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CAZyme fold architecture is conserved between disparate 
environments despite extreme sequence divergence
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ABSTRACT Microbial carbohydrate-active enzymes (CAZymes) underpin carbon cycling 
across Earth’s ecosystems; however, how contrasting environments shape CAZyme 
diversity and structural conservation remains poorly understood. Here, we applied 
shotgun metagenomics to compare the carbohydrate-degradation potential of two 
functionally prolific but physicochemically opposed ecosystems: the alkaline-saline 
soda lakes of the East African Rift Valley and the anaerobic ruminant gut. From 
34 metagenomes (12 soda lake and 22 rumen), we recovered 371 quality-filtered 
metagenome-assembled genomes, of which 84% of soda lake and 52% of rumen 
MAGs represented novel species. Rumen communities, dominated by Bacteroidota, 
Fibrobacterota, and Bacillota, exhibited significantly higher taxonomic diversity and were 
enriched in carbohydrate catabolism and fermentation pathways. Soda lake communi­
ties, dominated by Pseudomonadota, displayed greater evolutionary divergence (lower 
RED scores) and were enriched in pH homeostasis, oxidative and osmotic stress, sulfur 
cycling, and carbon fixation pathways. To assess whether structural conservation persists 
despite extreme sequence divergence, we predicted three-dimensional structures for 12 
representative enzymes from six glycoside hydrolase families (GH1, GH3, GH5_11, GH9, 
GH10, and GH28) using AlphaFold 3. All 12 structures adopted canonical GH family folds 
with high confidence (pTM 0.75–0.97). These results demonstrate that environmental 
selection drives distinct taxonomic and functional strategies for carbon processing while 
preserving three-dimensional CAZyme architecture, positioning soda lake and rumen 
metagenomes as complementary reservoirs for bioprospecting industrially relevant 
enzymes.

IMPORTANCE Carbohydrate-active enzymes, or CAZymes, are the molecular machines 
that microorganisms use to break down plant material and other complex sugars, and 
they underpin both the global carbon cycle and many industrial processes, from biofuel 
production to food, feed, and textile manufacturing. In this study, we compared the 
CAZyme repertoires of two microbial worlds that could hardly be more different: the 
alkaline, salty soda lakes of the East African Rift Valley, and the anaerobic stomachs of 
cattle, sheep, and goats. We show that although these communities are taxonomically 
distinct and their enzyme sequences have diverged dramatically, the three-dimensional 
shapes of their key carbohydrate-degrading enzymes remain remarkably well preserved. 
Soda lakes, in particular, hold a large pool of previously uncharacterised enzymes, 
identifying them as a promising, largely untapped source of robust biocatalysts for 
sustainable biotechnology and industrial applications.

KEYWORDS shotgun metagenomics, soda lakes, rumen microbiome, biogeochemical 
cycles, carbon cycling, CAZymes, MAGs, microbial diversity

M icrobial life thrives in diverse environments, from chemically harsh ecosystems 
to highly specialized biological niches. Microbial metabolism is central to carbon 
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cycling. Beyond the primary productivity of carbon fixation, this process is fundamentally 
driven by enzyme-mediated depolymerization of polysaccharides, positioning 
carbohydrate-active enzymes (CAZymes) as central determinants of ecosystem function. 
Many ecosystems host dense and metabolically active microbial consortia, special­
ized in enzymatic transformations related to carbon cycling, fiber degradation, and 
energy production (1–5). This shared reliance on CAZyme-mediated carbon processing, 
despite contrasting environmental pressures, creates a powerful natural experiment to 
compare whether similar metabolic demands produce convergent enzymatic solutions 
or different selection pressures drive fundamentally different evolutionary strategies.

Soda lakes are unique poly-extreme environments characterized by high alkalinity 
(typically pH 9–11) and elevated salinity, offering a distinctive ecological niche for 
diverse microbial communities (6). These environments, found globally but especially 
abundant along the East African Rift Valley, harbor microorganisms capable of surviving 
and thriving under extreme conditions (7, 8). Extremophilic microbes in these environ­
ments also play essential, often uncharacterized, roles in global biogeochemical cycling. 
Ethiopian soda lakes, including Lakes Abijata, Chitu, and Shala, are renowned for their 
high primary productivity and diverse microbial communities, encompassing bacteria, 
archaea, and eukaryotes (7, 9, 10).

Parallel to these extreme but productive soda lake ecosystems, another biologically 
dense and metabolically dynamic microbial habitat exists: the rumen of ruminants. 
The rumen is a specialized digestive organ in ruminants like cattle, goats, and sheep, 
where microbial fermentation breaks down plant biomass into usable nutrients for the 
host animal (11). This fermentation process is not only vital for host nutrition but is 
also a critical component of the global carbon cycle, as methanogenic archaea in the 
rumen are a primary source of anthropogenic greenhouse gas emissions. The rumen is a 
warm (~39°C–40°C), slightly acidic (pH ~5.5–6.8), and anaerobic environment. The rumen 
microbiome is one of the most complex among the wide array of microbial ecosystems 
present on Earth (11, 12) and represents the largest characterized metagenomic source 
of carbohydrate-active enzymes (13). Because of this unparalleled efficiency in the 
degradation of complex plant polymers, we believe that the rumen microbiome can 
be regarded as a benchmark system for natural biomass conversion.

