequences, as well as very similar distributions for predliobnsense content in NP and
XP sequences. Furthermore, it has the lowest levels of prediciesense in XP
sequences of all three compared organisms. Most importantly, thebatobh of
nonsense regions in XP sequences to predicted disorder contenbist atinimal.

We were only able to partially explain the discrepancy iarder content estimates for
human NP and XP sequences. It is still possible that theinmotehich are currently
covered with XP records, in fact have higher average disordeentahtan NP sequences.
However, even if that is the case we cannot be sure whatrpattithe difference in
predicted disorder content is due to the real difference, andpeh#on is due to errors in
XP sequences that are to be eventually corrected. Differamcigasets and results for
Homo sapiens, between the initial study and the new study peddeate, clearly show
the trend that more and more XP sequences are being curdtedeanually have they
status upgraded, which leads to decrease in discrepancyebepwedicted disorder

contents, as well as to lower predicted nonsense content.
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CHAPTER 4

SEQUENCE ALIGNMENT OF INTRINSICALLY DISORDERED PROTEINS

4.1 Introduction

The first substitution matrices, Point Accepted Mutation (PABbfily of matrices
(Dayhoff and Schwartz 1978), were obtained from a set of manually curated exitgnoh
71 families of proteins, containing 1572 observed mutations. PAMIDnmatmormalized
so that it roughly corresponds to sequences that allow 1 mutati@véry 100 residues.
Matrices that correspond to higher mutation rates are obtdapamplying a Markov
chain model of protein mutation. For virtually any mutatioe réte PAM matrix can be
extrapolated by applying an appropriate exponent to the underlying normalizethfrix
of PAM matrices for lower mutation rates.

BLOSUM matrices (S Henikoff and J G Henikoff 1992) were developem
alignments in the BLOCKS database (J G Henikoff and 8ikd# 1996). Unlike the
PAM matrices, which utilize extrapolation, the BLOSUM s are based on observed
alignments with required mutation rates. The number in thexmeame corresponds to
the threshold imposed on the similarity of clusters which are used fut@the matrices.
Higher numbered matrices should be used for alignments of cladated sequences,
while lower numbered matrices should be used for more diverggursees.

For both matrices, the scoseorda;,a) for matching amino acids anda is calculated
as Clog(pj / giq), wherep; is the observed frequency afandg being aligned in the
“ground-truth” alignments, while; andg; are the observed frequenciesapfinda;, and

the constanC is selected so that the error introduced by rounding all stotbs nearest
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integer is minimized. The score is positive if amino aejdsda; are observed aligned as

a pair more frequently than would be expected based on their indiidgaencies, and
negative if they are observed aligned less frequently than would be expected.

The difference in amino acid compositions between IDPs/IDidssauctured proteins
casts doubt on suitability of BLOSUM and PAM matrices fograiient of IDP sequences
(since frequencies} are different). Rates of sequence evolution in disorderedis/ers
ordered proteins were examined in (Celeste J Brown et al.,2008)e it was found that
for 19 out of 26 families of proteins with confirmed intrinsisatder, the disordered
regions evolved significantly more rapidly than the orderedonsgiwhile for only 2
families the opposite was true. A different rate of evolutrodisordered proteins means
that the frequencigg; are also inappropriate, and a different substitution matmeeded
for alignment of IDP sequences.

The question of differences in amino acid frequengiegas addressed for the general
case in (Schaffer et al. 2001), which applies matrix operatiorte p;] which adapt the
resulting substitution matrix to the change in amino acid distoibst

The first attempt to address the question of relationshipdestwD and sequence
alignment was made in (Predrag Radivojac et al. 2002). Anivieripproach was used to
obtain a set of alignments of families of proteins with cordolmlDRs and the
corresponding substitution matrix. The iterative proceduresstath the BLOSUM62
matrix, aligns all families of proteins and calculatesdhiestitution matrix from obtained
alignments. The two steps of alignment and calculation a$ubstitution matrix are then
repeated until no significant changes are observed. The obtained BISORDER is

significantly different than the initial BLOSUMG62 matrix. Hewer, no clear-cut criterion
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was established for when this matrix should be used insteti LOSUM6G2 matrix.

