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Abstract (up to 350 words) 

Ruminant methane emissions account for approximately 14.5% of anthropogenic greenhouse gas 

emissions, underscoring the need for microbiome-targeted mitigation strategies that preserve 

fermentation efficiency. This in vitro rumen fermentation study evaluated garlic oil (GO; 0.03% v/v), 

rubber seed oil (RO; 2–6% substrate v/v), and their combination (GORO) on fermentation, 

methanogenesis, and microbial ecology using 16S rRNA gene sequencing and PICRUSt2 functional 

predictions (n=5 replicates/treatment). The GO and GORO treatments reduced methane yield by ~50% 

(3.21–3.66 mL vs. 6.54–7.11 mL in control (CON)/RO; p < 0.001) and decreased the dry matter 

digestibility (64.1–66.8% vs. 68.5–70.7%; p < 0.001). Volatile fatty acid (VFA) profiles shifted 

toward propionate (21.2–21.6 vs. 19.6–19.9 mol/100 mol; p < 0.001), and reduced the acetate to 

propionate ratios (2.72–2.77 vs. 3.12–3.19; p < 0.001), while total VFA remained unchanged (p = 

0.08). Microbial analyses revealed that GO induced alpha diversity loss (Chao1: 865 vs. 1,257 in 

CON; p < 0.05), but GORO restored richness (Chao1:1,256) and enriched cellulolytics 

(Ruminococcus 8.2% vs. 2.1%; Fibrobacter 1.9% vs. 0.45%). For GO, methanogenesis suppression 

was associated with a 76% decline in Methanobrevibacter (p < 0.001) and a 5.6–fold rise in 

Selenomonas (p < 0.001). Functional predictions showed GO upregulated methylmalonyl-CoA 

decarboxylase, and GORO restored endo-1,4-β-xylanase activity. Random Forest classification 

identified Selenomonas as the top biomarker, and network analysis linked Clostridium to 

methanogenesis (ρ = 0.85 with CH4; p < 0.001). These findings support the use of phytogenic oils 

as biotechnological tools to redirect hydrogen toward sustainable pathways while preserving 

microbial ecosystem stability. 

Keywords: Methane mitigation; Garlic oil; Rubber seed oil; Rumen microbiome; Metabolic 

reprogramming; Microbial biomarkers 
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Introduction 

Enteric methane emissions from ruminants account for approximately 14.5% of global greenhouse 

gas emissions and cause energy losses of up to 12% of gross intake (1, 2). Developing mitigation 

strategies for methane emissions that do not compromise productivity or rumen health is a primary 

priority. 

Research on mitigating methane emissions has primarily focused on dietary interventions, feed 

additives, vaccines, and selective breeding (3-5). Among natural alternatives, essential oils (EOs) 

are promising because of their antimicrobial properties and their ability to alter rumen fermentation, 

decrease methane emissions, and enhance nutrient utilization (6-8).  

This study investigates plant–derived oil that exhibits distinct bioactive profiles, such as garlic oil 

(GO), which is abundant in organosulfur compounds, inhibits methanogens and protozoa, diminishes 

methane emissions, and alters volatile fatty acid (VFA) profiles; however, it is noteworthy that high 

dosages may adversely affect fiber digestion and microbial diversity (9-11). 

Rubber seed oil (RO), extracted from Hevea brasiliensis, is abundant in polyunsaturated fatty acids 

(PUFAs), including linoleic acid (C18:2) and α-linolenic acid (C18:3), which constitute up to 50-

60% of its fatty acid profile and can enhance the nutritional quality of associated products (12, 13). 

PUFAs from plant oils have been shown to modulate rumen fermentation by serving as alternative 

hydrogen sinks during biohydrogenation, exerting direct antimicrobial effects on methanogenic 

archaea and protozoa, and shifting VFA production toward propionate, which can reduce methane 

output (14, 15). While RO has demonstrated improvements in nutrient digestibility and rumen fatty 

acid profiles in dairy cows(13, 16), its direct influence on rumen fermentation and methane 

generation, especially when combined with other bioactive compounds, is poorly understood. 

Integrating diverse bioactive constituents to explore potential synergistic or antagonistic effects is a 
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validated and strategic approach to overcoming these challenges and enhancing overall treatment 

efficacy and stability. 

We hypothesized that (1) GO would reduce methane emission by inhibiting methanogens and 

protozoa, (2) RO would independently reduce methane emissions through biohydrogenation of its 

PUFAs and modulation of rumen microbes, though its standalone effects may be limited compared 

to more targeted antimicrobials; and (3) the combination of GO and RO would synergistically lower 

methane emissions by combining organosulfur inhibition with PUFA mediated biohydrogenation, 

potentially at lower doses to minimize adverse effects on rumen function. To test these hypotheses, 

we conducted an integrated in vitro fermentation experiment and performed fermentation parameter 

analyses, microbial quantification, and 16S rRNA gene sequencing to explore the individual and 

combined effects of these treatments and identify microbial taxa and predicted functional pathways 

associated with methane reduction.  

 

Materials and Methods 

Experimental design and treatments 

An in vitro rumen fermentation experiment was conducted to evaluate the effects of GO and RO, 

both individually and in combination, on fermentation characteristics and microbial community 

dynamics. Eight dietary treatments were evaluated: a control group (CON) with no additives, RO 

added at 2%, 4%, and 6% v/v ( RO2, RO4, and RO6, respectively), GO at 0.03% v/v, and combined 

treatments of GO with RO at each of the  RO levels (GORO2, GORO4, and GORO, respectively). 