Despite their environmental differences, soda lakes and rumen face a similar 
biochemical challenge: the enzymatic degradation of complex carbohydrates; how­
ever, they do so under radically different physicochemical regimes. Comparing these 
systems, therefore, provides a powerful framework to evaluate whether similar metabolic 
outcomes are achieved through convergent enzyme repertoires or through fundamen­
tally different evolutionary strategies. In soda lakes, microbial communities rely on 
dissolved inorganic carbon, primarily bicarbonate and carbonate, as the basis for 
primary production. Photosynthetic microbes, particularly cyanobacteria, convert these 
compounds into organic biomass, while heterotrophic alkaliphiles metabolize dissolved 
organic carbon derived from decaying microbial mats and extracellular polymers (7, 
14, 15). In contrast, the rumen microbiome specializes in the anaerobic fermentation 
of plant-derived polysaccharides, including cellulose, hemicellulose, lignin, and starch. 
These polymers are broken down into volatile fatty acids (VFAs) such as acetate, 
propionate, and butyrate, which serve as the primary energy source for the host animal. 
The rumen microbiome’s enzymatic repertoire includes fibrolytic enzymes adapted to 
low-oxygen conditions, functioning through syntrophic interactions among bacteria, 
protozoa, and methanogens (5, 16).

Building on our previous functional metagenomic discovery of novel CAZymes from 
these soda lakes and characterization of an alkaline-adapted GH3 β-glucosidase (4, 17, 
18), we now apply shotgun metagenomics to move beyond individual enzyme discovery 
toward ecosystem-level comparison. While functional metagenomics excels at identify­
ing specific enzymes, it lacks the capacity to comprehensively characterize microbial 
community structure and ecosystem-level functionality (19–21). Shotgun metagenom­
ics overcomes these limitations by enabling simultaneous reconstruction of microbial 
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lineages, metabolic pathways, and enzyme repertoires, while also permitting genome-
resolved analyses of evolutionary features such as genome architecture and phyloge­
netic divergence (19, 22). We hypothesize that convergent metabolic demands are 
met through divergent evolutionary strategies: specifically, that soda lake communities 
achieve carbohydrate processing through adapting the extreme environment and evolve 
novel but structurally conserved CAZymes carried by a lower diversity of functionally 
versatile generalist lineages. However, the rumen achieves equivalent function through 
a higher diversity of specialist taxa deploying a more conserved enzymatic toolkit. 
To test this, we integrate metagenomics with CAZyme profiling, AlphaFold3 structure 
prediction, and Foldseek structural similarity analysis across samples from Ethiopian soda 
lakes and the ruminant microbiome.

MATERIALS AND METHODS

Sampling sites and collection procedures

Sediment samples were collected from three East African Rift Valley soda lakes: Lakes 
Abijata, Chitu, and Shala, as described in Jeilu et al. (18). Rumen content samples 
were aseptically collected from freshly slaughtered goats, cattle, and sheep at the 
Addis Ababa Abattoirs Enterprise. Immediately post-mortem, approximately 50 mL of 
rumen content was extracted from each animal using sterile instruments and trans­
ferred into sterile 50 mL Falcon tubes. Samples were immediately placed on ice and 
transported to the laboratory under cold chain conditions. All samples were processed 
within 24 h of collection to preserve microbial integrity. The pH of all samples was 
measured using a pH meter (OAKTON-pH110), and the salinity of soda lake samples was 
measured using a refractometer (HHTEC). Soda lake samples are identified by lake-spe­
cific prefixes: ABS/AS/ASP (Abijata), CHS/CW/CSP/CLP (Chitu), and SHL/SWL/SLP (Shala). 
Rumen samples are prefixed by host species initial (G = goat, C = cattle, and S = sheep).

DNA extraction

DNA from soda lake samples was extracted using the cetyltrimethylammonium bromide 
(CTAB)/sodium dodecyl sulfate (SDS) method, as described in a previous study (18). 
This protocol was optimized for high-yield and high-purity DNA recovery from environ­
mental samples collected from soda lakes. DNA extraction from rumen samples (goat, 
cattle, and sheep) was performed using the DNeasy PowerSoil Kit (QIAGEN), following 
the manufacturer’s instructions. Briefly, 0.25 g of each sample was transferred into a 
PowerBead Tube containing lysis buffer and subjected to bead beating using a vortex 
adapter. The supernatant was separated by centrifugation, and inhibitors were removed 
using Inhibitor Removal Technology (IRT) reagents. DNA was then bound to a silica 
membrane within a spin column, washed to remove contaminants, and eluted in 50 μL 
of TE buffer (pH 8.0). DNA quality and concentration were assessed using a NanoDrop 
spectrophotometer (Thermo Scientific) and agarose gel electrophoresis.

Shotgun metagenomic sequencing

Shotgun metagenomic sequencing was performed by Novogene using the Illumina 
platform (PE150 reads, paired-end 150 bp). Libraries were prepared according to 
Novogene’s metagenomics library preparation protocol to ensure high-quality sequenc­
ing output. Each sample was sequenced to a minimum depth of 5 gigabases (Gb). 
Quality control assessments ensured that the proportion of bases with a Q30 score 
(≥85%) was maintained to guarantee high sequencing accuracy. Raw sequencing 
reads underwent standard quality filtering, adapter trimming, and preprocessing before 
downstream bioinformatics analyses, as described below.
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Bioinformatics analysis

Raw sequencing reads were assessed using FastQC (23) to evaluate sequence qual­
ity. Adapters and low-quality bases were trimmed using Trimmomatic (24) with 
the parameters SLIDINGWINDOW:4:20 MINLEN:50. Contaminant sequences, includ­
ing human DNA and PhiX control DNA, were filtered using KneadData (https://
huttenhower.sph.harvard.edu/kneaddata/) under default parameters. Overrepresented 
sequences were identified and removed. A final quality check was conducted using 
FastQC, and summary reports were compiled using MultiQC (25). Sequencing coverage 
effort analysis was performed using Nonpareil v3.5.5 (26) to estimate microbial diversity 
and evaluate sequencing depth across samples.

