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Metagenomics involves the use of non-culture methods to identify microbial consortia in 
environmental and organisms samples, aiming for uncovering their implications in a variety 
of environments as well as in health and disease
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Background: Metagenomics Data Resources

● Metagenomics databases, such as MGnify, 

rely on the manual curation of microbiome 

sequences, using metagenomics ontologies, 

such as  GOLD and ENVO. 

● However, these ontologies cannot cover the 

wide variety of microbiome environments 

and their hierarchical levels can lack 

important data for metagenomics analysis. 

What is missing? main host? host state? 
exact sample site? host treatment? DNA 
extraction kit? place? … etc.

https://www.ebi.ac.uk/metagenomics/
https://gold.jgi.doe.gov
https://www.ebi.ac.uk/ols/ontologies/envo


● Hence, the need for an automated Named Entity Recognition (NER) that can 

extract the missing data about microbiome sample & environment from literature. 

● But, whereas machine/deep learning (ML/DL) pioneers offered unprecedented NER 

models to train and implement, there were challenges:

○ Database Enrichment. How can we enrich databases, such MGnify with data from literature?

○ Named-Entity Recognition. Which ML/DL models to train for recognizing entities?

○ Entities types and biocuration. What type of entities do we need to extract, curate and train 

to have more conclusive metagenomics results?

○ Literature triage. How can we triage literature to provide a wide variety of microbiome 

environments contexts for biocuration and models training?

Aim and Challenges



Accordingly, a machine learning (ML) framework was developed to enrich 

metagenomics studies with data about microbiome samples, environments, living 

organisms and experimental methods from Europe PMC open access articles. This 

framework includes the following components:

1. Literature Classification and Triage

2. Named Entity Recognition (NER) that comprises: 

• Entity types and biocuration

• NER models training

3. Databases Enrichment

Metagenomics ML/DL Framework



● A multiclass random forest classifier was trained to classify 

publications into: 1) Host-associated, 2) Environmental, 3) 

Engineered.  

● Classifier training dataset was constructed by mapping the GOLD 

biome annotations assigned to the metagenomics studies in 

MGnify to their corresponding publications in Europe PMC. 

Metagenomics ML/DL Framework: Literature Classification

Class Precision Recall F1-Score

Engineered 0.88 0.94 0.91

Environmental 1 0.94 0.97

Host-associated 0.94 0.94 0.94



Using trained classifiers,  ~ 14,776 ENA cross-referenced 

metagenomics papers were categorized into the 3 categories and 

140 papers (45-50 papers per category) was randomly selected 

and manually validated as literature triage:

● Environmental (n=48)

● Engineered (n=46)

● Host-associated (n=46) 

Metagenomics ML/DL Framework: Literature Triage

https://www.ebi.ac.uk/ena/browser/home


Entity types and biocuration

● A total of 16 novel metagenomics 

entities, covering biome and 

experimental data were curated in 

140 ENA cross-referenced 

metagenomics papers, using 

Hypothes.is. 

Metagenomics ML/DL Framework: Named Entity Recognition

(1) Ecoregion (4) Sample-Material
(5) Date
(6) Place
(7) Site
(8) Body-Site
(9) State
(10) Treatment
(11) Kit
(12) Gene
(13) Primer
(14) LS 
(15) LCM 
(16) Sequencing

(2) Engineered

(3) Host

https://web.hypothes.is/


NER models training

● Annotations were mapped to their corresponding sentences 

and tagged with the language processing  annotation scheme 

BIO .

● 16 individual training datasets were constructed to train each 

of the metagenomics entities, separately, using BioBERT 

models

● For each model, grid search was performed over 5 learning 

rates and 7 epochs to select the best hyperparameters.

