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[Abstract] Hypothetical proteins (HP) are those that are not characterized in the laboratory and so remain
“orphaned” in genomic databases. In recent times there has been a lot of progress in characterizing HPs in
the laboratory. Various methods, such as sequence capture and Next Generation Sequencing (NGS), have
been used to rapidly identify HP functions and their encoded genes. Applications and methods, such as the
isolation of single genes, are greatly facilitated by pull-down assays to characterize proteins. Furthermore,
there are methods to extract proteins from either the whole cell or a subcellular fraction. But the weakness is
that some assays are fairly expensive and laborious, and characterizing HP function is always imperfect. In
the recent past, statistical interpretations of the in silico selection strategies have improved the identification
of the most promising candidates, including those from various annotation methods, such as protein
interaction networks (PIN). Given the improvements in technology that have permitted a substantial increase
in computational annotation, we ask if the prediction of HP function in silico (validation of models through
algorithms and data subsets) could likewise be improved. In this work, we apply a bioinformatics analogy to
each step of a wet lab experiment performed to predict aspects confirming protein function. Although it may
be a less bona fide approach, assigning a putative function from conservation observed in homologous

protein sequences might be worthwhile to consider prior to a wet lab experiment.

Procedure

Experiment steps and bioinformatics analogies

1. Immunoblotting by a Coomassie stained gel and patterns of selection for the total protein or
cytoplasmic, nuclear, membrane or cytoskeletal fractions.
Analogy: A log-transformation of the data using an error model to get normally distributed noise and
statistical procedures can be made using MATLAB and R (Kreutz et al.,, 2007). The model is
applicable for simulation studies and parameter estimation in systems biology for predicting
functional candidates. A bioinformatics tool, named aLFQ supports this kind of analogy where one
can estimate proteomic data obtained from MS/MS, further enabling error estimation using automatic

data (Rosenberger et al., 2014). Availability: Through R/CRAN (http://www.cran.r-project.org). The

raw data for such analyses can be obtained from UniProt or Protein Atlas.
2. Genomic shotgun DNA fragments hybridized to the exome library; PCR amplification and
Streptavidin beads. For example, the PCR amplification step involves finding several polymorphisms

along the genome (SNP genotyping, efc.). In particular, biotinylated primer is essential for each SNP
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for capture of single-stranded DNA (ssDNA) template for the assay to be complete. Although
alternative strategies have steadfastly been developed for pyrosequencing, the method covers all
phases from PCR amplification to ssDNA template capture within pyrosequencing (Royo et al.,
2007).

Analogy: Next Generation Sequencing (NGS) based annotation using HiSeq or MiSeq lllumina
systems and associated materials could be used for thorough predictions (Liu et al., 2012). Galaxy
frameworks can be used as an extension with machine learning based tools for sequence and tiling
array data analysis. Software: HiSeq or MiSeq lllumina systems. A case study for Hi-Seq/Mi-Seq
based high throughput analysis of NGS data using the Galaxy system. Please follow the help pages
(see Galaxy reference).

Immunoproteomics: Kinetic analysis of antibody-peptide binding by surface plasmon resonance
(SPR) is essentially used for finding antibodies against hypothetical protein candidates with high
affinity. Further, a method called MALDI immunoscreening (MiSCREEN) is being used these days to
screen high affinity anti-peptide antibodies (Razavi et al., 2011).

Analogy: Genetic algorithms (GAs) and swarm intelligence (Sl) methods could serve as perfect
replicas for feature selection methods using high-dimensional searches. Further, ant colony
optimization (ACO) is used to integrate features selected on the basis of significance and
applications criteria (Ressom et al., 2006). T-Coffee is a multiple sequence alignment based genetic
algorithm package. These can be used to align sequences or to combine the output of favorite
alignment methods into one unique alignment (Notredame et al., 2000).

Genome-wide analysis of the chromosomal distribution of co-expressed genes where one of the
candidates is uncharacterized. Specificity of genes in chromosomal regions could be determined by
gPCR (Boutanaev et al., 2002).

Analogy: Gene expression programming (GEP) can be used to code complex programs, which are
then included in linear chromosomes of fixed length (Ferreira, 2001). These in turn could later be
expressed as expression trees (ET). These ETs may further undergo mutation and recombination in
predicting the function of HP candidates. One example using MATLAB demonstrates a way to find
patterns in gene expression profiles, e.g. finding expressed patterns along a genome sequence (see

URL: http://se.mathworks.com/help/bioinfo/ug/example-analyzing-gene-expression-profiles.html).

A major challenge in handling large scale applications for characterizing proteins using mass
spectrometry, etc. is how to integrate and model the surplus of data that is produced.

Analogy: “On the fly” virtual screening where analysis is done using assembled, project-specific
workflows to guide the next stages of experimentation (Pasculescu et al., 2014). The scripts can be
made open-source and editable so that researchers can rapidly make enhancements in their
projects. MaxQuant software package could be attributed to this analogy (Cox et al., 2009). For
example, one can aim at analyzing large MS data sets and further narrow down the complex
experimental designs using characterized proteins on a time series, collating them with, for instance,
drug-response data.

In vivo and in vitro experimentation of cellular signaling domains
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Analogy: Engineering simulations for in vivo and in vitro experimentation might be used to enable
low-cost hypothesis generation and experimental design. Furthermore, in silico models can be used
to develop a framework of simulations for paradigm domains, such as cancer systems biology (Bown
et al., 2012). An in silico docking experiment can be perused to identify the binding residues of
proteins in the open and closed conformation. Furthermore, one can get a molecular view of the
system. (Degryse et al., 2008).