Taxonomic profiling of metagenomic reads was conducted using MetaPhlAn4 (27), 
employing the Jun23_CHOCOPhlAnSGB_202307 database. The resulting taxonomic 
profiles were analyzed to assess microbial community composition and diversity indices.

The metagenomic reads were assembled into contigs using MEGAHIT v1.2.9 (28) 
with default parameters. Assembly quality was assessed using QUAST v5.2.0 (29). MAGs 
were reconstructed using MetaBAT 2 (30) by aligning reads to the assembled contigs 
using Bowtie2 v2.5.4 (31). BAM files were sorted and indexed using Samtools v1.20 
(32). The completeness and contamination of the assembled MAGs were assessed using 
CheckM v1.1.6 (33). MAGs were classified as high quality (completeness 90% or above, 
contamination 5% or below), medium quality (completeness 50% or above, contamina­
tion 10% or below), or low quality (below these thresholds). To remove redundancy from 
closely related MAGs recovered across multiple samples, the medium-to-high-quality 
MAGs were dereplicated using dRep v3.4.2 (34) at 95% average nucleotide identity 
(ANI), consistent with the species-level threshold. Only MAGs with ≥50% completeness 
and ≤10% contamination were retained for downstream analyses.

Taxonomic classification of MAGs was performed using GTDB-Tk v2.4.0 (35), with the 
most recent GTDB Release 220. In addition to taxonomic assignment, relative evolution­
ary divergence (RED) values were obtained from GTDB-Tk outputs and used to assess 
the evolutionary novelty of the reconstructed MAGs. A phylogenomic tree of MAGs was 
constructed using PhyloPhlAn v3.0 (36) with the GTDB-Tk reference tree as a backbone. 
GTDB-Tk places query genomes onto the pre-computed bacterial and archaeal reference 
tree using pplacer after identifying marker genes with HMMER; the resulting tree was 
then refined through PhyloPhlAn (36) and pruned to retain only the query MAGs.

Functional annotation was conducted using Prokka v1.14.5 (37) to identify cod­
ing sequences, rRNAs, and tRNAs. Carbohydrate-active enzymes (CAZymes) (38) were 
identified using dbCAN3, which integrates HMMER, DIAMOND, and dbCAN_sub for 
CAZyme classification.

Selection of CAZyme candidates for structural analysis

Six GH families with direct relevance to lignocellulose bioconversion were selected 
for structural prediction: GH1 and GH3 (β-glucosidases, rate-limiting saccharification 
step), GH5 subfamily 11 and GH9 (endoglucanases, cellulose backbone cleavage), 
GH10 (endo-xylanase, hemicellulose hydrolysis), and GH28 (polygalacturonase, pectin 
degradation). All six families were represented in both soda lake and rumen environ­
ments. For each family, the top-ranked candidate sequence from each environment 
was extracted from the full dbCAN-annotated CAZyme catalog, prioritizing the highest 
DIAMOND percent identity to a characterized CAZy reference and the strongest 
dbCAN annotation consensus (number of supporting tools: HMMER, DIAMOND, and 
dbCAN_sub).

Protein structure prediction

Three-dimensional protein structures were predicted for all 12 candidate sequences 
using the AlphaFold Server (https://alphafoldserver.com), which implements AlphaFold3 
(39), with full genetic database multiple sequence alignment generation. All predictions 
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were run using default server parameters with five model replicates per sequence. 
Prediction confidence was assessed using the predicted template modeling score (pTM), 
where scores >0.7 indicate high confidence in the overall fold topology, and the 
predicted local distance difference test (pLDDT), which estimates per-residue model 
accuracy on a scale of 0–100. Predicted structures were compared against the PDB100 
clustered structure database using Foldseek (40, 41). Structural similarity searches were 
performed using the local distance difference test (lddt) alignment metric with an 
e-value threshold of 0.001. The best-scoring hit per query structure was identified 
by selecting the maximum lddt score. Structural similarity was assessed using lddt, 
where scores >0.7 indicate high structural similarity and scores >0.5 indicate shared fold 
topology (41).

Structural superposition and active site annotation

Superposition of soda lake and rumen homologues within each GH family was per­
formed using PyMOL (v3.1) (40, 42) to calculate root mean square deviation (RMSD) 
of Cα atoms. Known catalytic residues were obtained from the CAZy 3D structure-func­
tion database and mapped onto predicted structures using structural superposition 
against characterized reference structures. For each GH family, the canonical catalytic 
residues (acid/base catalyst and nucleophile) were annotated, and conservation status 
was recorded as conserved (identical residue at the equivalent structural position) or 
substituted. Structure visualization was performed in PyMOL with cartoon representa­
tion colored by per-residue pLDDT confidence (blue >90, cyan 70–90, yellow 50–70, 
orange <50), catalytic residues shown as red sticks, and disordered regions (pLDDT < 50) 
hidden to highlight the structured core.

