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INTRODUCTION

Allergies may affect up to � 20% of the total population in

many countries and some hypersensitivity ailments seem to be

increasing, particularly in industrialized regions.1,2 The symp-

toms are caused by an inappropriate immune response to oth-

erwise harmless foreign antigens. This can occur in atopic indi-

viduals, who have a genetic predisposition to develop allergic

immune reactions. In IgE-mediated allergy (also known as

Type I or immediate-type allergy), an initial immunological ex-

posure to certain proteins involves a preferential direction of

the antibody production toward synthesis of IgE antibodies, a

process referred to as sensitization. On renewed contact with

the antigen, IgE molecules—attached to high-affinity receptors

on tissue mast cells or basophilic granulocytes—can capture

the sensitizing antigen and thereby elicit release of various

inflammatory substances (mediators). This (second) phase is

known as triggering.3,4 These mediators will act in concert

and cause any or several among a variety of symptoms, such as

asthma, rhinitis, rhinoconjunctivitis, eczema, contact dermati-

tis, angioedema, and abdominal pain. Allergens can also trigger

life-threatening anaphylactic reactions in sensitized individu-

als.5 Importantly, a sensitized individual may also respond

similarly to other substances, sharing certain IgE-epitopes with

the molecule that prompted the initial immune reaction. This

phenomenon is designated as IgE cross-reactivity and typi-

cally—but not consistently—involves homologous allergenic
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ABSTRACT

The pathological process of allergies generally involves

an initial activation of certain immune cells, tied to an

ensuing inflammatory reaction on renewed contact with

the allergen. In IgE-mediated hypersensitivity, this typi-

cally occurs in response to otherwise harmless food- or

air-borne proteins. As some members of certain protein

families carry special properties that make them aller-

genic, exploring protein allergens at the molecular level

is instrumental to an improved understanding of the dis-

ease mechanisms, including the identification of relevant

antigen features. For this purpose, we inspected a previ-

ously identified set of allergen representative peptides

(ARPs) to scrutinize protein intrinsic disorder. The

resulting study presented here focused on the association

between these ARPs and protein intrinsic disorder. In

addition, the connection between the disorder-enriched

ARPs and UniProt functional keywords was considered.

Our analysis revealed that� 20% of the allergen peptides

are highly disordered, and that � 77% of ARPs are either

located within disordered regions of corresponding aller-

genic proteins or show more disorder/flexibility than

their neighbor regions. Furthermore, among the subset

of allergenic proteins, � 70% of the predicted molecular

recognition features (MoRFs that consist of short interac-

tive disordered regions undergoing disorder-to-order

transitions at interaction with binding partners) were

identified as ARPs. These results suggest that intrinsic

disorder and MoRFs may play functional roles in IgE-

mediated allergy.
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proteins from phylogenetically related species.6,7 An

understanding of many cross-reactive patterns has

developed in recent years; for example, it is common

that subjects allergic to major pollen allergens also react

to a variety of fruits and/or vegetables due to the occur-

rence of structurally similar components.8 Recently, we

have reported a global delineation of allergen relation-

ships, as demonstrated by IgE-reactivity, in sensitized

individuals.9

Typically, an underlying principle in allergy follows the

amino acid sequence–structure–function paradigm. For

example cross-reactivity is not frequently observed below

45–50% sequence identity.10,11 Thus, a variety of bioin-

formatics implements for the identification of potentially

cross-reactive allergens have been developed, mostly

founded on the amino acid sequence alignment principle,

but comparisons based on other protein features are also

reported.12,13 Notably, virtual peptides with certain

shared properties have been derived from collections of

allergen proteins by a range of techniques.14–18 One of

those is based on a special dataset, referred to as the

allergen representative peptides (ARPs) identified by

cross-sequence alignment between groups of known aller-

genic and nonallergenic proteins.16 This set was used for

a study aiming at shedding light on whether allergens

and peptides derived thereof may harbor amino acid

sequence motifs, which would indicate special structural

features.

As supported by gradually accumulating data, the clas-

sical protein structure paradigm (where a specific protein

function is determined by a unique protein structure

which is determined by an amino acid sequence) is no

longer the only model describing the relation between

sequence and function, due to the discovery of intrinsi-

cally disordered proteins (IDPs).19–32 IDPs are biologi-

cally active proteins that do not have rigid three-dimen-

sional (3D) structures under physiological conditions.