7. Many uncharacterized or HP data ultimately remain unannotated in the sequencing/biochemical
information deposited from time to time.

Analogy: Aggregate different structural and functional evidence with GO relationships based on
similactors (Benso et al., 2013). Further, exploit community annotation using a “wiki of
uncharacterized proteins.” Please refer to Benso et al. (2013).

8. Antibodies vs. Aptamers. Are aptamers cost-effective when compared to antibodies for
characterizing proteins (see references Aptagen and Basepairbio)? Only few analytical techniques
are known to be capable of detecting minute changes with a sensitivity matching that of antibodies.
The targeting of whole proteins and selection of specific residual sequences as epitopes is needed
for the functional characterization of HPs. For example, a protein such as Twinkle helicase, also
known as Progressive External Opthalmoplegia (PEO) in humans, is encoded by the gene C100rf2,
which is similar to the GP4 helicase structure and is an interacting partner of the DNA mismatch
repair protein, MLH1. A pull-down assay would resolve the purpose.

Analogy: Applying the potential role of aptamers in elucidating the function of HPs with the
possibilities provided by bioinformatics for establishing a benchmark for aptamer-protein prediction
methods. With these future perspectives, the role of hypothetical proteins as target molecules for
diagnostics and therapies could prove to be very useful in the development of medical technology.
For example, we could develop an aptamer prediction webserver, which in turn could be used for
pull-down assays or label-free detection to ascertain the function of some classes of proteins, such
as HPs (Suravajhala et al., 2014). Please refer to Suravajhala et al. (2014), and see the analogy

below.

Aptamer Analogy

Purpose: Detailed how-to guide for implementing the bioinformatics analogy for step 8, where the role of
HPs as target molecules for diagnostics and therapies could prove to be very useful in the development
of medical technology. Here we use the analogy of finding better candidates (as seen pictographically in
Figure 1), which could then be applied to infer function for a class of HPs.

Overview: A pull-down assay uses a small-scale affinity tag to an antibody, similar to
immunoprecipitation. In the case of proteins, whose actuality, function or even interacting peers have
been theoretically known but seldom experimentally established, pull-down assays can have a significant
role. But can bioinformatics play a major role in lessening the scale of experimentation? The use of gene
ontology functional data specific to organelles could play a major role in inferring the functions of

uncharacterized proteins. For such HPs, their interacting partners remain uncharacterized as well due to
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the lack of feasible screening methods. Although the methods to identify the functional contexts of
activity of the interacting protein have been presented, the necessary experimental boundary to
characterize them explicitly does not exist. Therefore, we envisage a better predictive approach for the
use of aptamers for pull-down assays or label-free detection. Application of aptamers in this research
area would have immense potential as only a few analytical techniques are known to be capable of
detecting minute changes with a sensitivity matching that of antibodies. Targeting whole proteins and the
selection of specific residual sequences as epitopes is needed for the functional characterization of HPs,
such as Twinkle helicase, also known as Progressive External Opthalmoplegia (PEO) in humans,
encoded by the gene C100rf2, which is similar to the GP4 helicase structure and an interacting partner
of the DNA mismatch repair protein, MLH1. We present here a step-by-step methodology to ensure this
analogy is met for a biologist with little experience in bioinformatics.

Resources: Excel worksheet for transferring the annotation or even further extending the database to

SQL or CSV format, and drawing software such as MS Draw or MS Publisher [for methods and software,

please refer to Suravajhala and Sundararajan (2012)].

Steps

1. Take the HP accession in question from GenBank. Check how bona fide the accession is by
identifying its related sequences, the start sites of the protein-coding regions, and whether or not it is
a pseudogene. Transfer the sequence information to an Excel worksheet by employing a six-point
classification scoring schema as described earlier (Suravajhala and Sundararajan, 2012).

2. Find the candidate proteins that are localized to the same organelle by virtue of the interaction peers;
we will be able to set aside those HPs that form an interacting pool. From the first half of the Figure 1,
we show how the HP in question has its interaction peers.

3. The annotation would then be transferred to the similactors approach, which will involve filtering and
enrichment of PPI networks.

4. Use a concrete database of aptamers that are available (Aptagen/Basepairbio). Target specifically
known unknown (KU) regions and use them as putative biomarkers.

5. Simulate the above list of HPs and candidate proteins from step 3 for identifying better targets from
step 4.

Analyze the results, and make a database.
(Optional) Develop a predictive webserver based on machine learning approaches, thereby training

a network of proteins and aptamers for possible and easy identification of targets.

Representative Data (example)

In a framework for functional prediction (Figure 1), experimentally determined characteristics of the
putative interaction partners are perused to make an interactome of hypothetical proteins (hypothome
(Desler et al., 2014)). In this process, we suggest a role for the predicted protein in a biological context,
thus complementing an interactome with the interactions with predicted proteins, in addition to retaining

information on interactions, whether predicted or experimentally verified (left panel in Figure 1). This
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strategy is essential for characterization of predicted proteins and their interactions with existing
biological pathways.

Furthermore, the electronic annotation using methods [described in Benso et al. (2013)] containing
similar, yet non-interacting proteins (similactors) (right panel in Figure 1), along with the hypothome data,
can be used in training datasets. However, a simulation followed by machine learning predictions can
also be applied on a wide number of proteins not specific to HPs alone, thereby drawing an inference for

an analogy to functional prediction.
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Figure 1. A framework for functional prediction. Experimentally determined characteristics of the putative
interaction partners are perused to make an interactome of hypothetical proteins. Left panel: methods for
making an interactome of hypothetical proteins as described by Desler et al. (2014). Right panel: electronic

annotation methods described by Benso et al. (2013).
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