Furthermore, this matrix always assigns the same score toa paino acids, regardless
of whether they belong to IDRs or ordered regions of proteins.

In Section 4.2 | describe a new approach that is an extensibe @étative approach
used in (Predrag Radivojac et al. 2002), yet attemptdtivess its shortcomings. The
main idea for improvement was to use an extended 40-symbol alpivitbe2@ symbols
for amino acids in ordered regions and 20 symbols for amino acaisdrdered regions)
and an expanded 40x40 substitution matrix. The 40x40 matrix obtamnedgh the
iterative estimation procedure has several important chasticke related to intrinsic
disorder. However, tests have shown that this matrix is inferi&@.OSUMG62 and other
standard 20x20 matrices, as it suffers greatly from the proloerfalse positives.
Furthermore, there is no simple way to incorporate a parametéargimthe ones used in
BLOSUM and PAM families of matrices, into the sequencectiele and preprocessing
procedure. This makes the comparison with BLOSUM matrices unfair

In Section 4.3 | describe a different approach to allow foaia domparison with
BLOSUM matrices. We downloaded the BLOCKS5.0 database (J Gkétkr@ind S
Henikoff 1996) and followed the procedure used for creation of BLOSuHifices (S
Henikoff and J G Henikoff 1992), except for the correction of the normalizatiorguwoe
(Styczynski et al. 2008). Similarly to the iterative proceduszideed in Section 4.2, we
represented all sequences whose parts form BLOCKS with thgmtibkalphabet. This
allowed for the creation of expanded matrices using BLOSUM melbgyl In addition
to 40x40 matrices, we also created 40x20 matrices and 20x20 aé@e0 matrices

can be used in a scenario where intrinsic disorder is peedior a query sequence, but it
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is too expensive to perform prediction for the whole tadgébase of sequences. The

20x20 matrices, similar to the original BLOSUM matrices, betated with the revised
algorithm, were created for comparison purposes. We did not cereppanded matrices
with widely used original BLOSUM matrices, because it whswn that only by pure
chance some of them (e.g. BLOSUM®62) have significantly bettéorpgance than their

counterparts obtained with revised algorithm.

4.2 Iterative estimation procedure

4.2.1 Methodology

4.2.1.1 Dataset

To overcome the limitation on the size of dataset from (Predadiy&ac et al. 2002),
where only proteins with confirmed IDRs were used, predictiolDoivas used to label
the IDRs in protein sequences, which in turn allowed the smieat arbitrary families of
protein sequences for the dataset. The selection procedumre lnegandomly selecting
1000 protein sequences from the UNIREF database as “anchori&nidies. BLAST
gueries were performed for these sequences against the BNIRfabase to obtain
families of similar sequences. From the BLAST resulty ¢tinbse sequences were kept
that satisfied the following criteria: 1) the differencesgguence length compared to the
anchor sequence was less than 10%, and 2) the global sequence wdéntihe anchor
sequence was at least 90% (note that significance of BLtASTIts is estimated based on
local identity and/or similarity). The families with lefean 10 sequences were discarded.
To limit the computational requirements a threshold of 900impssed on the length of

sequences and reduced the large families to only 50 sequencesldy rsampling. The
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resulting dataset contains 600 families with between 10 and 50 sequencesn{#8s, far

72%, contain 50 sequences). The average length of sequences ian6lés franges
between 27 and 811, while the median is 312.

VSL2B predictor (K Peng, P Radivojac, et al. 2006) was ugqurdadict IDR in all
protein sequences, since this was the most accurate disordetgoratitwo consecutive
community-wide protein structure prediction assessment expeism(CASP 6-7).