Instead, they form highly dynamic ensembles of flexible

conformations. Many biological functions are enabled by

IDPs through transient conformational changes.19,33–35

In experiments, IDPs and intrinsically disordered regions

(IDRs) can be identified by various techniques, such as

X-ray crystallography (missing electron density), NMR

(highly flexible regions), protease digestion, circular

dichroism, or several other experimental settings.36–38

IDPs are abundant in nature. As estimated by genome-

level computational studies, 7–30% prokaryotic proteins

contain long disordered regions of more than 30 consec-

utive residues, whereas in eukaryotes the fraction of such

proteins is even higher, about 45–50%.21,39–43 Even in

the PDB database, which is highly biased toward struc-

tured proteins, � 70% of proteins have IDRs manifested

as regions without coordinates in the corresponding PDB

structures.44,45 Among them, more than 10% have long

segments, encompassing of missing electron density con-

sisting of at least 30 amino acids. IDPs are not only pop-

ulation-dominant, but also functionally important. In all

710 SwissProt functional keywords, 238 were shown to be

strongly positively associated with intrinsic disorder,

whereas 302 other functional key words were strongly neg-

atively correlated with IDP.46 In a report on the human

genome, disordered regions were found to be independent

and evolutionarily conserved functional units.47

Previous findings reveal a tight correlation between the

protein intrinsic disorder and protein binding. A special

type of intrinsic disorder-based interaction-prone

sequence motifs—known as molecular recognition fea-

tures (MoRFs)—was shown to play an important role in

protein–protein interactions (PPIs).42,48 A MoRF is a

short structure-prone segment within a long disordered

region which usually undergoes a disorder-to-order tran-

sition on binding to a partner. Such segments are fre-

quently found in proteins involved in recognition, signal-

ing, and regulation. It was estimated that more than 40%

of eukaryotic proteins contain at least one MoRF that

forms a helix upon binding to its partner.42,49

The immunological processes of IgE-mediated allergy,

eventually precipitating as pathophysiological reactions in

response to antigen exposure, depend on a range of spe-

cific PPIs. IDRs are known to play crucial roles in PPI

networks50,51; thus, we hypothesized that protein intrin-

sic disorder may be implicated this disease. Especially,

IDRs may contribute to hypersensitivity reactions via

MoRFs. Because allergens, connected with Type I hyper-

sensitivity, are proteins and because protein intrinsic dis-

order is both abundant and functionally important in bi-

ological systems, we have embarked on analyzing a possi-

ble connection between IDRs and allergenicity.

METHODS

ARP dataset

ARPs were generated from pair-wise cross-sequence

alignment among sequences from datasets of allergenic

and nonallergen proteins, an operation which results in a

set of peptides with a very marked predominance in the

allergens. The set of protein allergens (the allergen data-

set) was created by merging six other publically available

datasets.16 The set of presumably nonallergen (hence-

forth referred to as nonallergen for simplicity) proteins

(the nonallergen dataset) included the nonallergen

sequences from the Swall database of commonly con-

sumed commodities, such as rice, apple, carrot, peach,

cherry, apricot, spinach, tomato, salmon, cow’s milk, and

hen’s egg.16 All sequences in these datasets were compu-

tationally cut into peptides by sliding windows of the

same length. Subsequently, all peptides from the allergen

dataset were aligned against that of the nonallergen coun-

terpart. Finally, allergen peptides that differed from those

of the nonallergen set were jointly labeled the ARP data-

set.16 In this study, 559 allergenic proteins and 2896
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ARPs were analyzed. Figure 1 represents the length distri-

bution of all the 559 allergenic proteins and shows that

these ARP-containing proteins constitute a very diverse

dataset, with length ranging from 50 to >500 residues.

Disorder prediction

Peptides of the ARP dataset encompass only 24 amino

acids and thus lie below the (reliable) operative range of

most predictors of protein disorder. Thus, ARPs were

inspected with regard to this feature by a specially

designed disorder predictor for short peptides: short pep-

tide analyzer (SPA).52 It embeds the query sequence into

a preselected ensemble of sequences, thereby creating a

series of elongated combined peptides. These combined

peptides were then analyzed by the PONDR1 VL-XT

predictor due to its extreme sensitivity to local composi-

tion of amino acids.21 The final disordered status of a

query peptide is the ensemble-averaged disorder score

calculated for the corresponding amino acids in all com-

bined peptides. SPA was shown to remarkably improve

the prediction accuracy for short disordered regions,52

which is one of the bottlenecks in protein disorder pre-

diction.29,43,52 Furthermore, the use of SPA in this

study is further justified by the fact that disorder predic-

tion can be context-dependent; that is, the results of the

disorder prediction for a given region can be affected by

the peculiarities of disorder distribution in the neighbor-

ing regions. As a result, the predicted disorder status of

terminal residues of a short peptide is heavily influenced

by the order/disorder status of the flanking regions. The

SPA predictor minimizes these boundary effects by

inserting the query sequence in every protein segment of

the large set of preselected sequences and by providing

the ensemble-averaged data. The disorder propensities

are predicted for all these combined peptides. The disor-

der predictions corresponding to the short query peptide

from all the combined peptides are averaged and are

taken as the final disorder scores.52 Analysis of the per-

residue disorder distribution in 559 allergenic proteins

was performed by PONDR1 VL-XT,40 and by a meta-

predictor PONDR-FIT.43

MoRF prediction

Being defined as short order-prone motifs that are

located within long disordered regions and that undergo

a disorder-to-order transition during the binding process,

MoRFs are usually more enriched in aliphatic and aro-

matic amino acids relative to typical IDRs. Because of

these sequence peculiarities, MoRFs are frequently

observed as sharp dips in the corresponding PONDR1

VL-XT disorder score plots. Hence, MoRF regions can be

reliably identified on the basis of special characteristics of

the PONDR1 VL-XT prediction profiles and on several

other specific attributes.42,48 Furthermore, the length of

MoRFs identified by MoRF-II predictor (18 amino acids)

is within the range of ARP database members.

Charge-hydropathy–cumulative distribution
function plot

A charge-hydropathy (CH)–cumulative distribution

function (CDF) plot is the readout of a disorder analysis

method that combines outputs of CH-plot20,41 and

CDF-plot into a single graph.41,53 A CH-plot shows

results from a binary disorder predictor and represents

an input protein as a 2D graph, in which the mean Kate-

Doolittle hydrophobicity and the mean absolute net

charge are projected onto the X- and Y-coordinates,

respectively. In the corresponding CH-plot, fully struc-

tured proteins and fully disordered proteins can be sepa-

rated by a boundary line. The proteins above this bound-

ary line are likely to be coil-like and often extended,

whereas the proteins below this line are likely to be struc-

tured or at least compact. The vertical distance on the

CH-plot from the location of the protein to the bound-

ary line is then used as a measure of disorder (or struc-

ture) tendency of a given protein. This distance is further

referred to as CH-distance.

