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EUROPEAN COOPER ATION @ MICROBIOME
IN SCIENCE & TECHNOLOGY

Objectives

To continuously evaluate the state-of-the-art
ML/statistics methods, and to ensure that every action
memberis “on the same page” in terms of their
robustness and suitability fFor microbiome research and
how well they address the specific challenges in 1.1.1,
separately and combined.

Task 1.1: Technology watch

Task 1.2: Evaluation of ML/statistics methods currently
used in microbiome research

Task 1.3: Define priority areas for novel ML/statistics
applications for microbiome data
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WG1 activities in 2021/2022

Preparation of updated annual report for 2021

— Will be based on revised first annual report and
review paper published in Frontiers in Microbiology

— Compilation of the report will follow the same
process as was used in previous year

Additional task

— Next action/WG1 publication - topic was discussed
and fixed among WG1 members. Writing plan was
fixed at Tirana meeting.
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Scoping Review

= In 2020, Springer, IEEE, and PubMed were accessed

= |n 2021, two additional digital libraries: Elsevier and MDPI were
included

= No Oxford Academic Publishers included
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Publication search results
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Microbiome research in the source code repositories

Short summary (from September 2021)
— Number of repositories 1855 (old), 2465 (new).
— New repositories 1014.
— Repositories deleted 404.
= Update (October)
— As of today we have slightly more repositories (2589).

= Updated info on github list
http://microbiome.przymus.orqg/

= Next step - identify new (unique) publications for 2021
= Number publications for year 2021 -4 (Dec 2021)



http://microbiome.przymus.org/
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Performed tasks

Data base curation — Scoping
review

Data base creation/curation —
Github

Additional search (OAP)
Merging the obtained data bases

Updating the data base by action
members (Feb-March 2022)

Report compilation (June-Aug
2022)
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60




Article data base generation

 An automated search of digital libraries of three major publishers
(PubMed, Springer, Elsevier, MDPI and IEEE) using NLP Toolkit (Zdravevski
et al.,, 2019) to automate the literature search, scanning, and eligibility
assessment. This method yielded 25 papers.

« An automated search through the available GitHub resources using NLP
algorithms to identify relevant software repositories and extract
corresponding scientific papers. The papers were automatically ranked by
relevance using the pointwise learning to rank approach (Fejzer et al.
unpublished) trained using the manually collected and labeled papers. The
final list includes Four papers.

* Manual search — crowdsourcing of the studies relevant for the review
topic by all members of the COST Action CA18131 “Statistical and machine
learning techniques in human microbiome studies”. In this way, 33 papers
were added to the final list.

After revision - 41papers in final list.




Analysis of collected article data set

41 papers were adopted for the year 2021, indicating a
substantial increase in the application of ML methods for
human microbiome analysis compared to previous years.

The primary disease type in collected articles was inflammatory
bowel disease (19%), followed by drug-related side effects and
adverse reactions, and diabetes.

More than 70% of studies have used amplicon sequencing data
(16S rDNA) and 10% only shotgun metagenome data as input
data type.

The most often used methods were random forest, logistic
regression and support vector machine. Comparison with an
earlier data set shows that random forest is still the most used
method, but the application of logistic regression and support
vector machine algorithms has increased.




Analysis of collected article data set - reviews
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Analysis of collected article data set — by action members
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Other activities

= Next action/WG1 publication -

Manuscript draft about ML software for human microbiome
analysis

= Presentations

— Enrique Carrillo - Machine Learning & Microbiome for
Precision Nutrition. GOBLET & EMBnet AGM 202




WG1 meetings in Turku

= Topics to discuss
— Finalizing updated annual report for 2021

— Next action/WG1 publication — Manuscript
draft about ML software for human
microbiome analysis

— Updated annual report (D1.5) for the year
2022.

— Report outlining priority areas for new
ML/statistics methods (D1.7)
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Preparation of updated annual report for 2021

Finalization of updated annual report for 2021

Things to add
— How many are software development papers
— How many are method development papers
— Source code availability

Future plans with collected publication dataset




Manuscript draft about ML software for human microbiome analysis

= Finish sections before September (WG1)
* |nclude a companies section by Alina and Marcus

= |MDEA will work in style and homogenize till finish
October

= Piotr describe figure and small paragraphs about
software development during years for what section and
citation

= FAIR software in the discussion
= Send mail to authors with no link to the authors Mihail

= Open manuscript for the other COST action member -
beginning November

= Submitin December




= Topics to discuss

— Updated annual report (D1.5) for the year
2022.

— Report outlining priority areas for new
ML/statistics methods (D1.7) — will be
replaced with opinion paper.