The GO concentration was selected based on preliminary studies and literature reports indicating 

optimal anti-methanogenic activity without complete fermentation inhibition (10, 17, 18). RO 

concentrations were selected based on practical supplementation levels for lipid-rich oils in ruminant 

nutrition, enabling dose-dependent evaluation without adverse effects on palatability or health. This 

range aligns with in vitro studies on vegetable oils for methane mitigation, where minimum effective 
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concentrations for reductions in methanogenesis and VFA shifts start at ~2%, with stronger effects 

at 4-6% (13, 19-21) that would not negatively impact feed palatability or animal health performance. 

Rumen fluid collection and preparation 

Rumen fluid was collected from three Hanwoo cows at the Nonghyup Co., Ltd. research farm, 

located about 30 min from our lab. The procedures were approved by the Institutional Animal Care 

and Use Committee (IACUC) at Chung-Ang University (202401030036) and followed all ethical 

standards outlined in the IACUC's animal welfare guidelines. The cows were fasted for 12 h before 

collecting rumen fluid to ensure consistent baseline conditions. Rumen fluid was obtained using a 

vacuum pump system, stored in an airtight, insulated container prefilled with 99.999% CO2, and 

directly transported to the laboratory within 30 min. 

In vitro fermentation procedure 

In vitro fermentation was conducted according to the method described by Goering and Van Soest 

(22). Briefly, upon arrival at the laboratory, the rumen fluid was filtered through two layers of 

cheesecloth to remove particulate impurities and then combined with buffer solution at twice its 

volume. The pH was subsequently measured and adjusted to 6.7 using CO2 buffering. The inoculum 

was continuously flushed with oxygen-free CO2 to maintain anaerobic conditions. The experimental 

substrate, which was identical to the feed used at the research farm (Table 1), was ground to pass 

through a 1–mm screen and oven-dried at 55°C for 48 h prior to placement in the fermentation 

vessels. Each 125 mL fermentation vessel was loaded with 500 mg of substrate, which consisted of 

a 1:1 mixture of oat hay and pelleted commercial concentrate (Nonghyup Co., Ltd. research farm), 

along with 50 mL of the prepared inoculum (McDougall's buffer and filtered rumen fluid in a 2:1 

v/v ratio). Treatment additives were incorporated into the substrate prior to inoculation. The 

fermentation vessels were sealed under anaerobic conditions via CO2 flushing and incubated at 39°C 

and 60 rpm for 24 hours. 
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Five replicate vessels were prepared for each treatment. pH was measured after 24 h of incubation 

using a calibrated digital pH meter (MW150, Milwaukee Instruments, Inc., Rocky Mount, NC, USA) 

with standard buffer solutions. 

Fermentation parameter analysis 

Gas production measurements: The headspace gas pressure within the fermentation vessel was 

measured using a pressure transducer (L20000DCV3, Laurel Electronics, Inc., Costa Mesa, CA, 

USA). Concurrently, gas was collected in a gas bag using a rubber stopper, a needle, and a three-

way cock setup (23). Gas pressure measurements were performed at 3, 6, 12, and 24 h during 

incubation, with continuous monitoring to ensure that pressures did not exceed 480 mbar, as 

excessive pressure can suppress microbial activity and alter fermentation outcomes (24). The gas 

volume was estimated by converting pressure readings from mbar to milliliters using a calibration 

procedure involving the injection of air into a similarly sized fermentation vessel filled with distilled 

water and an equivalent volume of inoculum, under standard atmospheric conditions (23).  

The methane concentration was measured using a gas chromatography system (YL6500 GC, 

Youngin Chromass, Anyang, Republic of Korea), equipped with a thermal conductivity detector and 

a packed GC column (G359180055, Agilent Technologies Inc., Santa Clara, CA, USA). A gas-tight 

syringe (1010 TLL, Hamilton, Reno, NV, USA) was used for injection. CH4 levels were measured 

in duplicate within two days of collection. 

Volatile fatty acid analysis: VFA samples were prepared by centrifuging 1.8 mL of the inoculum 

at 16,000 × g for 15 min at 4°C. Subsequently, 1.0 mL of the supernatant was combined with 0.2 

mL of 25% (w/v) metaphosphoric acid and stored at 80°C until analysis. The quantification of VFAs, 

including acetate, propionate, butyrate, iso-butyrate, valerate, and iso-valerate, was conducted using 

a gas chromatography (model 7890B, Agilent Technologies, Santa Clara, CA, USA) equipped with 

an autosampler (7693A, Agilent Technologies), a flame ionization detector, and a Nukol fused silica 

capillary column (Supelco, Bellefonte, PA, USA). 
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Ammonia nitrogen determination: Ammonia nitrogen (NH3N), samples were prepared by 

centrifuging 1.8 mL of the inoculum at 16,000 g for 15 min at 4°C. Then, 0.5 mL was combined 

with 0.1 mL of 0.2 M sulfuric acid (H2SO4) and stored at 4°C until further analysis. The concentration 

of NH3N was quantified using a microplate spectrophotometer (INNO, LTEK, Seongnam, Republic 

of Korea), following the colorimetric method of Chaney and Marbach (25) with modifications 

introduced by Hamid, Moon (26). Ammonium chloride was used as the standard reference. 

Dry matter digestibility: In vitro dry matter digestibility (DMD) was measured gravimetrically by 

weighing the remaining substrate after a 24 h fermentation period. The fermentation contents were 

filtered through a preweighed F57 filter bag (Ankom Technology, Macedon, NY, USA), dried at 

65°C for 72 h, and then weighed to determine the digestibility percentage. 

Microbial abundance analysis 

Quantitative PCR analysis: Microbial pellets that remained after centrifuging the inoculum 

samples to generate VFA samples were stored at 80°C until DNA extraction was performed. 