CDF-plot is another binary disorder predictor, which

describes the disorder status of an entire protein.41,53,54

In brief, it is a cumulative percentage of disordered resi-

dues at various disordered scores. By definition, ordered

proteins will have many structure-promoting residues

and many fewer disorder-promoting residues. Therefore,

the CDF curve of an ordered protein increases very

sharply at low disordered scores, and then goes flat for

high disordered scores. For disordered proteins, the CDF

curve will describe a shallow upward slope at regions of

Figure 1
Characterization of allergenic proteins and ARPs. Plot represents the
analysis of the length distribution of all the ARP-containing proteins in

the dataset of 559 allergenic proteins.
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low disordered scores and change to a steep ascend at

high disordered scores. Hence, on the CDF plot, struc-

tured proteins intend to stay on the upper left half,

whereas disordered proteins locate at the lower right half

of the plot. By comparing the locations of CDFs for a

group of fully disordered and fully structured proteins, a

boundary line between these two groups of proteins can

be identified. Proteins with CDF above the boundary line

are structured, whereas those below this demarcation are

disordered. For a particular protein, the distance from

CDF boundary is also a kind of measure of disordered

(structured) status and is referred to as CDF-distance.

The accuracy of CDF functions varies across different

predictors. In our previous study, VSL2-CDF achieved

the highest accuracy which was 5–10% higher than the

second best of other five CDF functions.54 However, as

the disorder status of peptides was evaluated by SPA

(this study), being a new PONDR1 VL-XT-based tool

for short peptides, the PONDR1 VL-XT-based CDF

boundary was applied to evaluate the CDF-distance for

SPA prediction.

By combining CH-distance and CDF-distance, a new

measure named CH–CDF plot was created.55 This plot

provided very useful information on whether an entire

protein sequence is structure-prone or disorder-prone.

RESULTS AND DISCUSSION

Intrinsic disorder in ARPs and
ARP-containing proteins

Protein intrinsic disorder plays various important func-

tional roles, being frequently found in proteins/regions

involved in various PPIs, including those crucial for signal

transduction. Furthermore, the complex cascade of events

leading to allergic reactions is also based on a set of specific

PPIs, hitherto only fragmentarily unveiled. A possible con-

nection between protein intrinsic disorder and allergenicity

is, however, still unexplored. To provide some insight in this

assumed connection and to see whether IDRs might be

implicated in allergy, our initial approach involved studies

on occurrence of predicted disorder in ARPs and ARP-con-

taining proteins. As shown in Figure 2(a), only � 20% of

ARP-containing proteins were predicted to have low disorder

content (i.e., 10% or less of intrinsically disordered residues),

whereas � 50% of ARP-containing proteins had more than

20% of intrinsically disordered residues in their sequences.

On the other hand, the intrinsic disorder in allergenic pro-

teins was mostly confined to short disordered regions, as �
80% allergenic proteins were predicted by PONDR1 VL-XT

to have such regions no longer than 20 residues [see Fig.

2(b)]. These values are rather close to those calculated for

structured proteins from PDB, but are much lower than

those predicted for signaling proteins and proteins related to

various human diseases such as cancer, neurodegeneration,

cardiovascular disorders, diabetes, and amyloidoses.56–60

Next, the fraction of disordered residues in ARPs was eval-

uated. Figure 2(a) clearly shows that although about 55% of

ARPs have 5% or less of disordered residues (all ARPs have

24 residues, therefore, 5% is just one residue), � 20% of

ARPs have more than 50% of disordered residues. These data

indicate that protein allergens and ARPs are mostly ordered.

This conclusion was further supported by results of

the CH–CDF analysis,55 which is a useful tool for identi-

fying disorder status of entire protein/peptide [see Fig.

2(c)]. CH–CDF plot can be split into four quadrants: Q1

(upper right), Q2 (lower right), Q3 (lower left), and Q4

(upper left). Proteins/peptides in Q1 are structured

according to CDF, but disordered according to CH; pro-

teins/peptides in Q2 are predicted to be structured by

both CDF and CH; proteins/peptides in Q3 are disor-

dered according to CDF but structured according to CH;

and Q4 represents proteins predicted to be disordered by

both methods.55 Figure 2(c) reveals that the disorder sta-

tus of allergenic proteins in the CH–CDF plot roughly

matches results of the per-residue disorder predictions

and clearly shows that a large fraction of the protein

allergens is predicted to assume an ordered structure.

Relative to the respective population sizes of ARP-con-

taining proteins, ARPs are similar in Q4, much smaller

in Q3, and much larger in Q1 and Q2. This is in line

with the above observations that ARPs are frequently

structure-prone. By looking at the CH–CDF plot, it is

clear that ARPs have more diversified distribution than

ARP-containing proteins toward the edges of the plot.

This suggests that ARPs have either more charged resi-

dues or more hydrophobic residues.

The relative abundance of canonical amino acids in

proteins of various datasets can be identified from amino

acid composition profiles.21,61 As shown in Figure 2(d),

compared with ARP-containing proteins, ARPs have

more Cys, Glu, and Lys, but less Val, Leu, Met, and Arg.

ARP-containing proteins and ARPs also have unique

preferences for certain structural classes of amino acids,

as compared with the fully structured dataset (FSD) and

fully disordered dataset (FDD).41,43,54 Clearly, com-

pared with FSD, ARPs are markedly enriched in C and A

(>20%) and moderately enriched in G, E, and K (10–

20%), being significantly depleted in W and R (-20%) and

moderately depleted in Y, L, M, and N (-10 to -20%).