Statistical analysis and visualization

All downstream statistical analyses and visualizations were conducted in R v4.3.1 (43) 
using the vegan, phyloseq, ggplot2, ComplexHeatmap, and patchwork packages. Alpha 
diversity was quantified as observed species richness and Shannon diversity index 
(vegan package), with differences between environments assessed by Kruskal–Wallis 
rank-sum tests. Beta diversity was calculated using Bray–Curtis dissimilarity matrices 
(vegdist function, vegan), ordinated by principal coordinates analysis (PCoA; cmdscale) 
and non-metric multidimensional scaling (NMDS), and differences in community 
composition between environments were tested by permutational multivariate analysis 
of variance (PERMANOVA; adonis2, 999 permutations). Differences in MAG quality 
metrics, relative evolutionary divergence (RED) values, and average nucleotide identity 
(ANI) to closest GTDB reference genomes between environments were compared using 
Kruskal–Wallis tests. CAZyme diversity per MAG (class richness and Shannon index) 
and sequence identity distributions to characterized CAZy references were compared 
between soda lake and rumen MAGs using Kruskal–Wallis and Wilcoxon rank-sum tests, 
respectively. The phylogenomic tree was visualized as a circular cladogram using ggtree 
and treeio, with phylum-level annotations displayed as an outer ring (gheatmap). All 
P-values were considered significant at α = 0.05 unless otherwise stated.

RESULTS

Microbial community composition of soda lake and rumen environments

Shotgun metagenomics was performed on 34 samples from three Ethiopian soda 
lakes (Abijata, Chitu, and Shala; n = 12) and three ruminant species (goat, cattle, and 
sheep; n = 22). Taxonomic profiling using MetaPhlAn4 revealed divergent commun­
ity structure between the two environments (Fig. 1A). Soda lake communities were 
dominated by Proteobacteria with lesser contributions from Bacillota (Firmicutes) and 
Cyanobacteria. In contrast, rumen communities exhibited a markedly different profile 
dominated by Bacteroidota, Fibrobacteres, Bacillota (Firmicutes), and Lentisphaerae. At the 
genus level, Halomonas overwhelmingly dominated soda lake samples, with Nitrincola 
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and Limnospira as secondary contributors. Rumen communities were dominated by 
Fibrobacter, Prevotella, and Ruminococcus (Fig. 1B). A substantial fraction of reads 
remained unclassified in both environments (soda lake median: 89.5%; rumen median: 
80.2%; Fig. 1C). In addition, rumen samples exhibited significantly higher species-level 
alpha diversity than soda lake samples (Kruskal–Wallis P < 0.001 for both observed 
species and Shannon index; Fig. 1D). Beta-diversity analysis based on Bray–Curtis 
dissimilarity clearly separated soda lake and rumen microbiomes along the first two 
principal coordinates axes (PERMANOVA R² = 0.338, P = 0.001; Fig. 1E).

MAG recovery, novelty, and taxonomic composition

A total of 371 quality-filtered medium-to-high-quality MAGs (≥50% completeness, ≤10 
contamination) were retained after quality filtering with CheckM, comprising 164 from 
soda lakes and 207 from rumen samples (Fig. 2A). Of these, 34 MAGs (9.2%) met 
the stringent high-quality criteria (≥90% completeness, ≤5% contamination), including 
10 from soda lakes (6.1%) and 24 from rumen (11.6%). Soda lake MAGs exhibited 
a significantly lower median relative evolutionary divergence (RED) value (Fig. 2B). 
Average nucleotide identity (ANI) to the closest GTDB reference genome was compara­
ble between environments (soda lake median: 97.8%; rumen median: 96.6%; Fig. 2D). 
Taxonomic classification of MAGs using GTDB-Tk revealed striking differences in the 
proportion of novel lineages between the two ecosystems (Fig. 2E). Among soda lake 

FIG 1 Community composition of soda lake and rumen microbiomes. (A) Phylum-level composition per sample. (B) Top 30 genera heatmap (log10 relative 

abundance). (C) Proportion of unclassified reads. (D) Alpha diversity (Shannon index) comparison. (E) PCoA ordination based on Bray–Curtis dissimilarity.
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MAGs, 84.1% (138 of 164) represented novel species lacking classified representatives 
in GTDB Release 220, compared with 51.7% (107 of 207) for rumen MAGs. At the 
genus level, 4.3% of soda lake MAGs were novel compared with 0% in the rumen. 
The phylogenomic tree constructed from dereplicated MAGs (Fig. 3) revealed distinct 
taxonomic profiles for each ecosystem. Rumen MAGs were dominated by Bacteroidota, 
Bacillota, Verrucomicrobiota, and Fibrobacterota. Soda lake MAGs were enriched in 
Pseudomonadota, Bacillota, Bacteroidota, and Actinomycetota (Fig. 2F). In rumen sources, 
the most frequently recovered classified species included Fibrobacter sp. and Crypto­
bacteroides sp. In soda lake sources, the most frequently recovered species included 
Aliidiomarina sp., Natronospirillum sp., and Rhodohalobacter sp. (Fig. 2G).

FIG 2 MAG quality, novelty, and taxonomic composition. (A) CheckM2 quality assessment (completeness vs. contamination). (B) RED distribution by environ­

ment. (C) RED vs. contamination. (D) ANI to the closest GTDB reference genome. (E) Taxonomic novelty by rank. (F) Phylum composition of MAGs by environment. 

(G) Top 20 most abundant species.
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Functional potential of the metagenome-assembled genomes (MAGs)

Prokka-based gene annotation of MAGs and Fisher’s exact test with Benjamini–Hoch­
berg (BH) adjustment across 29 manually curated pathways spanning nine functional 
groups revealed clear niche-specific functional signatures (Fig. 4). Soda lake MAGs were 
significantly enriched in pH homeostasis genes (Mrp Na+/H+ antiporter), oxidative stress 
defenses (KatG catalase-peroxidase, SOD superoxide dismutase), osmotic stress response 
(ectoine biosynthesis, glycine betaine synthesis, Kdp K+ ATPase), sulfur cycling (Sox 
thiosulfate oxidation, Apr sulfite oxidation), carbon fixation (RuBisCO), and nitrogen 
cycling (NosZ, urease). Rumen MAGs, in contrast, showed significantly higher prevalence 
of carbohydrate catabolism pathways (SusCD polysaccharide utilization, BglB β-glucosi­
dase, xylose utilization, and glycogen phosphorylase), and fermentation genes (AckA 
acetate production and PccB propionate pathway), consistent with their specialized role 
in plant fiber degradation (Fig. 4).