VSL2B predicted that 18% of residues in the constructed dataset bel@gsto

4.2.1.2 An lterative Procedure for Estimation of a 40x40 Substitution Matrix

Modifications of Needleman-Wunsch and Smith-Waterman dlgos (global and
local pairwise sequence alignment) for use with extended alphabet ardanded 40x40
substitution matrix are fairly straightforward. | implented a multiple-sequence
alignment algorithm based on ClustalW, as described in (Chehra. 2003), with
necessary modifications. To save computation time, the all-tpairwise sequence
identities were precomputed using the Smith-Waterman digoriatnd BLOSUMG62
matrix (ClustalW uses a heuristic to estimate pairwise idesjtitiee same guiding tree and
weights were used for multiple-sequence alignment in all ibersti

The following iterative procedure was used for sequence alignamehestimation of
the 40x40 substitution matrix:

1. Initialize the 40x40 matrix (as explained below).
2. Obtain multiple-sequence alignment for each family using the currénkma
3. Calculate a new matrix from the alignments obtained in step 2.

4. Go back to step 2, unless the changes between iterations are teegligib
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The first step of the iterative procedure initializes the matrix @xd@ matrix made up

of four copies of the BLOSUMG62 substitution matrix (Figure 4Th)is means that in the
first iteration of alignment, the disorder prediction informat®ignored.
After the alignments are obtained in step 2, the new substitatatrix is calculated
using the following procedure:
1. Initialize an array for matrix M to zeros.
2. For each family of sequences:
For each pair of sequencssg, seq, with weightsw;, w;, for whichi <j,
For each pair of matched amino-acids freeq andsegq, (excluding “matches”
to gaps):
increase the cell in the array corresponding to the two matsheaw-acid
by wiws.
3. Calculate matrix of amino acid pair frequendtedp;| asP=(M+M’)/23;m;.
4. Calculate frequencies for amino acggs) ;p;
5. Calculate all scores using the formwudaorda;,a)=2log(p;i/0i0;)
The value of constaii = 2 is the same as in the calculation of the BLOSUMG62 matrix,

so the same gap penalty values could be used.
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Figure 4.1. A 40x40 substitution matrix and its submatrices.
A 40x40 substitution matrix (left) consists of four 20x20 sub-maites. The initial
matrix for the iterative procedure (right) is made up of four copies of the

BLOSUM®62 matrix.
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4.2.1.3 Experiments

All experiments with the described iterative procedure weremmeed with the default
values for gap penalties in BLAST algorithm: 11 for gap openmulylafor gap extension.
In the main experiment | used the whole dataset to obtain a 40x40 sidvstitatrix.

To test the stability of the iterative procedure with respect to theechbtbe dataset, it
was also ran six times with six different subsets of thasgh each time randomly
selecting only half of the sequence families. If the procedase stable, it was expected
that six obtained matrices would be similar.

As a control experiment, the dataset was modified by asgigaindomly generated
numbers instead of disorder predictions (I draw random numbvers & similar
distribution as the values of disorder predictions). By compahi@gnatrices obtained in
the main and control experiment, it was possible to identify whicherties of the matrix
obtained in the main experiment were specific to ID and wereobtained by pure

chance.

4.2.1.4 Evaluation

The proposed alignment approach with expanded substitution matrigowgeared to
standard local alignment with BLOSUM®62 matrix, using annatignt evaluation protocol
that is similar as in (Schéffer et al. 2001).

The protocol includes a set of 103 query sequences, a set of 6341 target segndnces
a manually curated set of correct <query, target> pairs.ekoh query sequence, the
sequence is aligned with a pairwise alignment algorithrh @alit 6341 target sequences.
Alignment scores are mapped into E-scores, and the tagetrsces are sorted according

to obtained E-scores in the ascending order. Information-rdteeaduation techniques
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are then used to evaluate the alignments. Target sequences thabelerkda correct hits

for that query (by domain experts) are then located in the dmtieaind their ranks in the
list are recorded. These ranks are then compared across aliggwmithms. In the ideal
case, all true hit targets should be in the top positions in the list.

Another way to compare results of two alignment algorithni/issing ROC curves.
ROC curves are constructed by sorting all E-scores in asgeadier and adding aligned
pairs to the set of hits, which is equivalent to increasing the value tifréstold imposed
on E-scores. At each iteration, we calculate the Coverageiraber of correct hits /
number of all true hiteand Errors Per Query (EPQ)msmber of errors / number of query
sequencesROC curve is then obtained by plotting EPQ on the x-axis against Qevana
the y-axis. While area under curve can be calculated simiksl for the 2-class
classification problems, a potential difficulty is that this problem the early retrieval
(corresponding to the leftmost part of the ROC curve) is thd mgmortant, and AUC

does not necessarily reflect that.