Compared with the FDD, sequences in ARP are signifi-

cantly enriched in N and aromatic and aliphatic residues,

moderately enriched in A and G, significantly depleted in

R, Q, S, P, and E, and moderately depleted in M.

ARPs are frequently located in flexible
regions

After revealing the relative abundance of intrinsic dis-

order in ARPs and ARP-containing proteins, an emerging

question is as follows: are those ARPs located in flexible

or structured regions of ARP-containing proteins? This
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question was inspired on the basis of Figure 2(b) show-

ing that � 30% of ARP-containing proteins had long dis-

ordered regions of more than 20 consecutive residues. As

the length of ARPs is 24 amino acids and 20% of ARPs

are highly disordered, as shown in Figure 2(a), the posi-

tion of ARPs within ARP-containing proteins may dis-

close features of protein allergens with potential relevance

to the pathogenic mechanisms.

To systematically investigate the local environment of

ARPs within allergenic proteins (i.e., to see whether

ARPs are located inside the disordered or ordered

regions), two computational approaches were used. There

are four main potential scenarios for ARPs and their

local environment that could be grouped in four classes,

where in Class I, a disordered ARP is located inside a

disordered region; in Class II, an ordered ARP is located

inside a disordered region; in Class III, a disordered ARP

is located inside an ordered region; and in Class IV, an

ordered ARP is located inside an ordered region. Obvi-

ously, these four scenarios are all clearly segregated in the

PONDR1 VL-XT plots, with peptides from Classes II

and III appearing as characteristic ‘‘dips’’ and ‘‘spikes,’’

respectively, in the corresponding disorder curves [Fig.

3(a)]. Computationally, differences across local sequence

Figure 2
Analyzing intrinsic disorder in ARPs and ARP-containing proteins. a: Analysis of the per-residue disorder probabilities of ARPs (gray bays) and ARP-

containing proteins (black bars) was performed by PONDR1 VL-XT.21 The circles connected by gray curve are the accumulated fraction of ARPs

having 50% or more disordered residues. b: Distribution of IDRs of various lengths in ARP-containing proteins. c: CH–CDF analysis55 for ARPs

(brown crosses) and ARP-containing proteins (green circles). The CDF distances are calculated from the PONDR1 VL-XT-based CDF curves.20,41 CH

distances are calculated from CH–plot.41,53 The CH–CDF plot can be divided into four quadrants: Q1 (upper right), Q2 (lower right), Q3 (lower left),

and Q4 (upper left). Proteins in Q1 are structured according to CDF, but disordered according to CH; proteins in Q2 are predicted to be structured

according to both CDF and CH; proteins in Q3 are disordered according to CDF but structured according to CH; and Q4 is for disordered proteins

predicted according to both methods. Therefore, quadrants Q3 and Q4 include proteins of a general disordered character, with Q3 containing native

molten globules, and with Q4 containing native premolten globules and native coils.55 The numbers are corresponding percentages of ARPs (brown)

and ARP-containing proteins (green) in each quadrant. d: Compositional profiling21,61 of ARPs and ARP-containing proteins. ‘‘C’’ indicates the
content of specific amino acid in the dataset, whereas ‘‘Cref ’’ is the content of the same amino acid in the reference dataset. Reference datasets are FSD

and FDD.41,43,54 The error bars are calculated by bootstrapping. The amino acids on x-axis are arranged in the order of increased flexibility.
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environments of ARPs can be evaluated via analysis of

extensions of ARPs at both termini, within their respec-

tive proteins, on the averaged disorder scores. In greater

detail, the original-averaged disorder scores of ARPs were

set on the x-axis, whereas the averaged disorder scores

for various ARP extensions were projected on the y-axis.

Thus, ascending scores on the y-axis indicate a preferen-

tial ARP location within long disordered regions, and

vice versa. For Classes I- and IV-derived peptides, such

extensions are not supposed to reveal noticeable changes

in the averaged disorder scores. Conversely, ARPs of the

Class II sort would clearly show decreased disorder scores

by such an operation, whereas an increase in averaged

disorder score would indicate ARP assignment to Class

III.

Results of the above-mentioned analysis are presented

in Figure 3(b). The coordinates for each spot in Figure

3(b) are averaged disorder scores over the peptide, as

predicted by SPA (x-axis) and PONDR1 VL-XT (y-axis).

Influence of neighboring residues was measured by the

averaged disorder score over peptides including their re-

spective (fixed number residue) bi-directional extensions.

Figure 3
Analysis of the local environment of ARPs within the amino acid sequences of allergenic proteins. a: Introducing classification of ARPs based on

their local environment within the sequences of parent allergenic proteins: Class I, a disordered ARP is located inside a disordered region; Class II,

an ordered ARP is located inside a disordered region; Class III, a disordered ARP is located inside an ordered region; and Class IV, an ordered ARP

is located inside an ordered region. PONDR1 VL-XT curve of a model protein is shown and positions of mentioned classes are shown as gray

shaded areas. b: Distribution of IDRs in ARP-containing proteins. The prediction was carried out by SPA52 and PONDR1 VL-XT.40 The

coordinates for each spot are disorder scores averaged over the peptide predicted by SPA (x-axis) and PONDR1 VL-XT (y-axis). Influence of

neighboring residues was measured by the averaging disorder score over peptides extended on both sides by a specific number of residues. However,

the SPA scores on x-axes are always from original ARPs. In this plot, data for the original ARP peptides are shown as spots. Line a is the linear

regression of these spots. Lines b, g, and d represent regressions of peptides extended at both termini by 6, 9, and 15 residues. The inset shows the

change of disordered scores after extending the ARPs by 15 residues. c: [ln(Roriginal/Rextended)] versus PONDR1 VL-XT score averaged over the

original ARP plot. Here, Roriginal is the PONDR
1 VL-XT score averaged over the original ARP, whereas Rextended is the PONDR1 VL-XT score

averaged over the peptide including the original ARP extended by 15 residues at both termini. For each ARP, Roriginal and Rextended are calculated

from the corresponding PONDR1 VL-XT data for the parent allergenic protein.
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Scores for ARPs from SPA were on x-axis. Scores from

