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Function prediction of intrinsically disordered domains (IDDs) using sequence similarity
methods is limited by their high mutability and prevalence of low complexity regions. We
describe a novel method for identifying similar IDDs by a similarity metric based on amino acid
composition and identify significantly overrepresented Gene Ontology (GO) and Pfam domain
annotations within highly similar IDDs. Applications and extensions of the proposed method are
discussed, in particular with respect to protein functional annotation. We test the predicted
annotations in a large-scale survey of IDDs in mouse and find that the proposed method provides
significantly greater protein coverage in terms of function prediction than traditional sequence
alignment methods like BLAST. As a proof of concept we examined several disorder-containing

*The authors wish it to be known that, in their opinion, the first two authors contributed equally to this
work.



proteins: GRA15 and ROP16, both encoded in the parasitic protozoa T. gondii; Cyclon, a mostly
uncharacterized protein involved in the regulation of immune cell death; STIM1, a protein
essential for regulating calcium levels in the endoplasmic reticulum. We show that the
overrepresented GO terms are consistent with recently-reported biological functions. We
implemented the method in the web server IDD Navigator. IDD Navigator is available at
http://sysimm.ifrec.osaka-u.ac.jp/disorder/beta.php.

1. Introduction

Intrinsically disordered domains (IDDs) make up a significant portion of many eukaryotic
proteins but present a unique challenge to structural bioinformatics-based functional annotation
methods, which generally operate on the structure-function paradigm. For example, several groups,
including ours, have used 3D modeling in combination with structural alignment to infer
biological or biochemical functions of query sequences™™. While it is in principal possible to
follow this approach even in the absence of a well-defined structure by simply omitting the
intermediate structural modeling step, and substituting structural alignment with sequence
alignment, in practice this is problematic; the high rates of evolution coupled with higher than
expected correspondence between low complexity regions (LCRs) and IDDs*, along with the high
false positive rate for LCRs in conventional sequence similarity scores make it difficult to quantify
the significance of the resulting hits.

We recently investigated two alternatives to conventional sequence alignment in order to
extract functional information from IDD sequences®. First, we examined short sequence motifs
that were over-represented in a set of predicted IDDs. The over-represented motifs corresponded
to amino acid repeats in general, but it was not possible to associate them with known functions
using Pfam domains or Gene Ontology (GO) annotations. Second, we investigated the similarity
between the overall amino acid composition of IDDs using a simple histogram distance method.
Surprisingly, some structured Pfam domains associated with proteins that had been clustered only
by the amino acid composition of their IDD regions were highly overrepresented compared with a
random grouping of IDDs. This presents the possibility of IDDs with similar amino acid
composition sharing a related function. Motivated by these results, we constructed a web server
that allows a database of predicted IDDs to be searched by several similarity scores that are
functions of the amino acid composition for a given IDD. Highly similar IDDs are returned along
with their Pfam and GO annotations. The significance of the occurrence of each annotation can
then be quantified by comparison with a sample of background IDDs. While the proposed
approach is not expected to be as sensitive or as specific as is sequence alignment of structured
domains, it can nevertheless have practical utility, especially when used in conjunction with
structure-based functional annotations or in cases where no alternatives for function prediction
exist. To demonstrate its utility, we carried out a large-scale survey of the predicted GO
annotations as well as small-scale analysis of 4 IDD-containing proteins.
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2. Methodology

2.1. Preparation of IDD dataset

64,322 amino acid sequences of mouse proteins were downloaded from UniProtkB®. A
representative set of 18,126 non-redundant protein sequences was prepared by clustering at 40%
sequence identity using the cd-hit program’. For each sequence, IDDs were predicted using the
Disopred2 program® and 22,057 predicted IDDs of length greater than 30 were retained for
analysis. In IDD Navigator, these IDD sequences and the annotations of the corresponding
proteins were used as a database for finding similar IDDs and predicting functions for each query
IDD.