Metagenomic DNA was extracted from the pellets of all samples using the RBB+C method described 

by Yu and Morrison (27). The concentration and purity of the extracted DNA were assessed using a 

Nanodrop One Microvolume UV-Vis Spectrophotometer (Thermo Fisher Scientific, Waltham, MA, 

USA). The absolute abundance of key microbial populations, including total bacteria and 

methanogens, was determined using quantitative PCR (qPCR) with universal primers specific to 

each microbial group, and results were presented as log copies/mL of inoculum. 

Each qPCR reaction consisted of 1 μL of template DNA combined with 15 μL of reaction mixture 

containing 0.075 μL of each primer (forward and reverse, each at 100 μM), 7.5 μL of PowerUp 

SYBR Master Mix (2X), and 6.35 μL of ultrapure water. The qPCR amplification procedures 

adhered to protocols optimized for each primer set to ensure precise and reproducible results. The 

thermal cycling protocol consisted of an initial denaturation phase at 95°C lasting for 3 min, followed 

by 40 cycles of denaturation at 95°C for 15 s, annealing at 60°C for 30 s, and extension at 72°C for 

30 s. 
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Protozoal enumeration. Rumen protozoa were quantified through direct microscopy utilizing an 

enhanced Neubauer hemocytometer after fixation with an 18.5% formaldehyde solution. Samples 

were diluted 1:10 with saline, and total protozoa, entodiniomorphs, and isotrichids were enumerated 

and expressed as log10 cells/mL. 

16S rRNA gene sequencing and bioinformatics 

DNA extraction and library preparation. For a detailed understanding of the microbial ecology 

of the CON, GO, and GORO treatments, 16S rRNA gene sequencing was performed explicitly on 

the treatment samples. Each treatment was conducted with five replicates to ensure the statistical 

reliability and robustness of the data. Total DNA was extracted from the fermentation fluid samples 

using the Bioneer AccuPrep Genomic DNA Extraction Kit (Bioneer, Daejeon, Republic of Korea) 

following the manufacturer's protocols. DNA quality and concentration were assessed using a 

NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific) and Qubit 4.0 fluorometer 

(Invitrogen, Carlsbad, CA). 

The V3-V4 hypervariable regions of the bacterial 16S rRNA gene were amplified using primers 

341F (5'CCTACGGGNGGCWGCAG3') and 805R (5'GACTACHVGGGTATCTAATCC3') [28]. 

These amplicons were sequenced using an Illumina MiSeq PE300 platform (Illumina,  San Diego, 

United States). The standard protocols of Majorbio BioPharm Technology Co., Ltd. in Shanghai, 

China, were followed.  

Sequence processing and analysis: The initial microbiome analysis was conducted using 

Quantitative Insights into Microbial Ecology Version 2 (QIIME2) (29), which processed 16S rRNA 

sequences. Cutadapt (30) was employed to remove primer sequences, and then the DADA2 plugin 

(31) was applied for quality control (Q ≥ 25), denoising, merging, and chimera removal. Chimeric 

sequences were removed using the consensus method, and taxonomy was assigned against the 

SILVA 138 database (32, 33), which had been pretrained using the Naïve Bayes algorithm(34). Any 

amplicon sequence variants (ASVs) that were unassigned or associated with mitochondria, 

chloroplasts, or archaea were excluded. The ASV table in BIOM format and corresponding 
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representative sequences were then utilized for subsequent analyses. In this study, only taxa present 

in all samples from at least one treatment group were discussed.   

Microbial diversity analysis encompassed alpha-diversity metrics, such as Chao1, Simpson, 

Shannon, and Faith's phylogenetic diversity, and was processed in QIIME2 (29). Beta diversity was 

assessed using Bray-Curtis dissimilarity matrices and visualized through Principal Coordinates 

Analysis (PCoA). Permutational Multivariate Analysis of Variance (PERMANOVA) was performed 

to test for significant differences in microbial community structure among treatments using the vegan 

package in R (35). 

Functional profiling  

Functional potential of microbial communities was predicted using PICRUSt2 (Phylogenetic 

Investigation of Communities by Reconstruction of Unobserved States) (36). Enzyme Commission 

(EC) numbers were extracted and filtered based on minimum abundance thresholds (≥ 0.01% mean 

relative abundance).  

Statistical analysis of fermentation traits and microbial abundances  

All statistical analyses were conducted using R (version 4.4.0). Data normality was assessed using 

Shapiro-Wilk tests, and homogeneity of variance was evaluated using Levene's test. For parametric 

data, one-way ANOVA followed by Tukey's Honestly Significant Difference (HSD) post hoc test 

was used for multiple comparisons. Nonparametric data were analyzed using the Kruskal-Wallis test 

followed by Dunn's test with the Benjamini-Hochberg (BH) correction for multiple comparisons. 

Microbial abundance data were analyzed using nonparametric approaches due to their compositional 

nature and nonnormal distributions. Differential abundance analyses of microbial genera were 

performed using Kruskal-Wallis tests with Benjamini–Hochberg (BH)–adjusted p-values. The 

dependent variable was the relative abundance of each genus, compared across experimental groups 

(CON vs GO, CON vs GORO, and GO vs GORO). Only genera with a mean relative abundance ≥ 

0.01% were used for visualization and statistical inference. Analyses were conducted using the 

phyloseq package (37), with graphical outputs generated in ggplot2 (38) and pheatmap (39). The 
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differential abundance and functional expression analysis were performed using DESeq2 (40). For 

microbial taxa, the dependent variable was the normalized read count per genus, compared across 

experimental conditions (CON vs GO, CON vs GORO, and GO vs GORO). For functional analysis, 

DESeq2 was applied to enzyme commission (EC) numbers, where the dependent variable was the 

normalized abundance of genes annotated to each EC category. Stringent significance criteria were 

applied: an adjusted p-value < 0.01 and an absolute log2 fold change (|log2FC|) > 2. Statistical 

significance was set at p < 0.05 for all analyses unless otherwise specified. The results are reported 

as means ± pooled standard error of the mean (SEM) with appropriate statistical annotations. 