Metagenomics ML/DL Framework: Named Entity Recognition

https://arxiv.org/abs/cs/0009008
https://arxiv.org/abs/cs/0009008
https://academic.oup.com/bioinformatics/article/36/4/1234/5566506


Metagenomics ML/DL Framework: Named Entity Recognition

Entity Learning Rate Epoch Recall Precision F1-Score

Ecoregion 4e-5 50 0.95 1 0.98

Host 2e-5 90 0.89 0.93 0.9

Engineered 2e-5 10 0.65 0.93 0.75

Date 4e-5 90 0.78 0.91 0.83

Place 3e-5 90 0.78 0.86 0.82

Site 4e-5 10 0.71 0.85 0.77

Body-Site 4e-5 90 0.98 0.95 0.97

Sample-Material 5e-5 110 0.8 0.9 0.85



Metagenomics ML/DL Framework: Named Entity Recognition

Entity Learning Rate Epoch Recall Precision F1-Score

State 5e-5 110 0.65 0.8 0.71

Treatment 4e-5 30 0.66 0.8 0.73

Kit 2e-5 70 0.94 0.91 0.92

Primer 5e-5 70 0.94 0.97 0.96

Gene 1e-5 10 0.86 0.92 0.89

LS 5e-5 50 0.8 0.95 0.85

LCM 4e-5 50 0.86 1 0.92

Sequencing 5e-5 110 0.84 0.89 0.87



Europe PMC Enrichment

● Trained NER models were 
used to annotate ~98,213 
metagenomics 
publications in Europe 
PMC.

● ZOOMA, a semantic 
ontology mapping tool is 
used to map predicted 
annotations to ontologies 
in OLS.

Metagenomics ML/DL Framework: Databases Enrichment

Europe PMC search query: ANNOTATION_PROVIDER:"Metagenomics"

Europe PMC annotation API: https://europepmc.org/AnnotationsApi

http://europepmc.org/
http://europepmc.org/
https://www.ebi.ac.uk/spot/zooma/
https://www.ebi.ac.uk/ols/index
http://europepmc.org/article/MED/33670308
http://europepmc.org/search?query=%28ANNOTATION_PROVIDER%3A%22Metagenomics%22%29%20
https://europepmc.org/AnnotationsApi


MGnify Enrichment

● Using our machine learning 

framework, ~ 1453 MGnify and  ~ 

13,323 new ENA metagenomics 

studies were annotated for MGnify 

to use in metagenomics analysis. 

● Given their broad range of 
metadata fields, Europe PMC 
metagenomics annotations are 
being included as an enrichment 
layer in MGnify.

Metagenomics ML/DL Framework: Databases Enrichment

98,213 annotated 
microbiome papers 

in Europe PMC

14,776 ENA XREF papers1453 MGnify XREF papers 



MGnify Enrichment

Examples for the 
annotated publications:

1,2,3,4,5,6,7,8

Metagenomics ML/DL Framework: Databases Enrichment

https://europepmc.org/article/MED/34003904
http://europepmc.org/article/MED/33182750?singleResult=true
https://europepmc.org/article/MED/33679978
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http://europepmc.org/article/MED/33272996?singleResult=true


BioSample Enrichment

● Metagenomics annotations are being 

also integrated into ELIXIR Contextual 

Data Clearinghouse for extending, 

correcting and improving publicly 

available annotations on records in 

sample and sequencing data 

resources. 

Metagenomics ML/DL Framework: Databases Enrichment

https://wwwdev.ebi.ac.uk/ena/clearinghouse/api/
https://wwwdev.ebi.ac.uk/ena/clearinghouse/api/


● To our knowledge, this work represents the first large-scale automated 

enrichment of metagenomics studies with metadata derived from open 

access articles. 

● Machine and deep learning models were trained, calibrated and validated on 

curated datasets and applied to annotate metagenomics publications in 

Europe PMC and enrich MGnify databases.

● Currently, a second machine learning framework is being developed for 

discovering novel biosynthetic gene clusters from Europe PMC papers.

Conclusion and Next Steps
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