2.2. Similarity scores

In this work, we predicted functions of each query IDD based on the most similar IDDs in the
above IDD dataset. We defined similarities for a pair of IDDs through similarity scores. In our
previous work, we introduced a similarity score between IDDs based on the frequency of amino
acid residues’. In the current study, we have defined two similarity scores, which are described
below. For each query, IDD Navigator calculates similarity scores against the above 22,057 stored
IDDs and by default shows the top 100 most similar IDDs.

2.2.1. Similarity score based on Euclidean distance

The frequency fij(a) of an amino acid residue a in the sequence of IDD i is defined as follows:
N(a
fay =" @

len.

Here, N(a) is the number of the amino acid residues of type a in the sequence and len; is the length
of the sequence. The Euclidean distance based similarity score between sequences i and j is
defined by

sim, =—100\/Z(f,-(a)—ﬂ(a))2 2)

The distance was multiplied by a negative number in order to convert it to a similarity score. This
similarity score performs comparably with the Gaussian similarity used in the previous work (data
not shown).

2.2.2. BLAST score

Additionally, we used the protein BLAST (blastp) score for comparison purposes. Blastp was run
on each IDD against the database of all 22,057 IDDs with an e-value cutoff of 0.01. The BLAST
score was used in the same manner as the Euclidian distance-based score.

2.3. Pfam domain and Gene Ontology term prediction

By assuming that there is a correlation between the similarity scores defined above and similarity
in functions of the corresponding proteins, IDD Navigator provides a prediction of the functions of



a query IDD. We counted the numbers of Pfam domains and GO terms of unique proteins
associated with a list of the most similar IDDs (top 100) evaluated by one of the similarity scores.
The significantly overrepresented Pfam domains and GO terms constitute the primary output of
IDD Navigator. The statistical significance of the predicted functions was estimated by using
hypergeometric distribution functions. Here, we modeled the probability of having a particular
function by randomly selecting the same number of proteins from 18,126 representatives, counting
the fraction annotated by the function in question, and then calculating the corresponding p-values.
Thus, the annotations of all proteins with IDDs were used as a reference dataset.
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2.4. Evaluation of function prediction

From the initial dataset of 18,126 mouse proteins, 5,164 had predicted IDDs and Gene Ontology
term annotations in UniProt and were used in evaluating the prediction performance of IDD
Navigator. For each IDD within the 5,164 proteins, GO terms were predicted as those
significantly enriched (p <0.01) among the top 100 most similar IDDs based on a particular
(Euclidean or BLAST) score. We tested the similarity of GO terms predicted for each IDD in a
protein with the actual GO terms assigned to it. For proteins with multiple IDDs, unique predicted
GO terms from all IDDs were combined and compared to the actual GO annotations of the protein.
In order to calculate the significance of our results, we compared the predicted GO terms with
random terms. We prepared a list of unique GO terms from the actual GO annotations of the 5,614
mouse proteins. We then randomly picked GO terms for each IDD that were equal in number to
the predicted GO terms for that IDD. The semantic similarity was calculated between the actual
GO terms and the list of randomly selected GO terms.



Clusters of IDDs with similar amino acid content were made based on the Euclidean distance
similarity score using hierarchical clustering with Ward’s method. The number of clusters was
empirically set at 10. Average semantic similarity between predicted and real GO terms was
calculated for each cluster and compared to those of random GO terms. Amino acid propensity for
amino acid a in the i cluster was calculated as follows:

Na[

P, = N (©)
where Ng; is the count of the amino acid a in cluster i and N, is the total count of amino acid a in
all clusters. The z-score for the propensity of each amino acid was calculated over its average
propensity in all clusters and plotted as a heatmap in figure 4.

Semantic similarity between lists of GO terms was calculated using the R package GOSemSim®.
GO terms are arranged in the form of a directed acyclic graph (DAG), and GOSemSim calculates
the similarity between two lists of GO terms using their location in the DAG and their relationship
with the ancestor terms. GOSemSim assigns a value between 0 and 1 with higher values indicating
greater similarity between groups of GO terms. The predictions of Cellular Component (CC),
Molecular Function (MF) and Biological Process (BP) terms were evaluated independently.