Multivariate and correlation analysis 

Principal Component Analysis (PCA) was performed on scaled microbial abundance data using the 

prcomp() function in R to visualize the overall treatment effects on the microbial community 

structure. PCA biplots were generated using the factoextra package (41) to illustrate how individual 

traits contributed to the PCA axes. Spearman's rank correlation was employed to assess the 

relationships among fermentation traits and microbial genera and, the complex interdependencies 

within the rumen ecosystem.  

Correlation networks between microbial genera and fermentation traits were constructed using 

Spearman's rank correlation with significance thresholds of |ρ| > 0.70 and p < 0.05 (Benjamini-

Hochberg adjusted). Network topology was analyzed using the igraph package (42) and ggraph (43) 

to identify hub taxa and central nodes based on degree and betweenness centrality measures. 

Machine learning and biomarker identification 

Random Forest classification. Machine learning approaches were applied to identify microbial 

biomarkers distinguishing treatment groups using the randomForest package (44). Feature 

importance was assessed using the Mean Decrease Accuracy and Mean Decrease Gini metrics. 

Model performance was evaluated using out-of-bag (OOB) error rates and cross–validation. 

Feature selection algorithms: The rfPermute package was used to assess the statistical significance 

of feature importance through permutation testing (45). Boruta feature selection was employed to 
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identify robust and, nonrandom predictors by comparing feature importance against shadow 

variables (46). Genera confirmed by Boruta analysis were considered high-confidence biomarkers, 

and model performance was evaluated using OOB error and cross-validation. The combined results 

from these algorithms were used to shortlist microbial taxa with strong discriminatory power across 

treatments. 

 

Results 

Effects of garlic oil and rubber seed oil on rumen fermentation and methane production 

Dry matter digestibility and gas production 

GO markedly reduced DMD and total gas production relative to the CON and RO treatments (p < 

0.001) (Table 2). Specifically, the DMD declined from 70.7% in the CON to 64.1–66.8% in the GO 

treatments, whereas total gas production decreased from 127.4–131.3 mL to 112.2–115.1 mL. 

However, RO alone did not significantly affect these parameters. 

The cumulative gas production profiles observed over a 24 h incubation period consistently showed 

lower rates in the GO treatments (Fig. 1a and Fig. 1b). To clarify the temporal dynamics, Table 2 

details how treatments influence cumulative in vitro gas production at 3, 6, 12, and 24 h. No 

significant differences among treatments were found at 3 h (P = 0.700), with gas production ranging 

from 32.7 to 34.7 mL. From 6 h onward, significant effects appeared (P < 0.001). At 6 h, the CON 

and RO groups produced higher gas volumes (22.7–23.5 mL) compared to GO and GORO groups 

(19.6–20.4 mL), with GO, GORO2, and GORO showing lower values. These patterns continued at 

12 h (CON/RO: 29.8–31.6 mL vs. GO/GORO: 24.5–25.1 mL) and 24 h (CON/RO: 35.9–36.7 mL 

vs. GO/GORO: 30.6–31.4 mL), with GO-containing treatments consistently producing less gas (P < 

0.05). The time-course profiles (Fig. 1b) illustrate that GO and combined GORO treatments resulted 

in lower cumulative gas accumulation over the 24 h incubation period, while RO supplementation 

alone mirrored CON levels, confirming its limited independent impact on fermentation kinetics. 
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Volatile fatty acid profiles 

Total VFA concentrations remained unchanged across treatments (p = 0.08); however, individual 

VFA proportions exhibited significant shifts with the application of GO (Table 2). Specifically, 

acetate proportions decreased from 62.1–62.7 to 58.4–58.8mol/100 mol, whereas propionate (19.6–

19.9 to 21.2–21.6 mol/100 mol) and butyrate (13.3–13.8 to 15.4–15.9 mol/100 mol) increased (p < 

0.001). Consequently, the acetate to propionate ratios were reduced from 3.12–3.19 to 2.72–2.77. 

Methane production, Ammonia Nitrogen (NH3-N), and microbial counts 

GO consistently reduced methane production by approximately 50% across all treatments (6.82 mL 

in the CON vs. 3.21–3.66 mL in GO; p < 0.001) (Table 2). Methane per gram of digested dry matter 

also decreased from 19.3 to 9.73–11.1 mL/g. Total protozoa counts were significantly lower in the 

GORO treatments (5.45 vs. 5.22–5.26 log10; p < 0.001). However, the RO-alone treatment group did 

not show methane-reducing effects. Ammonia nitrogen (NH3-N) concentrations also varied 

significantly among treatments (p < 0.001; Table 1). The CON group averaged 22.0 mg/dL, while 

GORO4 (24.79 mg/dL) and GORO (24.1 mg/dL) exhibited numerically higher NH3-N levels. In 

contrast, GO treatment (22.2 mg/dL) remained comparable to CON. 

Multivariate analysis 

The treatments were clearly separated in the PCA of fermentation traits, with PC1 capturing the 

primary variance between the GO and CON/RO groups (Fig. 1c). Methane production parameters 

showed the highest positive loadings on PC1 (0.97–0.98), which correlated strongly with acetate 

proportion and A:P ratio, while propionate and butyrate showed negative loadings (0.87 to 0.95) (Fig. 