4.2.2 Experimental results
The convergence criterion for the iterative procedure used tmagstithe 40x40
substitution matrix is that the absolute values of updates [fpaemeters in the matrix
fall below 0.5. This relaxed criterion is due to the fact that iniegupdns the values in the
matrix are usually rounded to the nearest integers to allow o$ageger arithmetic. The
substitution matrix estimation procedure converged in fiveatiters as illustrated in

Figure 4.2.
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The 40x40 matrix obtained in the main experiment with the witalaset is displayed

in Table 4.1. The values in the obtained matrix were comparégdtiae values in the

initial BLOSUMG62 matrix in Figure 4.3.

Updates between iterations

1 2 3 4 5 6 7 8 9 10
[teration

Figure 4.2. Convergence of the iterative substitution matrix estimationnocedure.
The updates between iterations for all 400 matrix elements are shown ftre first 10

iterations. Horizontal lines are aty = £0.5.
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Figure 4.3. Comparison of the obtained 40x40 substitution matrix and the initial
matrix.
The scatterplots compare the values in the three 20x20 submiies of the 40x40
substitution matrix (obtained with iterative procedure) and the corresponding

values in the initial matrix (BLOSUMG62).
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The stability of the iterative procedure was checked by exagittie distribution of

standard deviations of six values obtained for each matrix eteimehe experiments
repeated with six random subsets of the dataset (each sudmgains 300 randomly
selected sequence families, i.e. half of the dataset). Suiostimatrices obtained in these
six experiments were fairly similar, with standard dewiatior 85% of matrix elements
being smaller than 0.5 (histogram omitted for lack of space). Tdwest instability is
observed for scores related to the least frequent amino aciditypesordered regions.
This is expected, since lg@;0q) is least stable for small valuesmf g; andg;.

For the 40x40 matrix obtained in the control experiment withrdhedomized dataset,
its four 20x20 submatrices were compared among themselvese Thassubmatrices
were practically identical, with 0.305 being the highest standievdtion for four related
elements in these submatrices, and with standard deviatioresthalh 0.1 for 85.5% of
400 submatrix positions. The four submatrices of the matrix reddtain the control
experiment were also compared with the order-order submattheafubstitution matrix
obtained in the main experiment. The differences follow a disipgimilar to a normal
distribution withu = .24 ands = .16, meaning that although the submatrices are very
close, the scores are slightly higher in the order-order sulmait the expanded

substitution matrix from the main experiment.



Table 4.1. The 40x40 substitution matrix obtained with the iterative proced.
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4.2.3 Evaluation

The proposed alignment approach with the expanded substitutiox metiformed
much worse than the standard alignment algorithm with the BLOSUNEZX in the
evaluation with the reference query/target dataset. The rahkbke true hits were
consistently worse for the proposed approach than for the standaradmpprichile the
proposed alignment approach correctly aligned the true <queryztages, their rank in
the E-value sorted list was often pushed down by irrelevantrygtprget> matches that
were assigned higher scores and lower E-values. Manual imspeciggested that the
high scores assigned to such unrelated pairs of sequences ardlauéatd that pairs of
residues from ID regions in two sequences are more likehet high scores than pairs of
residues from other regions. High positive scores are fawbedémning over the negative
scores in the disorder-disorder part of the expanded matrix. |&&ds to a higher
probability that long stretches from two unrelated sequencesdmaligned with a very
high score just by chance. As the evaluation shows, this probabilityo high and

introduces a prohibitively high level of false positives.