Carbohydrate-active enzyme diversity and sequence novelty

Carbohydrate-active enzyme (CAZyme) annotation yielded 26,541 predictions that were 
classified into functional classes: glycoside hydrolases (GH), glycosyltransferases (GT), 
polysaccharide lyases (PL), carbohydrate esterases (CE), auxiliary activities (AA), and 
carbohydrate-binding modules (CBM: Fig. 5). CAZyme richness positively correlated with 
MAG completeness (Fig. 5A; Spearman ρ = 0.225, P = 1.29 × 10⁻⁵). Among the classes, 
glycoside hydrolases (GH) and glycosyltransferases (GT) showed higher abundances in 
both soda lake and rumen ecosystems. CAZyme richness (Fig. 5C and D) was significantly 
higher in rumen samples (median 47) than in soda lakes. Sequence identity analysis via 
DIAMOND search against the CAZy database (Fig. 5E) showed that soda lake CAZymes 

FIG 3 Circular phylogenomic tree of 245 dereplicated MAGs. Tips are colored by sample source (soda lakes: Abijata, Chitu, and Shala; rumen: cattle, goat, and 

sheep). The outer ring indicates phylum assignment from GTDB-Tk classification. Shape denotes environment (circle = soda lake, triangle = rumen).
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had a broader distribution shifted toward lower sequence identity compared to rumen 
CAZymes.

Glycoside hydrolase family repertoire and taxonomic contributors

Analysis of 14 key glycoside hydrolase (GH) families (GH1, GH2, GH3, GH5, GH9, GH10, 
GH13, GH18, GH23, GH26, GH28, GH31, GH43, and GH103) revealed distinct taxonomic 
and environmental patterns (Fig. 6). GH families showed separation between rumen and 
soda lake contributors. Rumen-associated genera, including Fibrobacter, Prevotella, and 
Ruminococcus, contributed the highest numbers of GH genes, particularly from families 
GH5, GH9, and GH10. Within rumen MAGs, Fibrobacter sp. accounted for the majority of 
GH5, GH9, and GH10 genes. Across environments, certain families (GH1, GH2, and GH3) 
were distributed among diverse taxa, while others (GH9 and GH10) were concentrated 
in fewer genera. In soda lakes, genera such as Aliidiomarina, Rhodohalobacter, Marinospir­
illum, and Alkalibacterium were the primary contributors, with GH23, GH103, GH13, and 
GH1 being the most abundant families (Fig. 6).

FIG 4 Functional pathway prevalence heatmap. Prevalence (percentage of MAGs carrying each pathway gene) displayed per sample source for soda lake and 

rumen Prokka-annotated MAGs across 29 metabolic pathways grouped into nine categories: pH homeostasis, oxidative stress, osmotic stress, sulfur cycling, 

carbon fixation, nitrogen cycling, carbohydrate catabolism, fermentation, and metal resistance. Enrichment assessed by Fisher’s exact test with BH correction.
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Structural prediction and fold conservation

To investigate structural conservation of sequence-divergent CAZymes, we selected 12 
representative proteins from six GH families (GH1, GH3, GH5_11, GH9, GH10, and GH28), 
one from each environment per family, and predicted their three-dimensional struc­
tures using AlphaFold3 (Table 1, Fig. 7). These candidates were drawn from taxonom­
ically distinct MAGs with no phylum-level overlap between environments. Soda lake 
proteins originated from Pseudomonadota (Roseinatronobacter sp., Pararhodobacter sp.), 
Cyanobacteriota (Limnospira fusiformis), and Bacteroidota (CSBr16-58, Aquiflexum sp.), 
while rumen homologs were encoded by Bacillota (Scatonaster sp.), Fibrobacterota 
(Fibrobacter spp.), Verrucomicrobiota (UBA1067 sp.), and Bacteroidota (Prevotella sp.). 
These candidates spanned a wide range of sequence identities to characterize CAZy 
references (DIAMOND percent identity: 50.9%–100.0%). All 12 structures were predicted 

FIG 5 Carbohydrate-active enzyme diversity and novelty. (A) Correlation between MAG completeness and per-MAG CAZyme richness. (B) CAZyme class 

distribution across samples, showing relative contributions of GH, GT, PL, CE, AA, and CBM. (C) Per-MAG CAZyme richness, comparing soda lake and rumen 

environments. (D) Shannon diversity of CAZyme class composition per MAG. (E) DIAMOND identity density distribution showing sequence divergence of 

CAZymes from known references.
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with high confidence (Table 1). Foldseek structural similarity searches against PDB100 
revealed the extent of structural novelty in these enzymes. For 9 of 12 candidates, the 
closest whole-structure match in PDB100 was a genuine CAZyme from the same or a 
related GH family, confirming correct fold assignment. Active site analysis confirmed that 
catalytic residues were identified and conserved in 11 of 12 candidates. GH1 enzymes 
retained the Glu-Glu pair; GH3 the Lys/Asp catalytic dyad, and GH9 enzymes maintained 
the Asp-Asp-Asp catalytic triad (Table 1).