1d and Table S1). Spearman’s correlation analysis revealed that methane parameters presented 

strong positive correlations with the acetate proportion (ρ = 0.81, p < 0.001) and A:P ratio (ρ = 0.84, 

p < 0.001) and negative correlations with propionate (ρ = –0.75) and butyrate (ρ = –0.78) (Fig. 1e). 

Microbial community analysis 

Microbial community analyses via 16S rRNA sequencing were conducted on selected treatments 

(CON, GO, and the high-dose GORO) to focus on key effects, including elevated NH3-N in GORO. 
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Alpha and beta diversity 

The GO treatment significantly reduced across all alpha diversity indices relative to the CON and 

GORO treatments: Chao1 (865 vs. 1257 CON; p = 0.008), Shannon diversity (7.82 vs. 9.31; p = 

0.002), and evenness (0.802 vs. 0.905; p = 0.002) (Table 3, Fig. 2a). The GORO treatment partially 

restored the diversity levels. Beta diversity analysis revealed distinct community structures among 

the treatments (R² = 0.93, p = 0.001) (Fig. 2b). 

Microbial abundance changes 

Analysis of the UpSet diagram revealed complex patterns of taxonomic overlap and exclusivity 

among treatments (Fig. 3a–c). At the phylum level, communities showed broad convergence, sharing 

18 phyla across all treatments (CON, GO, GORO). However, clear treatment-specific signatures 

were present, with 4, 2, and 3 phyla uniquely linked to CON, GO, and GORO, respectively. Family-

level analysis provided more detail, with 127 families shared among treatments, and 23, 8, and 19 

families uniquely enriched in CON, GO, and GORO, respectively. At the genus level, divergence 

was most evident: although 198 genera were common to all treatments, 45, 12, and 38 genera were 

exclusive to CON, GO, and GORO, respectively. These hierarchical patterns emphasize the step-by-

step development of treatment-specific microbial signatures, with more detailed taxonomic levels 

uncovering clearer community structure distinctions. 

Notably, the relative abundance profiles of the top 25 phyla, families, and genera displayed marked 

heterogeneity among treatments (Fig. 3d–f), highlighting shifts in dominant lineages that may 

underpin functional variation across microbial assemblages. 

At the phylum level, GO administration resulted in a significant increase in Bacillota (61.3% 

compared to 50.4% in CON, decreased Bacteroidota (34.4% compared to 43.3%), and nearly 

eradicated Spirochaetota (0.4% compared to 2.8%) (p < 0.05) (Table S2). Furthermore, 

Methanobacteriota was markedly diminished in both GO and GORO treatment groups (0.1% 
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compared to 0.66% in CON). Notably, the GORO treatment increased Actinomycota (p-adjusted = 

0.012) and Fibrobacterota (p-adjusted = 0.012). 

At the family level, a clear restructuring of microbial communities was observed (Table S3). Among 

the twenty-five most abundant families, several experienced significant shifts in their relative 

abundance. Notably, Selenomonadaceae increased markedly in the GO group (31.3%) compared to 

the control (1.16%) and GORO (3.0%) groups (p-adjusted = 0.030), indicating strong selective 

growth. Conversely, Prevotellaceae declined substantially under GO treatment (11.8%) relative to 

the control (20.0%) and GORO (16.8%) groups (p-adjusted = 0.030), reflecting suppression of this 

group. Oscillospiraceae showed two responses: a significant decrease in GO (7.3%) but an increase 

in GORO (15.8%) compared to the control (12.2%) (p-adjusted = 0.030). These findings illustrate 

how different treatments influence key microbial families, with GO exerting strong selective 

pressure and GORO aiding in community restoration. 

At the genus level, GO administration led to notable changes, including significant increases in 

Selenomonas (from 1.9% in the CON to 10.7% in GO) and Roseburia (from 2.0% to 11.0%). 

Conversely, Methanobrevibacter exhibited a considerable decrease in relative abundance in the GO 

(0.55%) and GORO (0.26%) treatments compared to the CON group (2.3%) (p-value = 0.012) (Table 

S4 and Fig. 4a). The GORO treatment exhibited distinct microbial patterns, marked by increased 

levels of Ruminococcus (8.2%) and Fibrobacter (1.9%). 

Differential abundance and biomarker analysis 

Volcano plot analyses identified extensive shifts in genus-level abundance across treatment 

comparisons (Fig. 3g–i). The GO versus CON contrast exhibited the most pronounced alterations, 

with multiple genera significantly enriched or depleted, reflecting substantial community 

restructuring. In comparison, the GORO versus CON analysis revealed more moderate changes, 

suggesting partial modulation of microbial composition (Table S6). Strikingly, the GORO versus 

GO comparison highlighted a restorative effect of the combination treatment, attenuating extreme 

abundance shifts and indicating a potential rebalancing of microbial community structure. 
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The DESeq2 analysis identified 21 significantly different genera between GO and CON treatments, 

with notable enrichments in Propionispira (+23.9 log2FC), Anaerovibrio (+23.3), and Megasphaera 

(+12.9) (Fig. 3g&i; Tables S5&S7). The Random Forest classification achieved 100% accuracy 

(Table S8) and identified Selenomonas as the most predictive biomarker (Mean Decrease Accuracy: 

7.18) (Fig. 4b, Table S9). Boruta feature selection identified 25 genera as robust biomarkers that 

discriminated the GO treatment from the CON treatment. Thus, these genera are potential indicators 

of enhanced propionate fermentation and reduced methanogenic activity (Fig. 4c–d). 

Correlation network analysis 

Clostridium was strongly positively correlated with methane production parameters (ρ = 0.85, p < 

0.0001), the acetate proportions (ρ = 0.86), and A:P ratios (ρ = 0.91). Conversely, Parabacteroides 

was negatively correlated with methane production (ρ = 0.71, p = 0.003), suggesting its potential 

role in mitigating methane (Fig. 4e, Table S10). Network analysis identified five keystone genera 

with high betweenness centrality, suggesting their critical roles in fermentation processes (Fig. 4f). 