2.5. Web server

IDD Navigator can be accessed at http://sysimm.ifrec.osaka-u.ac.jp/disorder/beta.php. A flowchart
of steps performed by the web server is shown in Figure 1. The histograms used to score the
similarity between IDDs are represented as colored bar graphs. Several methods have been
provided to evaluate the similarity score between IDDs based on amino acid content.

3. Results and Discussion

3.1 IDD Navigator Function prediction

In order to determine if the significantly enriched GO terms given by IDD Navigator for a query
IDD can be used as function predictions, we first evaluated the accuracy of the predictions with p-
value < 0.01. We compared the semantic similarity between the real GO terms and those predicted
by IDD Navigator for a set of 5,164 mouse proteins using the Euclidean distance score. Since
some proteins have several IDDs, we also tested the performance of the combined list of GO terms
predicted for all IDDs within a protein. Finally we compared these results with the similarity of an
equal number of random GO terms assigned to each protein.

Figure 2 shows the results of the evaluation. GO terms predicted by the Euclidian distance score
show greater semantic similarity to the real GO terms of proteins, on average, than randomly
assigned GO terms (p << 0.001, t-test). This result is consistent across all categories of GO terms.
Combined predictions from all IDDs in a protein performed best, though those predicted using
single IDDs showed an almost equivalent performance. Among the categories of GO terms, CC
terms were predicted with the greatest accuracy, followed by MF and BP terms, respectively. The
lower performance of BP terms was possibly due to the large number of GO terms present in this
category. Based on these results we concluded that the GO terms given by IDD Navigator could be
used as valid function predictions for unannotated proteins. We further, checked the relationship
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between the length of the IDD and the accuracy of prediction of the GO terms but were unable to
find a significant correlation (GO BP: 0.10; GO MF: 0.08; GO CC: 0.12).
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Figure 2. Average semantic similarity between Euclidian distance-predicted and actual GO terms
in Cellular Component (CC), Molecular Function (MF) and Biological Process (BP) categories.
Combined indicates a combination of all unique GO terms predicted for all IDDs within a protein.
IDD denotes GO terms predicted for a single IDD in a protein. Random shows the performance of
the same number of random GO terms assigned to a protein.
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3.2 Comparing different methods in IDD Navigator

We compared the function prediction performance of the Euclidean distance method and the
BLAST score in IDD Navigator. The Euclidean distance method represents the similarity of IDDs
by amino acid content, irrespective of the sequence. On the other hand, the BLAST score
identifies similar IDDs by direct sequence alignment to the query IDD. The BLAST score option
in IDD Navigator is equivalent to performing a BLAST search using an IDD against all the IDDs
in the current dataset with low complexity filtering turned off and predicting a function based on
the top 100 hits obtained.

In Figure 3, the Euclidian distance score is compared with the BLAST score for each GO term.
For a given GO category (CC, MF, BP), Figure 3 shows the combined score (combining all the
IDDs from one protein) for Euclidian distance and BLAST, the IDD scores (where IDDs for a
given protein are treated separately), and a randomized score. The randomized score corresponds
to the semantic similarity between the actual GO terms of the proteins and randomly chosen GO
terms that are equal in number to those predicted by the IDD Navigator using the Euclidean and
BLAST scoring schemes. The two methods have different randomized scores because of the
differences in the number of GO terms predicted by each. IDD Navigator using the BLAST score
predicts considerably fewer GO terms as significantly over-represented than using the Euclidean
score. Due to the arrangement of the GO terms in the form of a DAG and the method used by
GOSemSim to calculate the semantic similarity, the similarity score is dependent on the number of
terms, often increasing as the number of terms increases. In order to address this drawback of the



semantic similarity scoring, we calculated separate randomized similarity scores for predictions
made using the two methods.
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The BLAST semantic similarity scores are closer to the actual terms than those predicted by the
Euclidean distance method. However, there is a large difference in the coverage of proteins for the
two types of methods. Significantly enriched GO terms are obtained for 4,383 proteins using the
Euclidean method, while over-represented GO terms were identified for IDDs in only 27 proteins
using the BLAST score at a significance threshold of 0.01. The very small number of BLAST hits
is not surprising. Proteins within the mouse genome that are not obvious homologs (i.e., do not
form clusters in the cd-hit step) do not, generally, have sequentially similar IDDs. The high
coverage of proteins for which GO terms can be predicted using the Euclidian distance score, on
the other hand, highlights the utility of IDD Navigator in novel function prediction.

