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Outline

Context
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Bioinformatics in a Nutshell — Algorithmics

Central Dogma of Genomics
I Assembly

from DNA reads to chromosomes
from RNA reads to transcripts

I Structural Annotation: find genes
I Functional Annotation

describe roles of genes (GO)
I biological process (BP)
I molecular function (MF)
I cellular component (CC)

I Analysis of “-omics” expression data
I transcriptomics
I proteomics
I metabolomics

I Systems Biology holistic perspective
I metabolism
I transport
I regulation
I signaling
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Example of Metabolism and Transport
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Foundation Data: Basis of Annotation

Sequenced org.: < 1% genes annotated
Well-studied org.: ∼ 10% genes annotated
Model organisms: ∼ 40% genes annotated

Annotation is ... Propogation of annotation by
Annotation transfer by homology (ATH)
Guilt-by-association (GBA)

Must track provenance

and ... Catching systematic errors by
rule-based post-processing

Errors often due to phylogenetic differences, or
confusion of orthologs, paralogs, xenologs
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Issues with Predicting Transport
State of the art for transporter prediction is poor

Similarity works as well as any other technique
but limited to known transporters

De novo transporter prediction is poor
coverage of known transporters is low
often vastly overpredicts

Need improvements
in examples of characterized transporters
in prediction of transmembrane segments (TMS)
in prediction of localization
in harmonizing classification schemes

Need to predict the specific substrate that is transported
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Previous Work on Transport Prediction
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Manual Network Model of Andersen (2008)

Aspergillus niger CBS 513.88
14,156 ORFS

986 metabolic reactions
871 GPR associations
131 (3.14%) holes

205 transport reactions
202 (98.54%) holes

extracellular to cytosol:
151 transport reactions
cytosol to mitochondrion:
54 transport reactions

MR Andersen et al, Metabolic model integration of the bibliome, genome, metabolome and reactome of Aspergillus

niger. Molecular Systems Biology, 4(1), 2008.
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Results from Pathway Tools on Case Study

Metabolic Reactions
332 pathways, 1868 metabolic reactions, 1580 GPR associations
335 (31%) gaps

Transport Reactions Predicted

(1) NADP+ + NADH + H+
[out] ←−→ NAD+ + NADPH + H+

[in]
(2) UDP−α−D−glucose + glucosyl−glycogenin[in] −−→
1 ,4-α−D−glucosylglycogenin + UDP + H+

[out]
(3) phospolipid[in]+ATP+H2O←−→ phospolipid[out]+ADP+phosphate+H+

(4) Cu2+
[in] + ATP + H2O −−→ Cu2+

[out] + ADP + phosphate + H+

(5) ATP + H+
[in] + H2O←−→ ADP + phosphate + H+

[out]
(6) Ca2+

[out] + ATP + H2O←−→ Ca2+
[in] + ADP + phosphate + H+

(7) ATP + 3 H+
[in] + H2O←−→ ADP + phosphate + 4 H+

[out]
(8) oligopeptide[out] + ATP + H2O←−→ oligopeptide[in] + ADP + phosphate
(9) xenobiotic[in] + ATP + H2O←−→ xenobiotic[out] + ADP + phosphate
(10) 4 H+

[in] −−→ 4 H+
[out]
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Toot Suite — Motivation
Help understand host-microbiome interaction
by predicting transporter proteins
and their substrates
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TooT Suite Project
I TooT Suite — Introduction
I TooT Suite — Overview
I TooT Suite — EPRCS
I TooT Suite — F.A.I.R.
I TooT Suite — Infrastructure
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The Toot Suite Project
Genome Canada BCB 2017 Competition
TooT Suite: Predication and classification of membrane transport
proteins, Gregory Butler and Tristan Glatard, 2018–2021

Bioinformatics and Machine Learning
Develop predictors for transporter proteins and membrane proteins

Open Science
tools — open source
platform for experiments — Boutiques + bfx tools + ML tools
reproducible experiments