PONDR1 VL-XT for original ARPs and extended ARPs

by 6, 9, and 15 residues on both termini are presented

on the y-axis. Figure 3(b) represents the general outcome

of this analysis by showing results of the original (nonex-

tended) ARP analysis as dots, and a series of lines

describing the linear least square regressions of data for

nonextended (line a) and variously extended ARPs: lines

b, g, and d represent regressions of peptides extended at

both termini by 6, 9, and 15 residues, respectively. The

linear least square regression functions are as follows:

VLXT 5 -0.048 1 1.005 3 SPA (line a),
VLXT 5 -0.015 1 0.916 3 SPA (line b),
VLXT 5 0.067 1 0.681 3 SPA (line g), and
VLXT 5 0.113 1 0.548 3 SPA (line d).
The decreased slope from line a to line d indicates

that ARPs are more flexible than their respective

extended peptides. Thus, when taking the local environ-

ment into consideration, an appreciable fraction of ARPs

falls within the Class III; that is, disordered ARPs located

in reasonably ordered protein regions.

It is also evident, however, that another notable part of

the ARP set belongs to Class II (less disordered peptides

residing inside a more disordered region). ARPs, extended

at both termini by 15 residues, were plotted as PONDR1

VL-XT scores averaged over peptides extended by 15 resi-

dues versus SPA scores averaged over the original ARPs as

in the inset of Figure 3(b). Both Figure 3(b) and the inset

can be each divided into four quadrants: Q1 (up right);

Q2 (low right); Q3 (low left); and Q4 (up left). Apparently,

the disorder predictions in Q1 and Q3 are consistent

between SPA and PONDR1 VL-XT. The fractions of origi-

nal (nonextended) ARPs in the respective quadrants are

14.1%, 5.4%, 77.9%, and 2.6%, whereas those of extended

ARPs by 15 residues are 8.6%, 10.8%, 71.5%, and 9.1%.

Jointly, these two plots clearly show that ARP extension

results in a dramatic redistribution of scores. Actually, an

analogous plot of original ARPs shows that most peptides

form a cloud around the diagonal, indicating a reasonably

high correlation between SPA and VLXT scores. An exten-

sion of 15 residues at each ARP terminus, however, trans-

lates to data spreading over almost the entire plot. Notably,

peptide length extensions lead to higher number of points

in quadrants Q2 and Q4 and to a correspondingly lower

number of spots in quadrants Q1 and Q3. The observed

shift of spots from Q1 to Q2 suggests that the correspond-

ing disordered peptides are located inside the more ordered

regions. Analogously, shifts from Q3 to Q4 indicate a more

ordered peptide structure, relative to their surroundings.

Concisely, results derived from these exercises, involving an

in-depth amino acid sequence context-based analytical

approach, clearly indicate that many ARPs belong to

Classes II and III [Fig. 3(a)].

We also attempted to determine the proportions of

ARPs in each of these four IDR classes. To this end, for

each ARP in the dataset, its averaged original PONDR1

VL-XT score was divided by the averaged disorder score

calculated from the PONDR1 VL-XT data for the corre-

sponding parental allergenic protein over the region that

included an ARP and its 15 residues-long N- and C-ter-

minal extensions. In this analysis, peptides from Classes I

and IV would be characterized by the ratios close to

unity, peptides from Class II would show ratio signifi-

cantly above 1, whereas Class III peptides would show

ratios clearly below 1. Figure 3(c) represents results of

this analysis by plotting [ln(Roriginal/Rextended)] versus

PONDR1 VL-XT score averaged over the original ARP

(Roriginal). From this plot, populations of different classes

were estimated to 9.9%, 29.7%, 37.2%, and 23.2% for

Classes I, II, III, and IV, respectively. This means that (i)

a predominant fraction of ARPs (� 67%) fall in either of

the ‘‘dips’’ or of the ‘‘spikes’’ of the PONDR VL-XT dis-

order plots; (ii) � 77% of ARPs are located either within

disordered regions of corresponding allergenic proteins

or show more disorder/flexibility than their neighbor

regions within the parent sequence.

Binding motifs in the ARP dataset

To further elucidate the role of intrinsic disorder in

PPIs of 559 allergenic proteins used to design the ARP

dataset, their potential binding sites were evaluated by

the MoRF-II predictor.42,48 228 MoRFs were found in

104 allergenic proteins, of which 169 MoRFs were found

to overlap with ARP peptides. Therefore, although only

20% (104/559) of allergenic proteins carry predicted

MoRFs, more than 70% (169/228) of these predicted

MoRFs were identified as allergenic peptides. By taking

into consideration the fact that MoRFs are functional

binding motifs, the high abundance of MoRFs in aller-

genic peptides suggests that protein intrinsic disorder

may be functionally implicated in certain aspects of

allergy. As it was already pointed out, the length of

MoRFs identified by MoRF-II predictor (18 amino acids)

is within the range of ARP database members (24 resi-

dues). The overlap of ARP peptides with MoRFs is fur-

ther illustrated in Figure 4. Figure 4(a) represents the

fractions of allergenic proteins in which an ARP is over-

lapped with a MoRF by various numbers of residues and

shows that the overlapped regions range in length from 1

to 18 residues. Figure 4(a) also shows that in the major-

ity of cases [64% (108/169)], ARPs contained at least a

half of the corresponding MoRFs, and in the 21% (36/

169) cases, MoRFs were completely included in ARPs

(corresponding overlapping regions were of 18 residues).