Several methods have been proposed to assign probable GO terms to proteins without
annotations’®*2. However, these methods rely on BLAST or PSI-BLAST either partially or
completely. Predicting the function of proteins with large disordered domains in the absence of
conserved or annotated domains and annotated homologs is currently an open problem. Figure 2
indicates that IDD Navigator can provide function associations in at least a subset of such cases. It
can also potentially be used to assign new functions to proteins based on the IDDs that they
contain. Although functional annotations have been associated with specific IDDs** ** and
function prediction using intrinsic disorder in proteins has been studied before®>*’, IDD Navigator
uses a novel strategy based on amino acid content to assign probable GO terms to unannotated
proteins, and is thus complementary to existing approaches.



3.3 Function prediction for IDD clusters

Our method can also be used to cluster the IDDs into groups that may potentially be associated
with specific functions similar to a previous study identifying “flavors of disorder” 8 To see if
this is the case, we clustered the 22,057 IDDs into 10 clusters based on their amino acid similarity.
Figure 4 shows the amino acid enrichment for each cluster. Each cluster has a distinct pattern of
over-represented amino acids. For each cluster, we calculated the average semantic for each IDD
similarity between the predicted GO terms and its observed GO terms. Table 1 shows the
numerical results.

The GO term similarity between those predicted by IDD Navigator compared to the observed
terms is better than random in all the clusters for all 3 types of GO terms. The GO similarity score
in Cluster 4 are particularly high. The IDDs in this cluster are enriched in charged residues,
especially Lys, and are primarily parts of ribosomal proteins based on GO term enrichment
analysis *°. However, these results also indicate that the performance of function prediction varies
with the amino acid content of the IDD. A good performance for certain clusters may be attributed
to the fact that the clusters contain fewer IDDs or proteins containing the IDDs in these clusters
are better annotated. On the other hand, a poor similarity score between the observed and
predicted GO terms may be the result of the IDDs participating in multiple functions despite
similar amino acid content. The performance of the function prediction by IDD Navigator may
also change with the number of clusters used to partition the dataset. We did not, for example, find
3 major clusters using our methods, so a direct comparison with the 3 flavors of disorder proposed
by Vucetic et al. was not straightforward.
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3.4 Case Studies

The ultimate test of IDD Navigator is to analyze a functionally uncharacterized sequence de novo
and validate the predicted function experimentally. Since such a test is beyond the scope of the
current work, we have selected 4 IDD-containing proteins whose biological function has only
recently been reported. Each protein was submitted using default options. In the case of GRA15,
some subsequent adjustment of the Disopred false-positive threshold was also used.