DISCUSSION

Here, we compared the carbohydrate-degradation potential of two contrasting ecosys­
tems, the Ethiopian soda lakes (alkaline, saline) and ruminant guts (anaerobic), using 
shotgun metagenomics, MAG recovery, CAZyme annotation, and AlphaFold3 structure 
prediction for 12 representative GH enzymes from six families. The goal was to assess 
whether structural and functional conservation of CAZymes persists despite extreme 
taxonomic and sequence divergence between these environments. Furthermore, the 
rumen microbiome represents the largest characterized metagenomic source of 
carbohydrate-active enzymes, and its unparalleled efficiency in degrading complex plant 
polymers positions it as a natural benchmark for biomass conversion. Soda lakes, despite 
their extreme alkalinity and salinity, sustain remarkably productive microbial communi­
ties with largely untapped enzymatic repertoires. Comparing the CAZyme profiles and 
functional potential of these two contrasting yet highly active ecosystems thus offers a 
unique opportunity to identify novel enzymes suited for biotechnological applications 
under industrially relevant conditions.

The microbial communities in the rumen and soda lakes exhibited distinct taxonomic 
profiles and diversity patterns that are likely shaped by their contrasting ecological roles 
and environmental conditions. Rumen samples displayed significantly higher microbial 

FIG 6 Glycoside hydrolase family repertoire across top genera and environments. Heatmap showing gene counts for 15 GH families (GH1, GH2, GH3, GH5, GH9, 

GH10, GH13, GH18, GH23, GH26, GH28, GH31, GH43, and GH103) across the top genera, split by environment (soda lakes vs. rumen). Tile size and color intensity 

reflect gene abundance.
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diversity compared to soda lake samples, consistent with the rumen’s function as a 
complex, cooperative digestive system where microbial consortia work synergistically to 
degrade plant material (44, 45). Beta-diversity analysis using principal coordinates 
analysis (PCoA) based on Bray-Curtis dissimilarity revealed a strong separation between 
rumen and soda lake microbiomes (PERMANOVA P = 0.001), confirming that microbial 
composition is primarily driven by environmental selection (46, 47).

One notable finding, consistent with our previous studies of Ethiopian soda lakes, was 
the striking discordance between read-level taxonomy and genome recovery for 
Halomonas. Despite its overwhelming dominance in MetaPhlAn4 profiles, Halomonas 
was not proportionally represented among the recovered MAGs. This likely reflects 
strain-level microdiversity causing assembly fragmentation, a well-recognized challenge 
in metagenomics whereby highly abundant organisms harboring numerous closely 
related strains produce chimeric contigs that resist binning into discrete genomic entities 
(48). This result underscores the importance of integrating read-based taxonomic 
profiling with genome-resolved metagenomics when studying under-characterized 
environments, as each approach captures complementary dimensions of community 
structure and function that the other misses.

Previous studies on the microbial composition and enzymatic potential of Ethiopia’s 
soda lakes have primarily relied on culture-dependent approaches, which capture only a 
limited subset of microbial diversity and functional capacity. Culture-independent 
surveys subsequently broadened this picture (9, 10), and our own recent amplicon-based 
studies showed that Ethiopian soda lakes harbor some of the highest prokaryotic and 
eukaryotic diversity recorded among extreme ecosystems. In line with this, comprehen­
sive reviews of soda lake microbiology across the globe have established these 

TABLE 1 AlphaFold3 structural predictions, dbCAN/DIAMOND CAZyme annotations, active-site conservation, and Foldseek PDB100 structural similarity for 12 
representative CAZymes from soda lake and rumen metagenomesa

GH family Env. Source organism 
(phylum)

Diamond 
%ID

pTM Mean 
pLDDT

Catalytic
residues

Active
site pLDDT

Top foldseek PDB hit Lddt

GH1 Soda lake Roseinatronobacter 
(Pseudomonadota)

97.5 0.97 98.5 Glu170, Glu354 99.0, 99.0 2J75 GH1 β-glucosidase (T. 
maritima)

0.86

GH1 Rumen Scatonaster (Bacillota) 84.3 0.96 96.6 Glu164, Glu356 98.1, 98.7 4BCE GH1 β-glycosidase (P. 
polymyxa)

0.79

GH3 Soda lake Limnospira (Cyanobac­
teriota)

100.0 0.94 92.6 Lys183, Asp344 97.6, 65.0 3SQL GH31 glycosidase 
(Synechococcus sp.)

0.84

GH3 Rumen Fibrobacter (Fibrobac­
terota)

98.2 0.93 92.5 Lys272, Asp584 98.8, 97.3 5XXN GH3 β-glucosidase 
(Fibrobacter sp.)

0.69

GH5_11 Soda lake CSBr16-58 (Bacteroi­
dota)

50.9 0.90 96.8 Variant N/A 1WKA Val-tRNA synthetase (T. 
thermophilus)*

0.84

GH5_11 Rumen UBA1067 (Verrucomi­
crobiota)

52.9 0.75 93.5 Glu189 90.4 1GAX Val-tRNA synthetase (T. 
thermophilus)*

0.84

GH9 Soda lake Limnospira (Cyanobac­
teriota)

100.0 0.93 94.3 Asp268, Asp269, 
Asp270

98.8, 98.5, 
98.6

3X17 GH9 endoglucanase 
(metagenome)

0.66

GH9 Rumen Fibrobacter (Fibrobac­
terota)

99.5 0.88 92.6 Asp250, Asp255, 
Asp256

97.3, 97.9, 
97.4

6DHT GH9 endoglucanase 
(Ruminiclostridium)