Functional profiling 

Enzyme Commission (EC) profile analysis revealed significant functional shifts with treatments (R2 

= 0.95, p = 0.001) (Fig. 5a). A heatmap of the top 25 most variable EC numbers demonstrated distinct 

clustering patterns, with the GO treatments exhibiting elevated expression in enzymatic classes 

EC:3.1.21.3, EC:1.6.5.3, EC:1.97.1.4, and EC:2.7.1.11 (Fig. 5b and Fig. 5c. and Table S12). The GO 

treatment altered multiple enzymatic pathways, notably upregulating EC:3.5.1.101 (+7.15 log2FC) 

and EC:5.3.1.26 (+6.61 log2FC), while downregulating EC:3.6.1.25 (–7.16 log2FC) and EC:3.2.1.97 

(–9.47 log2FC) (Fig. 5d, Table S13). The GORO treatment elicited more targeted enzymatic 

responses (Fig. 5e, Table S14), with a direct comparison to GO alone indicating synergistic 

interactions (Fig. 5f, Table S15). 

 

Discussion 
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This study demonstrates that GO and GORO treatments significantly reduced methane emissions by 

approximately 50% and altered rumen fermentation patterns. The GO treatment enhanced propionate 

and butyrate production at the expense of acetate, indicating a metabolic shift from methanogenesis 

to more energy-efficient pathways. However, these advantages were counterbalanced by reductions 

in DMD (6.2–9.3%) and total gas production (12.1–14.6%), suggesting antimicrobial effects on 

fiber-degrading bacteria. 

Mechanisms of methane reduction 

The observed decrease in methane levels was directly correlated with the reduction in 

Methanobrevibacter relative abundance (76% decrease in the GO treatment), thereby confirming 

that this genus is the primary target for methanogenic activity. Organosulfur compounds present in 

GO, especially allicin, are likely to inhibit methyl-coenzyme M reductase via thiol-reactive 

mechanisms, thereby disrupting the final step of methanogenesis (47, 48). This specific inhibition 

elucidates why bacterial populations remained largely unaffected, while methanogenic archaea were 

suppressed. 

Compared to the CON treatment, the metabolic shift towards increased propionate production in the 

GO treatment (8.2-10.2%) indicates a reallocation of hydrogen via the succinate pathway, which is 

supported by the proliferation of propionate-producing genera such as Selenomonas (5.6–fold 

increase) and upregulation of methylmalonyl-CoA decarboxylase (EC:4.1.1.85, +6.60 log2FC). 

Significant correlations between the abundance of Selenomonas and propionate levels (ρ = 0.88, p < 

0.0001) substantiate the functional role of this genus in this metabolic redirection (49, 50). Similarly, 

the enrichment of Roseburia (5.5-fold) contributed to elevated butyrate production through the 

acetyl-CoA pathway (51). GO-containing treatments reduced methane production by ~50%, and a 

~2 percentage point increase in propionate proportion (Table 2) aligns with the targeted suppression 

of methanogens and the concurrent enrichment of hydrogen-utilizing bacteria, such as Selenomonas 

and Roseburia, as revealed by 16S rRNA gene sequencing. In contrast, RO alone did not significantly 

alter methane or VFA profiles, consistent with its limited direct impact on methanogens but evident 
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role in modulating overall community resilience. For instance, the numerically higher NH3-N levels 

in GORO treatments (e.g., 24.79 mg/dL in GORO4 vs. 22.0 mg/dL in CON; Table 1) may reflect 

enhanced protein degradation facilitated by preserved microbial diversity and enriched proteolytic 

taxa, without compromising total gas production or digestibility. This integration underscores RO's 

protective contribution: by mitigating GO-induced disruptions to non-target microbes (e.g., 

maintaining protozoa counts closer to CON levels in GORO; Table 2), RO supports a balanced 

fermentation environment that sustains methane mitigation while preventing adverse shifts in 

metabolite outputs, as further evidenced by predicted pathway analyses showing restored fiber-

degrading enzymes in combined treatments. 

 

Rubber seed oil's protective effects 

A key finding of this study is the capacity of RO to mitigate the adverse effects of GO on microbial 

diversity and fiber degradation, while concurrently maintaining methane reduction. The GORO 

treatment preserved microbial richness comparable to that under the CON conditions (Chao1: 1,256 

vs. 1,257) and enriched cellulolytic taxa such as Ruminococcus (8.2% vs. 2.16% in CON) and 

Fibrobacter (1.9% vs. 0.45%) (52). This protective effect was likely caused by multiple mechanisms: 

(1) membrane stabilization through nonpolar compounds to reduce GO accessibility, (2) alternative 

carbon source provision to enhance metabolic flexibility, and (3) biofilm formation to create a 

protective barrier against antimicrobial stress (53, 54). The enzymatic analysis corroborated this 

protective role, with the GORO treatment partially restoring endo-1,4-β-xylanase activity 

(EC:3.2.1.97) while upregulating butyrate-CoA ligase (EC:2.8.3.21, +4.74 log2FC), indicating 

improved fiber degradation and energy metabolism. Furthermore, the 6.4% increase in 

Actinomycetota, especially Eggerthellaceae, demonstrated an enhanced capacity for lignocellulosic 

degradation under the GORO treatment (55). 