3.4.1 GRA15 from T. gondii

GRAI15 is a ~500 amino acid polymorphic protein localized in the dense granules of the parasitic
protozoa T. gondii, and secreted into host cells upon infection. The effect of GRA15 on the host
immune system depends on the particular T. gondii strain (types I-111). Recently, the effects of type
Il GRA15 (GRA15-11) on host immune signaling pathways have been described ?*. No hits to
GRA15 were found using conventional sequence alignment searches®!. The sequence of GRA15-II
lacking a 51-residue N-terminal signaling peptide was submitted to IDD Navigator using the
Disopred option. A single 475-residue IDD was predicted for residues 24-499. The top hits were
associated with transcription factors PAX2, PAX7, and A2A410. The next most significant hit was
to an AXH-containing protein, which interacts with CIC, a transcriptional repressor. There were
also a number of hits involved in signal transduction. The GO molecular function terms “protein
binding” (p-value 2.4e-4) and “kinase activity” (p-value 4.9e-4) scored highly, while “cell fate
determination” scored highest in the biological process category (p-value 0.8e-3). Taken together,
the GRAL15-I1 results are consistent with a role in signal transduction, transcription, or both.
Although the biochemical function of GRA15-11 has not yet been elucidated, it was recently
revealed that its biological role is to activate the transcription factor NF-xB in infected hosts®®.
GRAI15-1I-mediated NF-xB activation in macrophages inhibited apoptosis, and increased cell
migration. Moreover, it was argued that GRA15-11 is likely to act in a complex with the kinase
IKK and signaling protein TRAF6%!, which are important regulators of the NF-kB signaling
pathway. GRA15-11-mediated NF-xB activation in macrophages inhibited apoptosis, and increased
cell migration?®?*, These known biological functions of GRA15-I1 are overall consistent with the
IDD Navigator results. One potential application of the IDD Navigator query would be to suggest
putative protein-protein interaction sites. However, in order to do this, we had to first lower the
Disopred?2 false-positive threshold from the default value of 5% to 2%, in order to obtain several
smaller, but higher-confidence IDDs. This resulted in three distinct IDDs (residues 34-206, 209-
389, 402-499). Of these, the last one was of particular interest, as the top GO annotation was
“apoptosis” which includes both positive and negative regulators of cell death. The specific hits
were comprised of 6 proteins, including “NF-kB-interacting protein 1”. Interestingly, the region
of greatest divergence between type I/l1l and 1l GRA15 consists of an 84—amino acid indel near
the C-terminus®’. This finding is consistent with the observation that type I/l T. gondii has been
found to suppress NF-kB activity, suggesting that the C-terminal IDD may be critical for
differentiating effects on host immune cell responses. This result shows that IDD Navigator results
are sensitive to the domain boundaries, which is also true for structure-based function prediction.
Fortunately, the false-positive threshold in the Disopred program is a convenient way to vary the
boundaries.



3.4.2 Cyclon from M. musculus

Cyclon is a coiled coil-containing protein that is known to positively regulate expression of Fas,
an immune cell surface protein that mediates activation-induced cell death % 2. However, a direct
role in Fas transcription has not been shown, and Cyclone lacks any known DNA binding domains.
When we submitted the Cylon sequence to IDD Navigator, we found that GO terms relating to
epigenetic regulation dominated the list. For example, in the molecular function

Category, the GO top terms and associate p-values included “histone methyltransferase activity
(H3-K4 specific)” (2.4e-4); “transcription corepressor activity* (1.4e-3); “chromatin binding”
(2.2e-3); “histone-lysine N-methyltransferase activity” (2.8e-3). The top biological process terms
were: “chromatin modification” (1.2e-4); “cellular component organization” (1.6e-3);  “peptidyl-
lysine methylation” (1.6e-3). The top cellular component terms were “histone deacetylase
complex* (0.7e-5) and “histone methyltransferase complex™ (0.8e-4). A BLAST search against the
nr database resulted in a number of hits to uncharacterized proteins in vertebrates and insects. The
one exception was the chromatin assembly factor-1 p150 from Culex quinquefasciatus (southern
house mosquito). Although this annotation could not be confirmed by further BLAST or literature
searches, it agreed qualitatively with the IDD Navigator result. The coiled-coil domains are most
likely involved in protein-protein interactions, so Cyclon may act as an adaptor that recruits
proteins involved in protein remodeling or histone modification. A potentially useful direction
would be to systematically screen all such proteins for cyclon-like IDD regions, as this subset may
contain epigenetic regulators of Fas gene expression.