0.78

GH10 Soda lake Aquiflexum (Bacteroi­
dota)

71.2 0.86 89.1 Glu189, Glu331 98.7, 98.0 4K68 GH10 xylanase (metage­
nome)

0.85

GH10 Rumen Fibrobacter (Fibrobac­
terota)

99.1 0.84 90.0 Glu337, Glu522 97.4, 97.0 7D88 GH10 xylanase (Bacillus sp. 
KW1)

0.73

GH28 Soda lake Pararhodobacter 
(Pseudomonadota)

67.2 0.76 75.3 His209, Ser210, 
Asp211

58.0, 53.4, 
47.8

5EJK RSV integrase (H. sapiens)* 0.59

GH28 Rumen Prevotella (Bacteroi­
dota)

94.7 0.95 95.6 Asp220, Asp221, 
Asp357

96.1, 98.0, 
98.0

3JUR GH28 exoPGase 
(Bacteroides sp.)

0.67

aThe Foldseek column shows the closest whole-structure match in PDB100; 9 of 12 proteins matched genuine CAZymes; the three non-CAZyme matches (GH5_11, soda 
GH28, marked with *) share ancestral fold scaffolds. Source organisms of PDB hits are shown in parentheses.
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ecosystems as globally significant biodiversity hotspots (6, 14, 49). A recent biogeo­
graphic analysis of 51 soda lake metagenomes across four continents identified 1,217 
region-specific taxa (50), positioning Ethiopian lakes as a particularly under-explored 
fraction of this global diversity. Moreover, although several studies have characterized 
polysaccharide-degrading enzymes from global soda lakes, including cellulases, 
hemicellulases, and chitinases (51–53), genome-resolved, structurally validated CAZyme 

FIG 7 AlphaFold3-predicted structures of twelve CAZyme candidates. Models are colored by per-residue 

pLDDT confidence (blue >90, cyan 70–90, yellow 50–70, orange <50); catalytic residues are shown as 

red sticks and labeled. Columns correspond to the environment (left: Soda lake; right: Rumen) and rows 

to the glycoside hydrolase family. (A) GH1, soda lake; (B) GH1, rumen; (C) GH3, soda lake; (D) GH3, 

rumen; (E) GH5₁₁, soda lake; (F) GH5₁₁, rumen; (G) GH9, soda lake; (H) GH9, rumen; (I) GH10, soda lake; 

(J) GH10, rumen; (K) GH28, soda lake; and (L) GH28, rumen. All predictions used AlphaFold3 with default 

parameters; per-model metrics (pTM, mean pLDDT, fraction disordered) are reported in Table 1.
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catalogs from Ethiopian soda lakes have been lacking. The present study begins to close 
that gap by coupling MAG recovery with AlphaFold3-based structural prediction of 
candidate enzymes.

The substantial proportion of unclassified microbial reads and the broader RED 
distribution observed in soda lake MAGs underscore the presence of novel, evolutionar­
ily distinct microbial lineages in these environments. This finding aligns with studies 
indicating that soda lakes harbor diverse microbial communities with a significant 
fraction of unclassified taxa (54, 55). In contrast, the rumen microbiome exhibits a more 
constrained RED range, reflecting a higher degree of relatedness to known microbial 
taxa, consistent with its well-characterized nature and functional specialization in plant 
polysaccharide degradation (13, 56). This pattern suggests that soda lakes serve as 
evolutionary hotspots for microbial novelty, while the rumen microbiome maintains 
functional stability through conserved microbial lineages. Complementary enrichment-
based approaches could further enhance the recovery of rare but functionally important 
taxa from these environments; our previous amplicon-based study of Ethiopian soda 
lakes (18) demonstrated the potential of selective enrichment cultures for capturing 
cultivable diversity not detected by direct sequencing alone. Recent studies combin­
ing enrichment with environmental analysis of airborne microbial communities (57) 
have strengthened the value of integrating culture-dependent and culture-independent 
strategies, although with the caveat that enrichment inherently biases recovery toward 
cultivable lineages.

The rumen microbiome was dominated by Bacteroidota, Fibrobacterota, and Bacillota 
(Firmicutes) at the phylum level (Fig. 1A), and Fibrobacter, Cryptobacteroides, and 
Prevotella at the genus level (Fig. 2G). Among the key glycoside hydrolase families, 
Fibrobacter and Prevotella were the principal contributors to GH5, GH9, and GH10 
repertoires, accounting for the majority of cellulase and xylanase genes in the rumen 
(Fig. 5). These taxa are known for their ability to break down complex carbohydrates 
derived from plant material, contributing to host nutrition and energy production 
through fermentation processes (58–61). Fibrobacter, being a primary cellulose degrader, 
and Prevotella contribute significantly to hemicellulose breakdown and overall carbo­
hydrate metabolism (62–65). In contrast, soda lake communities were dominated by 
Pseudomonadota, with lesser contributions from Bacillota (Firmicutes) and Cyanobacter­
iota (Fig. 1A), a taxonomic architecture consistent with previous characterizations of 
East African soda lake microbiomes (7, 49, 66). The most frequently recovered soda lake 
genera, Aliidiomarina, Rhodohalobacter, Marinospirillum, and Alkalibacterium (Fig. 2G), are 
characterized by their adaptations to hypersaline and alkaline conditions (67–70). These 
taxa were also responsible for a functionally distinct set of GH families, including GH23 
(lysozyme), GH103 (lytic transglycosylase), GH13 (α-amylase), and GH1 (β-glucosidase) 
(Fig. 6). This distributional pattern underscores how different ecological niches select for 
different carbohydrate-processing strategies and taxonomic distributions.