4.2.4 Discussion
The iterative procedure for estimation of the 40x40 substitutiorxnhat is described
in this section is an effective way of overcoming the lacgrotind-truth alignments. The
resulting substitution matrix is the fixed point of thepmiag defined by steps 2 and 3 of
the procedure. It also has the property that it both producesghenalits in step 2, and it

is derived from the same alignments.
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In the obtained expanded substitution matrix substantial diffesewese observed

between the scores assigned to alignment of disordered-disordetered-ordered and
ordered-disordered pairs of amino acids. These differencesdpravither evidence that
evolutionary rates in disordered and ordered regions of proteendifferent and that
BLOSUMG62 and other matrices are not appropriate for alighmielDPs. In contrast to
BLOSUMG62 matrix that tends to penalize matching of non-idenaoaino acids, the
expanded matrix tends to assign higher scores (or at leafiersmenalties) to the
matching of non-identical amino acids in the disordered regions,ewher to higher
evolutionary rate such mismatches are more likely to occur tiwrenaThe scores for
alignment of ordered regions of two sequences in our expanded raggrisimilar to
scores assigned by the BLOSUMG62 matrix. Finally, the expandedxnaasigns the
lowest scores (or more precisely: highest penalties) fochimg amino acids in ordered
regions in one sequence to amino acids in disordered regionstireasequence. This is
consistent with the conservation of position and extent of disorde¥gmns in
homologous sequences.

The experiments with the random subsets of the dataset shiostetié procedure is
stable with respect to the selection choice of the protein sesgienthe dataset (as long
as the selection is done randomly). The results also emphlasizaportance of using a
large dataset. Furthermore, the results of the experiméhttiae randomized dataset
showed that the differences between four 20x20 submatrices observbe imain
experiment were not obtained by chance and that they clearly fromehe differences

between evolutionary rate in ordered and disordered regions of proteins.
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While the expanded substitution matrix with all its propertaa be considered a

further empirical evidence for previously proposed hypothesis ft#reint evolutionary
mechanism in ID, its utility for alignment of sequencesussfjonable. The evaluation
results have shown that, in the general case, the proposed alignment approadbrisanf

standard alignment algorithm.

4.3BLOCKS and BLOSUM Revisited

4.3.1 BLOSUM algorithm and proposed adjustments

BLOSUM matrices (S Henikoff and J G Henikoff 1992) were \a&ti from the
BLOCKS database (J G Henikoff and S Henikoff 1996). Each kblae a gapless
multiple alignment of conserved segments from various sequences.

The number in the name refers to the parameter used in preprgcesshe data,
which is related to evolutionary distance. For example, beforalaatm of BLOSUM62,
sequences in each block are clustered such that no two sequemcetsvd different
clusters have 62% or greater identity. Lower numbers leath&tles number of bigger
clusters, while higher numbers lead to greater number of srokitters.

After clustering of sequences in a block the algorithm procegd®r each column in
the block, counting all pairs of amino acids from differenttelss The contribution of
each pair of amino acids is normalized by dividing it with gheduct of the two sizes of
clusters. After normalization, for a block with sequencetleh@ndk clusters, the total
sum of contributions i&(k—1)I/2. Note that in the original implementation of BLOSUM
algorithm this normalization was not implemented correctiyl eontribution was only

divided by the size of the first cluster (Styczynski et 2008). This meant that the
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matrices produced by that implementation of the algorithm changéuk iforder of

sequences in the input files changed.

The remaining steps are similar to other algorithms. Cuaritans of all amino acid
pairs from all blocks are counted together and summed up iririx tilg. This matrix is
normalized to calculate the matrix of amino acid pair frequenéefp;| as
P=(M+M’)/2%;m;. From this matrix we calculate marginal frequencigsaimino acids
g=Yjpj. From p; and g to calculate all scores wusing the formula:
scorda;,a))=Clog(p;/qiq;). We can use this algorithm to calculate both 20x20 and 40x40
matrices. To obtain a 40x20 matrix, the algorithm has to be tadjus calculate
separately marginal frequencies by rows and columns of matrix P.

To obtain disorder prediction for sequence segments and thutafaditie use of a 40-
symbol alphabet, disorder predictor was applied to the original seegigvhose segments
form the blocks, and not to the segments themselves; segarentso short to obtain
reliable prediction, especially at the ends of segments. Aftediction on the whole
sequences, disorder prediction outputs for their segments wenet @rtcdbstored with the

BLOCKS.