3.4.3 STIM1 from M. musculus

STIML1 is a calcium-sensing protein that spans the ER membrane. The N-terminal luminal portion
contains the calcium-binding domain and the cytoplasmic C-terminal portion is predicted to
contain coiled-coil domains and two IDDs. The first IDD, but not the second, was found to have a
significant (p-value 4e-11) over-representation of the GO cellular component term “Cytoskeleton”.
This result is potentially interesting, as a recent report showed that microtubules affect STIM1-
mediated calcium entry** and in another report, STIM1 was shown to affect the organization of
microtubules *°. When the second IDD was submitted to IDD Navigator, the cellular component
term “Cytoplasm” was over-represented with a p-value of 4e-7, which is consistent with the
known localization of this domain. Both findings are relevant to one of the key functions of
STIM1, the formation of ER projections known as ‘puncta’ that grow toward the plasma
membrane when calcium stores are depleted. It is already known that calcium depletion promoted
STIM1-STIM1 interactions on the luminal side of the ER membrane %. Although speculative at
this point, the coiled-coils and IDDs may interact directly with components of the cytoskeleton
upon calcium depletion in order to induce ER membrane remodeling.

3.4.4 ROP16 from T. gondii

Like GRA15, Rhoptry protein 16 (ROP16) is encoded in T. gondii, and secreted into host cells
upon infection as part of the parasite’s counter-defense against host immunity.

The N-terminal 357 residues of ROP16 are predicted to be disordered. When we submitted
residues 1-357 to IDD Navigator, we found no overrepresented GO terms for biological function.
However, the cellular component term “cell junction” was over-represented with a p-value of 2.6e-
8. This result is potentially relevant since ROP proteins are excreted through cell-cell junctions



formed between host and parasite. The N-terminal portion of ROP16 has not been characterized,
and the IDD Navigator results suggest that the IDD region may be involved in the initial secretion
into the host cell.

4. Conclusions

In this report we have described an extension of our earlier work on IDD clustering toward the
goal of functionally annotating IDDs. The large-scale survey results indicate clearly that, on
average, GO terms that are overrepresented in IDD Navigator hits compared with background
values are closer to true GO terms than a random selection of IDDs. This, in turn, implies that the
underlying scoring function can pick up some information that is encoded in the IDD sequences
without using sequence alignment. Distinguishing useful information from background noise,
however, requires careful interpretation, as the 4 examples show. Submitting the whole GRA15-I1
sequence and running with default parameters produced results that are, in general, consistent with
the known biological function of GRA15-11: the protein appears to function as an adaptor and may
effect transcription or signal transduction pathways; however, the IDD Navigator hits did not give
a clear clue as to which pathways are effected, or which parts of the protein are involved in
specific protein-protein interactions. When the Disopred2 false-positive threshold was lowered
from 5% to 2%, however, individual domains appeared with sequence-specific associated GO
terms and Pfam domains. The appearance of apoptosis as the top GO term, with a specific hit to an
NF-kB-interacting protein was encouraging, given recent reports that GRA15 suppresses
apoptosis by activating NF-kB. However, it must be acknowledged that, in the absence of some
knowledge of basic biological function, it would be difficult to isolate this hit from the others. The
cylon result was somewhat more straightforward to interpret due to the dominance of hits related
to epigenetic control of gene expression. Interaction with histone modifying proteins would
explain the protein’s role in regulation of Fas. However, this hypothesis requires further
experiment before it can be validated. Similarly, the hits to STIM1 and ROP16 help to generate
hypotheses. In the case of STIM1, the first IDD might interact with microtubules, which would be
consistent with the coiled-coil domains predicted nearby. In the case of ROP16, the IDD might be
IS necessary for migrating through the cell-cell junction. Fortunately, each of these hypotheses can
be experimentally tested, and we are currently collaborating with experimental groups to validate
our predictions.

Future versions of IDD Navigator will include all sequences from Unirefl100, allowing better
function predictions across multiple species. In order to prepare and maintain such a large
database of IDDs and also to process query sequences rapidly, the disorder prediction calculation
time must be reduced. For this reason, in the future, we plan to incorporate faster disorder
prediction methods?’. We also aim to improve the scoring functions, which are highly simplistic at
this stage.
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