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Abstract

Beer fermentation represents a controlled microbial ecosystem with direct impacts on food
production and flavor chemistry. Saccharomyces beer yeasts are well-known for their diverse
sensory contributions to beer, with hundreds of available commercial strains. However,
accurate and cost-effective strain-level identification of beer yeasts and their differences with
respect to fermentation performance remain a challenge. Here, we present a workflow
identifying beer yeast at the strain level using comparative transcriptomics and a rule-based
machine learning classifier trained on fermentation-relevant gene expression. Although we
trained on a small sample set, we show that this methodology displays robustness to
differences in fermentation temperature and growth media.
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Background

Beer represents one of humanity’s oldest managed microbial ecosystems, with yeast
fermentation performance being key to flavor development and microbial community control
primarily through the production of ethanol and lactic acid [1,2] Commercial beer yeast
strains are ultimately defined by metabolic pathways relevant to beer flavor and fermentation
performance, and disambiguation of beer yeast at the strain-level using genetic methods
continues to be a significant challenge [2]. Previous work has demonstrated efficacy of
comparative transcriptomics methods in differentiating broadly between beer and lager yeast
grown in laboratory conditions [3].

“Simple patterns in gene expression relevant to fermentation accurately classify related beer
yeast at the strain-level across varying growth conditions.”
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Methods

Data Acquisition and Generation

e RNA-seq data was obtained from the SRA for eight yeast strains (four lager, four ale)
cultured at 15°C and 20°C on YPD media. Two additional lager strain datasets were
reserved as holdout test data.

e A production sample was obtained from a Marzen-style lager brewed at Indian Ladder Farms
Cidery & Brewery (Altamont, NY) using Fermentis SafLager™ W-34/70 (Saaz-type) dry
yeast. Yeast was harvested 48-hours post-pitch, processed, and sequenced in technical
triplicate on the DNBseq platform (150bp paired-end reads).

Transcriptome Assembly and Annotation

e Following quality and contamination filtering, separate ale and lager pantranscriptomes were
assembled using Trinity with data from Behr et al. 2020.

e Transcripts were annotated using Transdecoder and further refined with our custom
CerevisiAnnotate workflow, which:
o Disambiguated Trinity genes with competing functional annotations
o Enhanced context where reference strain S288C annotations were utilized

Strain Classification Model

e Read counts for fermentation-relevant genes were used to train strain-specific Top Scoring
Pairs models using the multiclassPairs R package.

e The classifier was validated using holdout test data including CBS1538 (Frohberg-type, not
used in training) and one W34/70 sample.

Transcriptome Assembly and Annotation

® |Initial Trinity+Transdecoder assembly and draft annotation returned >20,000 sequence
records with a UniProt annotation for each pantranscriptome.
e CerevisiAnnotate consolidated contradictory protein annotations into single representative

records per gene based on frequency, length and alignment score.

e The majority of final annotations in both ale and lager pantranscriptomes mapped to S288C
reference-strain homologs. A smaller subset retained original UniProt annotations with
ordered locus names, indicating high-quality reference alignments.
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Results
Pantranscriptome Annotation Metrics Before and After Refinement with CerevisiAnnotate
Pan- Sequence Unambiguous |Collapsed Original Strain S288C Homolog
Transcriptome Records witha |Annotations Annotations Annotations Output | Annotations
Annotation UniProt (Transdecoder) |[(CerevisiAnnotate) Output
Annotation
Ale Yeasts 23,329 12,248 2,460 1,132 13,518
(German Wheat,
Kolsch Ale, English Ale,
American Ale)
Lager Yeasts 21,532 7,265 2,849 1,016 9,030
(W34/70, W66/70,
CBS1503, CBS1513)
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Classifier Performance

® The strain-specific classifier successfully categorized all samples using 5-15 discriminatory
rules per strain in both training (not shown) and testing data (left panel).

e Visualization shows rule application across samples: black boxes indicate rules met, white
boxes indicate rules not satisfied.

® Frohberg-type strain (CBS1503, CBS1513) classification relied heavily on rules involving in
fusel alcohol production, flocculation, and thiol production.

e Frohberg-type strains required more discriminatory rules than Saaz-type strains (W34/70,
W66/70).

e Some rules utilized alternative transcript assemblies of the same gene.

e When applied to independent samples (right panel):
o All W34/70 production samples were correctly classified
o (CBS1538* (a Frohberg-type strain not used in training) was appropriately classified

with its genetic relative CBS1503

Limitations and Future Directions

e The current study trained on a limited number of samples, and model overfitting is
inevitable with the current data.

® Brewery samples were collected in technical triplicate.

® \arious yeast strain families including Kveik yeast, saison yeasts, and genetically modified
/ hybrid lager strains are not included in the current model.

e Future work includes expanding the model to additional beer yeast strain families,
collecting additional biological and technical replicates, and comparing model outputs on
bioprospected / GMO strains to other yeast performance assays.
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