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due to prevalent genetic strain variation11, which would increase
noise. First, we benchmarked PTR using a closed reference
genome, and then the same genome fragmented into 100kb
fragments and reshuffled to mimic a draft genome for GRiD and
iRep measurements. Reads mapping to S. epidermidis were
subsampled to 0.4× and 0.2× coverage and subsequently used for
GRiD and iRep estimates. iRep performed similarly to the PTR
benchmark, but GRiD had a much lower percentage of error in
comparison to iRep at both 0.4× and 0.2× coverage (Fig. 1c). To
highlight the importance of accounting for ambiguous reads
during growth estimation, reads mapping to S. epidermidis were

re-mapped to S. capitis, S. aureus, and Propionibacterium acnes
genomes to determine the proportion of multiple-mapping reads.
Samples with increasing numbers of multi-mapped, ambiguous
reads were significantly correlated with our metric of increasing
species heterogeneity (Fig. 1d), which can increase uncertainty in
growth rate estimation. For quality control, we found that a
combination of dnaA coverage, dif coverage, and species
heterogeneity can be used to ascertain the accuracy of growth
predictions. Our findings suggest that growth rates are most
accurate when dnaA/ori and ter/dif coverage ratios approach one,
and species heterogeneity is low (<0.3, Supplementary Fig. 2A).
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Fig. 1 In situ growth estimate from ultra-low coverage bacteria. a The GRiD approach. Contigs are re-ordered to produce a pattern whereby low coverage
contigs potentially containing ter are located near the mid-region of the genome, while high-coverage contigs potentially harboring ori are located at either
extremes of the genome. GRiD values correspond to the ratio of coverage at the peak (ori) and trough (ter) regions. b Growth rate reproducibility between
GRiD and iRep using reads obtained from pure cultures of Staphylococcus epidermidis and Corynebacterium simulans. The boxplot shows the difference (delta)
in growth estimates before and after reads were subsampled to lower coverage. To avoid bias, only unrefined GRiD values (see methods) were used for
comparison with iRep. c Error rate comparison between GRiD and iRep from a skin metagenomic dataset using S. epidermidis reference genome. PTR was
calculated using a closed circular reference genome while GRiD and iRep were calculated using the same reference genome, but fragmented into 100kb
fragments and reshuffled. For samples with genome coverage > 0.2 (n= 588), mapped reads were subsampled to ultra-low coverage prior to GRiD and
iRep estimations. Here, Percent error ¼ ðmaxðpredicted;realÞÞ$ðminðpredicted;realÞÞ

ðmaxðpredicted;realÞÞ ´ 100, where “predicted” represent GRiD or iRep scores, and “real” is the PTR score.
Unrefined GRiD values were used for comparison with iRep. The figure on the right shows Pearson correlation plots of GRiD and iRep with PTR. ***= p <
0.001. d Reads from a skin metagenomic dataset mapping to S. epidermidis were remapped to the respective genomes. Re-mapped reads are considered as
ambiguous reads. The scatter plot shows the correlation (Spearman) between ambiguous reads and species heterogeneity (1−r/u), where r= refined
GRiD and u= unrefined GRiD (see Methods). ***= p < 0.001. e iRep and GRiD measurement for CPR genomes. The scatter plots below show Pearson
correlation plots of GRiD and iRep estimates before and after subsampling to ultra-low coverage. ***= p < 0.001. Center lines in boxplots represent the
median and the edges represent the first and third quartiles. Source data are provided as a Source Data file
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Today
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• finding bacterial genes
• protein coding genes
• rRNAs

• annotating genes with functions
• why not just align?
• HMMs and HMMER

• what we didn’t look at:
• eukaryotic genes
• non-coding regions of interest, incl. CRISPR regions



Finding genes
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Seemann (2014): Prokka: rapid prokaryotic genome annotation, 
Bioinformatics, 30: 2068–2069

• Prokka wraps tools for:
• protein-coding genes
• rRNA regions
• CRISPR spacers
• (similarity search)



Finding protein-coding genes
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Hyatt et al (2010): Prodigal: prokaryotic gene recognition and 
translation initiation site identification. BMC Bioinformatics 11, 119



Finding protein-coding genes
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in single genomes:
• start and stop codons
• gene length
• overlaps
• bias in %GC / codon usage
• ribosomal binding sites

in a metagenomes:
• start and stop codons
• gene length
• overlaps
• bias in %GC / codon usage
• ribosomal binding sites

• pre-trained models

Hyatt et al (2010): Prodigal: prokaryotic gene recognition and 
translation initiation site identification. BMC Bioinformatics 11, 119



Protein-coding genes
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• positions on the contigs
• direction on the contigs
• translation

• information on completeness

contig   source    type  start   end         strand            attributes      

score        phase

.gff General feature format:



Annotating ‘functions’
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• compare the newly defined gene sequence to existing knowledge:

• homologues in other genomes

• classes of genes:
• gene families
• enzymes
• domains
• structures



HMMER

10http://eddylab.org/software/hmmer/Userguide.pdf



Hidden Markov Models

11Eddy, S. What is a hidden Markov model?. Nat Biotechnol 22, 1315–1316 (2004). 



Hidden Markov Models

12EMBL-EBI: what-are-profile-hidden-markov-models-hmms

GCGID



more HMMs?
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HMMER output
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Alternatives to HMMER
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• HHblits

• alignment-based methods:
• BLAST, DIAMOND

• many-to-many alignments:
• MMseqs2



And what about rRNAs and tRNAs?
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• rRNAs are also done using HMMs

• tRNAs: 
• first find candidates with exact match 
• then take tRNA structure into account



And what about …?
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• what we didn’t look at:
• eukaryotic genes
• non-coding regions of interest, incl. CRISPR regions



Thanks for your attention!

a.u.s.heintzbuschart@uva.nl github.com/a-h-b                                           twitter.com/_a_h_b_
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