Another striking result we found was that soda lake MAGs were notably enriched 
in genes encoding proteins for metabolic processes required for survival in extreme 
conditions (71–74). Our expanded pathway screening across 29 gene sets and 9 
functional groups (Fig. 4) confirmed and extended these findings. Soda lake MAGs were 
significantly enriched in pH homeostasis machinery (Mrp Na+/H+ antiporter, present in 
65%–88% of soda lake MAGs versus ≤ 5% in rumen), oxidative stress defenses (KatG 
catalase-peroxidase, SOD superoxide dismutase), osmolyte biosynthesis (ectoine, glycine 
betaine), sulfur cycling (Sox thiosulfate oxidation, Apr sulfite oxidation), carbon fixation 
(RuBisCO), nitrogen cycling (NosZ, urease), and arsenate resistance (ArsC). In contrast, 
rumen MAGs showed significantly higher prevalence of carbohydrate catabolism genes 
(SusCD polysaccharide utilization, GlgP glycogen phosphorylase, xylose utilization) and 
short-chain fatty acid fermentation pathways (AckA acetate production, PccB propionate 
pathway), reflecting the rumen’s specialized role as a plant-fiber fermentation chamber 
(75).
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The structural analysis showed the conservation of protein fold architecture across 
taxonomically unrelated MAGs from soda lakes and rumen. All 12 AlphaFold3-predicted 
structures adopted canonical GH family folds with high confidence (pTM0.75–0.97) (76), 
and Foldseek structural comparison confirmed that 9 of 12 predictions matched genuine 
CAZymes of the same or closely related GH family in the PDB100 database (Table 1; 
Fig. 7). In addition, despite the differences in the environments, the predicted structures 
were consistent with the principle that TIM-barrel (GH1, GH5, and GH10) and parallel 
β-helix (GH28) folding (77–79). Active-site residues were conserved in 23 of 26 annota­
ted positions, with per-residue pLDDT scores of 65–99 at catalytic sites across eleven 
structures. GH1 enzymes retained the expected Glu acid/base and Glu nucleophile pair 
required for retaining mechanism catalysis (79); GH3 enzymes conserved the Lys/Asp 
catalytic dyad (80); GH9 enzymes maintained the Asp-Asp-Asp catalytic triad (81); GH10 
enzymes retained the Glu acid/base catalyst and Glu nucleophile (82); and the rumen 
GH28 candidate conserved the three-aspartate catalytic triad (83) (Asp220, Asp221, and 
Asp357) characteristic of the inverting mechanism. However, in our active site annota­
tion, the soda lake GH28 pectinase exhibited among the lowest confidence scores (pTM 
0.76, Foldseek LDDT 0.595, active-site pLDDT 47.8–58.0) and substitutions at two of three 
canonical catalytic positions (His209 and Ser210 replacing the canonical Asp–Asp motif ), 
suggesting that this might be a novel catalytic mechanism and the soda lake GH5_11 
endoglucanase lacked the canonical catalytic glutamate retained by its rumen homolog 
(Glu189).

We picked the six GH families, GH1, GH3, GH5, GH9, GH10, and GH28, for structural 
prediction because of their established roles in lignocellulosic biomass degradation, 
collectively covering the hydrolysis of cellulose, hemicellulose, and pectin. The recovery 
of structurally conserved, catalytically intact representatives from both haloalkaliphilic 
soda lake and rumen metagenomes highlights the potential of extremophile-derived 
CAZymes as industrial biocatalysts capable of operating under elevated temperature, 
non-neutral pH, high ionic strength, and product inhibition (84, 85). Our recent 
characterization of the soda lake GH3 β-glucosidase CelGH3_f17, which exhibits optimal 
activity at pH 8.5, retains activity at 4 M NaCl, and is glucose-stimulated up to 300 mM, 
exemplifies how such extremophilic enzymes can address key bottlenecks in biomass 
saccharification (17). The structural predictions reported here demonstrate that the 
catalytic architecture underlying this functionality is preserved at the three-dimensional 
level even across taxonomically unrelated donors. Heterologous expression, biochemi­
cal characterization, and directed evolution of the most promising candidates will be 
essential to translate these predictions into verified biotechnological tools, positioning 
soda lake and rumen metagenomes as complementary and largely untapped reservoirs 
of industrially relevant CAZyme diversity.

Conclusion

This study provides the first integrated comparison of carbohydrate-degradation 
potential between Ethiopian soda lake and ruminant gut metagenomes, combining 
genome-resolved metagenomics with AlphaFold3 structural prediction. From 371 
quality-filtered MAGs, we show that the rumen microbiome functions as a special­
ized, high-diversity fiber-degradation system dominated by Bacteroidota and Fibrobac­
terota, whereas soda lake communities harbor greater evolutionary novelty and are 
enriched in extremophile-specific stress response and biogeochemical cycling path­
ways. All predicted structures adopted canonical folds with high confidence (pTM 
0.75–0.97) and conserved catalytic residues in 23 of 26 active-site positions, demonstrat­
ing that three-dimensional enzyme architecture is maintained across radically differ-
ent environments and taxonomic lineages. These findings, together with our recent 
characterization of the alkaline-, salt-, and glucose-tolerant soda lake GH3 β-glucosidase 
CelGH3_f17, establish soda lake and rumen metagenomes as complementary reser­
voirs of industrially relevant CAZyme diversity. Heterologous expression, biochemical 
characterization, and directed evolution of the most promising candidates identified 
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here will be the next essential steps toward translating these structural predictions 
into verified biotechnological tools for biomass conversion under extreme industrial 
conditions.
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