In Figure 4(b), the 0–1 range, R, of disorder content was

split into four smaller ranges, r: 0 � r � 0.1; 0.1 < r �
0.5; 0.5 < r � 0.9; and >0.9. This division reflects the

basic statistics found in Figures 1–3 and kept the number

of MoRFs in each range roughly the same. Clearly,

because of the decrease in the number of ARP peptides

Intrinsic Disorder and Allergy
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with the increase in disorder content, the relative number

of MoRFs increased with the disorder content increase.

Out of total 104 allergens carrying potential MoRFs,

about 50% are of inhalation type (pollen, mites, and

fungi), about 40% occur in foods (nuts, seeds, and crus-

taceans), whereas the exposure route for the remaining

allergens is through contact or sting (data not shown). A

major part of these allergens fall into three protein fami-

lies/superfamilies: seed storage proteins (prolamins and

cupins, 30%), group V grass allergens (15%), and tropo-

myosins (12%; data not shown). Interestingly, no MoRFs

were identified in allergens of either profilins or Bet v 1-

homolog protein families, known to be connected with

extensive cross-reactivity.

To investigate whether MoRFs found in the above-

mentioned set of allergens, preferentially appear in anti-

gen–antibody binding protein segments, a search for

overlap patches between these entities and experimentally

verified IgE-epitopes was conducted. Among 104 aller-

gens, wherein MoRFs had been predicted, only six pro-

teins were associated with IgE-epitopes, according to

results derived from the SDAP62 web server (visited on

04/05/2011). In three of these allergens, a partial overlap

between MoRFs and epitopes was observed, whereas the

remaining three cases showed disjoint locations (data not

shown). Relatively few allergens are, however, tied to

Figure 4
Analysis of the overlap between the ARPs and a-MoRFs. a: Plot

represents the fraction of proteins in which ARP is overlapped with

MoRF by various numbers of residues. b: Percentage of ARPs in various

ranges of disorder content as evaluated by ratio of predicted disordered

residues, and the ratio of ARPs which are overlapped with the predicted

MoRFs42,48 over the total number of predicted MoRFs. The predicted

MoRF is considered to overlap with ARP if they have sequence overlap

of at least one residue. Black bars are the percentage of ARPs with
corresponding ratio of disordered residues. Gray bars are the percentage

of overlapped MoRF and ARP segments over the total number of

predicted MoRFs for the sequences containing all ARPs.

Figure 5
SwissProt keywords in nine classes and their occurrence frequency in

various ARP subsets. The subsets include original ARP dataset, ARP

subset with ratio of disordered amino acids (IDDA) more than 50%

(IDAA > 50%), ARP subset with 90% and more disordered residues

(IDAA > 90%). a: The x-axis is each keyword, whereas y-axis is the

frequency of each keyword grouped into nine classes in one of the three

subsets. The nine classes are: (a0) biological process; (b0) cellular
component; (c0) coding sequence diversity; (d0) disease; (e0) domain;

(f0 ) ligand; (g0) molecular function; (h0) PTM; and (i0) technical term.

b: X-axis is the frequency of each keyword in ARP dataset, and y-axis is

the frequency of the same keyword in ARP (IDAA > 50%) and ARP

(ARP > 90%). The symbols at y 5 0.01 are artificial points indicating

keywords disappeared in the disordered subsets. [Color figure can be

viewed in the online issue, which is available at wileyonlinelibrary.com.]
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detailed IgE-epitope maps. Furthermore, most IgE-epi-

topes are assumed to be conformational, whereas the ma-

jority of those defined by experimental mapping are lin-

ear. Thus, our results are not conclusive as regards a

direct implication of MoRFs in IgE-epitopes, but none-

theless suggestive of the converse. Notably, however, parts

of the protein not directly involved in IgE binding—even

those being remotely situated—typically have crucial

impact on epitope conformation.

Association of ARPs with UniProt keywords

The distribution of various UniProt keywords in three

different ARP subsets was investigated (Fig. 5). The three

subsets were original ARP dataset; a subset of peptides

with at least 50% disordered residues; and a compilation

of peptides with at least 90% disordered residues. Argu-

ably, this data segmentation should enhance prospects to

identify an association between intrinsic disorder and

keywords in ARPs. There are in total 109 keywords in

nine distinct categories associated with ARPs. Clearly, all

keyword categories—except for biological process—have

at least one member being closely associated with ARPs

[Fig. 5(a)]. Furthermore [Fig. 5(a), brown bars], the top

five UniProt keywords identified as being associated with

the standard ARP dataset are as follows: allergen (KW-

0020), direct protein sequencing (KW-0903), disulfide

bond (KW-1015), secreted (KW-0964), and signal (KW-

0732). Higher content of disordered residues in the ARPs

(at least 50% to more than 90%) reduced the absolute

number of hits for each UniProt keyword, whereas their

relative distribution did not change markedly.