Network analysis and biomarker identification 
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Network analysis revealed that Clostridium acted as a keystone genus based on its highest 

connectivity (Table S11) and strong positive correlations with methane production (ρ = 0.85, p < 

0.0001) and acetate levels (ρ = 0.86). This observation corroborates its role in the production of 

hydrogen and formate during carbohydrate fermentation, which serve as substrates for methanogenic 

archaea (56). Conversely, Parabacteroides demonstrated a negative correlation with methane (ρ = 

0.71, p = 0.003), thereby serving as a biomarker of low-methane systems through its dual pathways 

for acetate and propionate production (57). Machine learning classification achieved perfect 

accuracy (100%) in differentiating treatments, with Selenomonas identified as the most predictive 

biomarker (Mean Decrease Accuracy: 7.18, p = 0.010). This robust classification underscores the 

potential for microbial biomarker-based monitoring of methane mitigation strategies. The Boruta 

feature selection process identified 25 robust biomarkers, including Porphyromonas and Sporomusa, 

which exhibited strong negative correlations with methane emissions via hydrogen diversion 

mechanisms (58). 

Mechanistic insights into enzymatic reprogramming induced by GO and GORO 

supplementation 

Supplementation with GO initiated a coordinated cascade of enzymatic responses, thus representing 

the mechanistic underlying the approximately 50% reduction in methane emissions observed within 

the rumen. The most notable upregulation was identified for EC:4.1.1.85 (methylmalonyl-CoA 

decarboxylase; log2FC = +6.60), a diagnostic enzyme within the succinate pathway of propionate 

synthesis. This enzyme facilitates the decarboxylation of methylmalonyl-CoA to propionyl-CoA, a 

pivotal step in redirecting hydrogen from methanogenesis to propionogenesis (59). Its activity was 

correlated with several genera responsible for propionate production, including Dialister, Roseburia, 

Prevotella, and Sodaliphilus (60, 61). The increased expression of EC:4.1.1.85 was correlated with 

the higher molar proportion of propionate observed under GO treatment (21.2–21.6 vs. 19.6–19.9 

mol/100 mol), thereby supporting a strategic alteration in hydrogen utilization that restricts substrate 
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availability for methanogenic archaea (11, 62, 63). Moreover, the upregulation of cellulose synthase 

(EC:2.4.1.5; log2FC = +6.60) indicated a microbial compensatory response to GO’s antimicrobial 

stress. Increased cellulose production is a well-documented adaptation to environmental stressors 

that helps strengthen the cell wall and support microbial survival (64-66). This likely explains the 

observed decrease in DMD, despite the constant total VFA output, thus revealing a trade–off between 

microbial resilience and feed utilization efficiency. 

In contrast, the GO treatment inhibited key fibrolytic and nitrogen-related enzymes. EC:3.2.1.97 

(endo-1,4-β-xylanase; log2FC= –9.47), which is important for hemicellulose breakdown, was 

significantly downregulated by GO, corresponding to a 6.2–9.3% reduction in DMD. This reduction 

in fiber digestion indicates a shift toward less efficient digestive processes. Additionally, 

EC:5.4.99.23 (chorismate mutase; log2FC = –4.71), a critical enzyme in the shikimate pathway, was 

suppressed by GO, thus indicating changes in aromatic amino acid production and nitrogen 

metabolism (67, 68). 

Beyond abundance shifts, GO caused a fundamental restructuring of microbial metabolic functions. 

Upregulation of aminoacylase (EC:3.5.1.101) indicates enhanced amino acid recycling, a known 

adaptive strategy for nitrogen conservation under antimicrobial stress (69, 70). This functional shift 

is consistent with the observed differences in NH3–N concentrations, as increased amino acid 

recycling reduces deamination and free ammonia release (71). Such nitrogen conservation strategies 

highlight microbial adaptation to maintain growth and microbial balance under antimicrobial 

pressure, linking enzymatic activity with measurable changes in nitrogen turnover. Modulation of 

pentose phosphate pathway enzymes, especially ribose-5-phosphate isomerase (EC:5.3.1.26), 

indicated increased NADPH demand for redox balancing in response to oxidative stress from garlic-

derived organosulfur compounds (72). The induction of glutamate–cysteine ligase (EC:6.3.2.7), the 

rate-limiting enzyme in glutathione biosynthesis, further supported the activation of thiol-based 

antioxidant defenses (73, 74). 
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GORO treatment: functional compensation and metabolic refinement 

GORO triggered a more detailed enzymatic response and partially reduced the adverse effects of GO. 

The upregulation of EC:2.8.3.21 (butyrate-CoA ligase; log2FC = +4.74) and EC:1.8.5.3 (ferredoxin-

NADP reductase; log2FC = +4.73) indicates improved butyrate metabolism and energy production. 

Butyrate-CoA ligase activates butyrate for βoxidation, which explains the higher butyrate levels 

(15.4–15.9 vs. 13.3–13.8 mol/100 mol) without corresponding increases in total VFAs (71, 75). 

A direct comparison between GO and GORO revealed a significant downregulation of EC:4.1.1.85 

(log2FC = –7.96) in the GORO treatment, indicating a decreased reliance on the succinate pathway. 

This observation may suggest a metabolic shift toward alternative propionate-producing routes, such 

as the acrylate or lactate pathways, which are less disruptive to microbial ecology (76, 77). 

Furthermore, the downregulation of methylmalonyl-CoA decarboxylase could result in the 

accumulation of (S)-methylmalonyl-CoA, which may be diverted into branched-chain fatty acid 

synthesis (78-80). 

Conversely, EC:3.2.1.97 (endo-1,4-β-xylanase) was significantly upregulated in GORO (log2FC = 

+7.09), indicating a partial recovery of fiber degradation capacity (81). Additional upregulation of 

carnitine acetyltransferase (EC:2.8.3.21) suggested improved fatty acid oxidation and acetyl-CoA 

turnover, and thus improved energy efficiency (82, 83). Restoration of nucleotide metabolism, as 

evidenced by increased phosphohydrolase (EC:3.6.1.25) activity, further supports microbial stability 

and metabolic resilience (84). 