Scale to microbiomes

Motivation
Improve agricultural productivity
provide tools to help understand microbiome-host interaction
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Toot Suite — Prediction Overview

Predictors
Toot-SC — substrate
Toot-TC — TC info
Toot-All — all classifications

Toot-Proteome predict
classification for membrane
protein in a proteome, or
meta-proteome

Toot-SS specific substrate for
transport protein

Experimental Platform

Experiments
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TooT Suite Project 24 Substrate Classes
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Transport Proteins
Biomembrane

Transmembrane Transport Proteins
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Membrane Proteins
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Membrane Proteins
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Toot Suite — Scale

Membrane proteins

Proteome

Meta-proteome
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Machine Learning Experiments

EPRCS Methodology
I Evolutionary information
I Positional information
I Regional information
I Compositional

information
I Sequential information

Experiments
What is the

best combination of

E P R C S tools

for prediction
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Toot Suite — Experimental Infrastructure

Boutiques using Docker Compute Canada
e.g. MP2 cluster
1632 nodes
12 core/node
32-512 GB memory/node

FAIR for Open Science
Findable
Accessible
Interoperable
Reusable

T Glatard et al, Boutiques: a flexible framework to integrate command-line applications in computing platforms.

Gigascience. 2018 May 1;7(5)
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Toot Suite — F.A.I.R.

openML openML Boutiques Data Sources
I UniProt
I TCDB
I GO, ChEBI,

Pfam
I ABC, SLC

Findable
Zenodo, doi

Accessible
DockerHub

Interoperable
Boutiques,
Galaxy, CWL

Reusable
Boutiques,
openML

MD Wilkinson et al, The FAIR Guiding Principles for scientific data management and stewardship. Sci Data. 2016
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EPRCS Methodology
I EPRCS — Evolution
I EPRCS — Position
I EPRCS — Region
I EPRCS — Composition
I EPRCS — Sequence
I EPRCS — Example TranCEP
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EPRCS Methodology for Protein Sequence Analysis
Evolution [E]
Classical blastp, PSI-blast
MSA, TMS-aware MSA
Position [P]
Focus on important sites
classical PSSM
Region [R]
Split sequence into regions
eg C-terminus, Rest, N-terminus
eg TMS and non-TMS
Composition [C]
Classical amino acid composition
AAC, PAAC, PseAAC (Chou), split
Sequence [S]
HMM capture patterns along
sequence
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TranCEP — Predicting transport proteins
Algorithm
Construct vector v(s) for protein sequence s

I [E] Form set S of similar sequences to s in DB using blastp

I [E] Form MSA M from S using TM-Coffee

I [P] Find informative positions P in M using TCS

I [P] Filter uninformative positions in M to form m

I [C] Compute PAAC composition vector v(s) from m

TranCEP builds 21 SVMs
discriminating 1-vs-1 for each pair of the 7 classes
Munira Alballa, Faizah Aplop, Gregory Butler, TranCEP: Predicting transmembrane transport proteins using

composition, evolutionary, and positional information, bioXriv, 2018. doi: https://doi.org/10.1101/293159
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TranCEP — Predicting transport proteins
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TranCEP — Predicting transport proteins

Performance of TranCEP using TM-Coffee and TCS and PAAC
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TportHMM

TportHMM is MUSCLE plus Xdet plus hmmer
MCC of 0.72 on Mishra’s dataset
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TooT-SC: TM-Coffee+PAAC+SVM on 11 classes
MCC 0.79
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Outline

Conclusion
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Conclusion — Challenges

Sharing our ML experiments
openML excellent for sharing ML experiments
automated parameter tuning and hyperparameter tuning

openML handles tabular data, not sequence data
issues with categorical data (from python scikit-learn)
big issue with heirarchical categorical data

Performance of Classification Step
MSA and SDS may be time-consuming
Need to classify 10M proteins for microbiomes

Predicting transport of specific substrates
are there enough examples known
multi-class vs multi-label learning
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Thank You!

Questions, Please?
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