To specifically map the association of UniProt key-

words to ARP intrinsic disorder, we compared keywords

associated with either structure-prone subsets or disor-

der-prone counterparts. Thus, two extreme subsets of the

original ARP dataset (10% or less and more than 90%

disordered residues, respectively) were accordingly inter-

rogated (Table I, top 10 keywords). Structure-prone

ARPs thus disclosed connection to glycoprotein (KW-

0325) and pathogenesis-related protein (KW-0568), nei-

ther of which appeared associated with the disorder-

prone subset. Moreover, the latter subset had seed storage

protein (KW-0708) and coiled-coil (KW-0175), which

were both absent in the top list of structure-prone ARPs

(Table I).

To reveal transitions of keyword distributions among

ARP subsets of various disorder contents, a comparison

of absolute hits on each keyword in various subsets was

conducted [Fig. 5(b)]. Obviously, the general trends of

distribution of symbols with more than 20 hits in the

original ARP dataset are very similar across these subsets.

This suggests that keywords indicated by these symbols

may be ‘‘neutral’’ across various subsets. In other words,

these keywords are not dictated by disorder/structure sta-

tus of proteins, but rather by the number of samples in

the dataset. However, there are also other trends on the

distribution of hits for keywords having 20 or fewer hits

in the original ARP dataset. Some symbols occur in a

position at or close to the diagonal, whereas many other

align with the abscissa. Symbols appearing on or near the

diagonal represent keywords not changed by increased

disorder content of ARPs; hence, they are mainly con-

nected with disordered peptides. On the other hand, the

parallel symbols should be keywords highly associated

with structured peptides, because they disappear in ARPs

of highly disordered character. Here, if the relative varia-

tion of keyword hit is less than 10%, the keyword is

treated as unchanged between two subsets.

Clearly, keywords in structure-prone ARPs are totally

different from those of disorder-prone counterparts (Ta-

ble II). Compared with the original ARP subset, three

UniProt keyword categories—coding sequence diversity,

disease, and technical terms—are completely missing in

this table. In the structure-prone subset, there are 12, 8,

0, 7, 16, and 3 keywords associated with biological pro-

cess (Biol. Proc.), cellular component (Cellular), domain,

ligand, molecular function (Mol. Funct.), and post-trans-

lational modification (PTM), respectively. In the disor-

der-prone subset, there are 1, 1, 3, 1, 6, and 3 keywords.

Table I
Top 10 UniProt Keywords in Mainly Structured and Mainly Disordered ARP Subsets

Abundance of keywords in subset less than 10% IDAA Abundance of keywords in subset more than 90% IDAA

Keyword Name Class Frequency Keyword Name Class Frequency

KW-0020 Allergen Disease 253 KW-0020 Allergen Disease 76
KW-0903 Direct protein sequencing Technical term 153 KW-1015 Disulfide bond PTM 34
KW-1015 Disulfide bond PTM 141 KW-0903 Direct protein sequencing Technical term 30
KW-0964 Secreted Cellular component 90 KW-0732 Signal Domain 21
KW-0732 Signal Domain 69 KW-0963 Cytoplasm Cellular component 18
KW-0963 Cytoplasm Cellular component 64 KW-0002 3D-structure Technical term 17
KW-0325 Glycoprotein PTM 63 KW-0964 Secreted Cellular component 16
KW-0378 Hydrolase Molecular function 59 KW-0708 Seed storage protein Molecular function 14
KW-0002 3D-structure Technical term 56 KW-0175 Coiled-coil Domain 12
KW-0568 Pathogenesis-related protein Molecular function 43 KW-0378 Hydrolase Molecular function 11
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Thus, the structure-prone subset is tied to many more

keywords in biological process, cellular component,

ligand, and molecular function, but none in domain,

whereas that of the disorder-prone ARPs has the same

number or more keywords in domain and PTM. The

actual keywords in domain for the disorder-prone subset

are coiled-coil (KW-0175), collagen (KW-0176), and

transmembrane (KW-0812), the last being part of the cel-

lular component category, according to UniProt taxon-

omy. Keywords in PTM for the disorder-prone dataset are

amidation (KW-0027), formylation (KW-0291), and

hydroxylation (KW-0379). Analysis of keywords with

higher occurrence also revealed useful information. In the

structure-prone ARPs, carbohydrate metabolism (KW-

0119), iron transport (KW-0410), lipid degradation (KW-

0442), oxygen transport (KW-0561), plant defense (KW-

0611), cell wall (KW-0134), peroxisome (KW-0576), cop-

per (KW-0186), heme (KW-0349), iron (KW-0408), man-

ganese (KW-0464), peroxidase (KW-0575), thiol protease

(KW-0788), and cell wall biogenesis/degradation (KW-

0961) occurred more than five times; whereas in disorder-

prone subset, coiled-coil (KW-0175), IgE-binding protein

(KW-0389), motor protein (KW-0505), and myosin (KW-

0518) appeared more than three times.