4.3.2 Testing
For each obtained matrix, we can calculate its relative gn&ep’i;0cjlog.(p;/aig;),
and its expected score agp;log.(p;/giq;). Relative entropy is important in the testing
stage, as comparison of results obtained with two matrscesly fair if they have the
same relative entropy (Altschul 1991).
We calculated the 20x20 matrices for various (round integ@des of clustering

parameter. We then calculated 40x20 and 40x40 matrices for varioes w4 clustering
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parameter on a finer grid, and found matrices whose relativepges are closest to the

relative entropies of the 20x20 matrices. This was to enBatesach 20x20 matrix has
corresponding 40x20 and 40x40 matrices with which it can be fairly compared.
For comparison of matrices we used the same methodology athdésa Section

4.2.1.4.

4.3.3 Proposed changes to the normalization performed in BLOSUM algorithm

As already mentioned in Section 4.3.1, the contribution of eaclopamino acids is
normalized by dividing with the product of the two sizes of chsst&fter normalization,
for a block with sequence lengtlandk clusters, the total sum of contributions of amino
acid pairs in that block ig(k—1)I/2. Therefore the contributions of blocks with the higher
number of clusters tend to dominate over the contributions of blatksthe lower
number of clusters. The number of clusters is correlated with the numbeuefises in a
block, and the number of sequences in a block depends on the pafgtessuration of
the block.

We decided to change the normalization formula, and use arfalithsion by k(k—
1)/2, and in another version bi1)/2. In the first case, the total sum of contributions of
amino acid pairs in that block ligthe length of block), and in the other case KisVhile
in the second case we still have the faki@nd blocks with larger number of clusters can
still dominate the calculation of matriq, this factor is linear and not quadratic as in the
original algorithm.

We tested two new approaches to normalization by calculatirg02@atrices with

equal relative-entropy as the original 20x20 matrix, and then compharnpree matrices.
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4.3.4 Experimental results

In this section we compare matrices of size 20x20, 40x20 axdD4d@btained with
BLOSUM algorithm (corrected and adapted for extended alphabet).atid to the
comparison the similar matrices produced by variationh®fBl OSUM algorithm: we
will refer to the algorithm with additional normalization tiaick(k—1)/2 as Variant A, and
to the algorithm with normalization factde1)/2 as Variant B.

We compare the entropies of matrices obtained for commonly ukexs\ad clustering
parameter (50, 62, 80) in Table 4.2. For comparison, the entropiesrresponding
BLOSUM matrices are 0.4808 for BLOSUM50, 0.6979 for BLOSUMG®] 6.9868 for
BLOSUMS80. Entropies for matrices of three different sizesaiobtl with regular
algorithm are fairly similar; same is true for madscobtained with algorithms Variant A
and Variant B. However, entropies of matrices obtained witiows variants differ
greatly. For matrices obtained with algorithm Variant B éméropy is higher than for
regular matrices, and it is even higher for matrices obtawittdalgorithm Variant A.
Variant B (normalization bykE1)/2) lessens the dominance of blocks with high number of
clusters, while Variant A (normalization bgk—1)/2) completely alleviates the problem
and allows for information from all blocks to be weighted equally.

ROC curves for evaluation of these 9 groups of matrices are cednppaFigure 4.4—
Figure 4.6. The 20x20 and 40x20 matrices in all cases have e¢e@fROC curves, and it
is hard to establish clearly which of the two matrices haereerformance. In all cases
the 40x40 matrix performs much worse than the other two matri¢esh v consistent
with the evaluation of the matrix obtained with iterative pdore described in Section

4.2.
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Table 4.2. Comparison of entropies for matrices obtained with adjusted BLOUM

algorithm and algorithm variants A and B

Identity 50%

20x20
40x20
40x40

Identity 62%
20x20
40x20
40x40
Identity 80%
20x20

40x20
40x40

Regular Variant A Variant B
0.4876 0.5922 0.5488
0.4887 0.5934 0.5498
0.4933 0.6002 0.5553