Table II
UniProt Keywords Associated with Structure-Prone and Disorder-Prone Subsets

Keywords mainly associated with structure-prone subset Keywords associated with disorder-prone subset

Keyword Name Class Frequency Keyword Name Class Frequency

KW-0119 Carbohydrate metabolism Biol. Proc. 6 KW-0653 Protein transport Biol. Proc. 1
KW-0292 Fruit ripening Biol. Proc. 2 KW-0272 Extracellular matrix Cellular 1
KW-0376 Hydrogen peroxide Biol. Proc. 1 KW-0175 Coiled-coil Domain 14
KW-0410 Iron transport Biol. Proc. 7 KW-0176 Collagen Domain 1
KW-0422 Lactose biosynthesis Biol. Proc. 1 KW-0812 Transmembrane Domain 1
KW-0442 Lipid degradation Biol. Proc. 8 KW-0389 IgE-binding protein Ligand 3
KW-0443 Lipid metabolism Biol. Proc. 1 KW-0062 Aspartic protease inhibitor Mol. Funct. 1
KW-0485 Methanol utilization Biol. Proc. 2 KW-0064 Aspartyl protease Mol. Funct. 1
KW-0561 Oxygen transport Biol. Proc. 11 KW-0505 Motor protein Mol. Funct. 3
KW-0611 Plant defense Biol. Proc. 6 KW-0518 Myosin Mol. Funct. 3
KW-0624 Polysaccharide degradation Biol. Proc. 2 KW-0626 Porin Mol. Funct. 1
KW-0843 Virulence Biol. Proc. 3 KW-0800 Toxin Mol. Funct. 1
KW-0035 Amyloplast Cellular 1 KW-0027 Amidation PTM 2
KW-0052 Apoplast Cellular 2 KW-0291 Formylation PTM 1
KW-0134 Cell wall Cellular 9 KW-0379 Hydroxylation PTM 1
KW-0493 Microtubule Cellular 1
KW-0496 Mitochondrion Cellular 4
KW-0576 Peroxisome Cellular 5
KW-0934 Plastid Cellular 1
KW-1003 Cell membrane Cellular 1
KW-0186 Copper Ligand 7
KW-0342 GTP-binding Ligand 1
KW-0349 Heme Ligand 12
KW-0408 Iron Ligand 13
KW-0430 Lectin Ligand 1
KW-0464 Manganese Ligand 6
KW-0683 Retinol binding Ligand 2
KW-0022 Alpha-amylase inhibitor Mol. Funct. 3
KW-0031 Aminopeptidase Mol. Funct. 1
KW-0044 Antibiotic Mol. Funct. 1
KW-0049 Antioxidant Mol. Funct. 1
KW-0081 Bacteriolytic enzyme Mol. Funct. 1
KW-0295 Fungicide Mol. Funct. 1
KW-0413 Isomerase Mol. Funct. 2
KW-0418 Kinase Mol. Funct. 3
KW-0482 Metalloprotease Mol. Funct. 1
KW-0494 Milk protein Mol. Funct. 3
KW-0540 Nuclease Mol. Funct. 1
KW-0575 Peroxidase Mol. Funct. 6
KW-0652 Protein synthesis inhibitor Mol. Funct. 1
KW-0788 Thiol protease Mol. Funct. 5
KW-0789 Thiol protease inhibitor Mol. Funct. 1
KW-0929 Antimicrobial Mol. Funct. 2
KW-0336 GPI-anchor PTM 1
KW-0449 Lipoprotein PTM 2
KW-0961 Cell wall biogenesis/degradation PTM 8
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CONCLUSIONS

The identification of disordered and structured seg-

ments, which were found to differ between allergenic and

nonallergenic proteins, holds potential for opening a new

inroad to deepened understanding on allergy mechanisms

and for the identification of potential allergens. Struc-

tured segments largely adhere to the sequence–structure–

function paradigm by assuming a unique and stable

structure as determined by the primary sequence,

whereas disordered segments can attain any structure

among an ensemble of flexible conformations. PPIs

involving disordered segments tend to have lower affinity

and broad adaptability of specificity, whereas the con-

verse applies to structured segments. Hence, disorder sta-

tus of allergen protein segments is seemingly important

for the understanding of mechanisms involved in the

highly diverse set of reactions pertaining to this ailment.

In our current study, 559 sequences containing 2896
peptides (ARPs) were analyzed. By applying a MoRF-II
predictor, 228 MoRFs were found in 104 allergen protein

sequences. Among 228 MoRFs, 163 overlapped with their
corresponding peptides in the ARP dataset. Hence, more
than 70% of the predicted MoRFs in allergenic proteins
were classified as a peptide in an ARP. As is well docu-

mented, MoRFs are consecutive short structure-prone
segments within disordered regions and undergo disor-
der-structure transition on binding onto partners. Thus,
our results suggest several important conclusions and

hypotheses:

� Typically, a predominant part (� 80%) of the respec-

tive amino acid sequences of protein allergens is struc-

tured.

� Many allergen proteins have distinct disordered

regions.

� The MoRFs, present in an appreciable fraction of pro-

tein allergens, may play specific roles in IgE-mediated

allergy.

� Because of the highly flexible conformations adopted

by MoRFs, other flexible peptides with amino acid

sequences not addressed in this study may acquire

similar conformations.

Because of the highly complex mechanisms involved in

IgE-mediated allergy and the diversity of allergens them-

selves, a consistent presence of IDRs in allergens was

unexpected. Our analysis revealed that allergens are

mainly ordered but an appreciable fraction thereof carries

MoRF-type IDRs. Furthermore, a predominant part of

MoRFs found in the protein allergen dataset was seen in

ARPs, the latter set being highly enriched with regard to

segments appearing in allergens. Our data also demon-

strate contextual aspects of IDRs in the allergy in support

of the conjectured implication in certain aspects of

allergy. Last, a significant part of all ARPs was shown to

carry IDRs encompassing more than half of their respec-

tive amino acid residues. Especially these ARPs, as

appearing in their respective protein allergens as well as

those of the Class II type, may possess features of impor-

tance to part(s) of the triggering process including cross-

reactivity which does not strictly adhere to expected pat-

terns, that is as deduced by structural resemblance to a

sensitizing antigen.
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