Regular Variant A Variant B
0.7096 0.8540 0.7972
0.7107 0.8550 0.7981
0.7158 0.8621 0.8036

Regular Variant A Variant B
0.9699 1.1847 1.0870
0.9714 1.1856 1.0879
0.9779 1.1944 1.0945
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ROC curves for evaluation of substitution matrices
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Figure 4.4. Comparison of ROC curves for evaluation of 20x20, 40x20 and 40x40

matrices (equivalent to BLOSUMS50), obtained with various algorithmvariants.
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Figure 4.5. Comparison of ROC curves for evaluation of 20x20, 40x20 and 40x40

matrices (equivalent to BLOSUM®62), obtained with various algorithm varants.
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ROC curves for evaluation of substitution matrices
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Figure 4.6. Comparison of ROC curves for evaluation of 20x20, 40x20 and 40x40

matrices (equivalent to BLOSUMS80), obtained with various algorithm varants.
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Finally, we compare the matrices of the same size obtaigedatious algorithm

variants (regular, variant A, variant B) in Figure 4.7 (20x20) and Eig.8 (40x20).

For all 6 combinations of clustering thresholds and mategssit is hard to compare
the performance of two matrices obtained with modified variantseoflgorithm, as the
ROC curves are interlaced.

For lower clustering identity threshold (50%, upper plots in Figufeand Figure 4.8),
the ROC curve for matrix obtained with the regular algoriterolese to the ROC curves
of two variant matrices, although we can observe that iminerégions of EPQ, ROC
curve for regular matrix is clearly below the ROC curvesvar variant matrices. This is
consistent with the fact that for the lower clustering identiiseshold, the obtained
clusters are larger, and the numbers of clusters finadks are generally lower than for
higher clustering identity thresholds. Because the numbers okrduate lower, the
problem of dominance of blocks with high cluster numbers is less obvious.

For the two higher clustering identity thresholds (62% and 8®%dle and lower
plots in Figure 4.7 and Figure 4.8), we can clearly observe th&Q@iacurve for regular
matrix is below the ROC curves for two variant matrices. Théans that the regular
matrix performs worse than two variant matrices, when matace obtained with higher
clustering identity thresholds. At these thresholds, the ntendfeclusters for blocks are
larger. The original BLOSUM algorithm loses parts of infoioratavailable from the
blocks with smaller numbers of clusters, because of the domidrttecks with higher

numbers of clusters.
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ROC curves for evaluation of substitution matrices
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Figure 4.7. Comparison of ROC curves for evaluation of regular, variant A and

variant B 20x20 matrices.
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ROC curves for evaluation of substitution matrices
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Figure 4.8. Comparison of ROC curves for evaluation of regular, variant A and

variant B 40x20 matrices.
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4.3.5 Conclusion

We altered the original BLOSUM algorithm to facilitate the use sdrdier information
and calculate matrices of sizes 40x20 and 40x40 from BLOCKS database.

Similarly to the situation with the matrix obtained by itezative procedure described
in Section 4.2, full matrices of size 40x40 perform much worse thea corresponding
40x20 and 20x20 matrices.

It is hard to compare the performance of 20x20 and corresponding d@&tBbes, as
their ROC curves are very close, they are interlaced andctieayge order in different
regions of EPQ. It is therefore not clear if the inclusiomiebrder information can help
improve sequence alignment.

On the other hand, a very basic question related to the undeBly@§UM algorithm
— the question of normalization with respect to numbers of ctustehe blocks — has a
great effect on the outcome of the algorithm, and on the perfornudrnibe produced
matrix. For higher values of clustering identity threshdid, matrices produced with two
proposed variants of normalization formula performed better thancorresponding
matrices produced by the regular algorithm.

More importantly, the variation in performance that is introduag the change in the
algorithm itself is much larger than the variation introdubgdthe inclusion of the
disorder information. This suggests that the inclusion of disontieisequence alignment
process may not be the top priority, and that instead thereilarast open important
guestions about the basic sequence alignment and substitutanix mroducing

algorithms.
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