These enzymatic shifts collectively demonstrate a dual mechanism of methane mitigation: (1) direct 

inhibition of methanogens through allicin’s thiol-reactive properties (10, 85), and (2) redirection of 

hydrogen flux via enzymatic reprogramming of bacterial metabolism. The specificity of these 

pathway-targeted modifications, rather than generalized metabolic suppression, exemplifies the 

complexity of microbial adaptations to phytogenic interventions. 
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Overall, GO induced oxidative and metabolic stress, triggering antioxidant defenses and redirecting 

metabolism, whereas RO mitigated these effects, promoting energy-efficient and environmentally 

stable microbial states. Therefore, the GORO treatment offered a balanced approach that maintains 

fiber degradability and microbial diversity while reducing methane emissions. These findings 

provide a mechanistic framework for designing targeted dietary strategies to optimize rumen 

function and mitigate methane’s environmental impact. 

Implications, limitations, and future directions 

The findings show that targeted microbial manipulation through synergistic phytogenic 

combinations can reduce methane emissions without affecting rumen function. The GORO treatment 

offers a balanced method that redirects hydrogen away from methanogenesis while maintaining 

important fiber breakdown and energy processes. The microbial biomarkers identified here may 

serve as tools for real-time monitoring and improving methane reduction strategies. Future research 

should focus on testing these mechanisms in live animals and optimizing doses to maximize benefits 

and minimize any negative impacts on animal performance. The biomarker framework developed 

here has potential for personalized rumen management that is tailored to individual animal 

microbiomes (86). 

While this in vitro study provides valuable insights into the combined effects of GO and RO on 

rumen methane mitigation, several limitations should be noted. A key constraint is that microbial 

sequencing was limited to CON, GO, and the high-dose combination GORO treatment, rather than 

all individual RO doses, due to resource limitations. This approach prioritized investigating specific 

outcomes, such as the elevated NH3-N in GORO, but may obscure potential dose-dependent 

microbial shifts across lower RO levels. However, analyses of other fermentation parameters (e.g., 

methane production, VFAs, gas kinetics) across all treatments support the study's conclusions on 

RO's protective role. Future research should employ comprehensive metagenomic sequencing in 
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dose-response designs, ideally in vivo, to refine optimal supplementation levels, explore long-term 

impacts on animal performance, and further elucidate mechanisms underlying NH3-N variations. 

 

Conclusion 

This study offers mechanistic insights into the methane-reducing effects of GO and demonstrates the 

protective role of RO in maintaining rumen function. The combination treatment facilitates targeted 

metabolic reprogramming through selective microbial enrichment and enzymatic modulation, 

thereby providing a sustainable approach to reducing greenhouse gas emissions from livestock while 

preserving rumen health and productivity. The identified biomarkers enable precise monitoring of 

these interventions, thereby advancing the development of more effective and environmentally 

sustainable strategies for ruminant nutrition. The findings of this study will enable more precise 

monitoring of EO interventions and advance the development of more effective and environmentally 

sustainable strategies for ruminant nutrition. 
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Table 1. Composition of diet used in the in vitro fermentation experiment. 

Parameters Oat hay  Pellet concentrate 
Dry matter, % of DM 91.56 89.19 
Crude protein,% of DM 3.55 16.20 
Crude fat,% of DM 2.15 4.08 
Crude fiber,% of DM 27.40 8.66 
Crude ash,% of DM 5.02 6.95 
Calcium, % of DM 0.09 1.22 
Phosphorus, % of DM 0.09 0.65 
ADF, % of DM 30.87 13.23 
NDF, % of DM 54.17 31.10 

Composition of diet ingredients used in the in vitro fermentation experiment. Values represent nutrient composition 
expressed on a dry matter (DM) basis. Abbreviations: DM = dry matter; ADF = acid detergent fiber; NDF = neutral 
detergent fiber. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2. Comprehensive analysis of rumen fermentation parameters, methane production, 
and microbial population dynamics in response to garlic oil and rubber seed oil 
supplementation in in vitro batch culture systems 
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Parameters Treatments SEM p-value CON RO2 RO4 RO6 GO GORO2 GORO4 GORO 
DMD, % 70.7a 70.6a 70.7a 68.5a 65.8b 66.8b 65.8b 64.1b 0.57 <0.001 
Gas production (total), mL 129.4a 131.3a 128.0a 127.4a 113.1b 112.7b 115.1b 112.2b 1.76 <0.001 

3 h, mL 34.2 34.7 33.6 33.7 32.9 32.7 33.3 32.7 0.90 0.700 
6 h, mL 23.4a 23.5a 23.0ab 22.7ab 19.6c 19.8c 20.4bc 19.7c 0.57 <0.001 
12 h, mL 31.2a 31.6a 30.6a 29.8a 24.5b 24.5b 25.1b 24.5b 0.55 <0.001 
24 h, mL 35.9a 36.7a 35.9a 36.4a 31.2b 30.9b 31.4b 30.6b 0.68 <0.001 

pH 6.31b 6.30 b 6.30 b 6.30 b 6.35 a 6.35 a 6.34 a 6.34 a 0.01 <0.0001 
Total VFA, mmol/L 65.1 64.2 63.9 65.6 58.6 60.0 59.4 60.6 1.96 0.080 
Acetate, mol/100 mol 62.4a 62.5a 62.7a 62.1a 58.4b 58.6b 58.7b 58.5b 0.49 <0.001 
Propionate, mol/100 mol 19.7b 19.6b 19.9b 19.9b 21.3a 21.6a 21.2a 21.3a 0.19 <0.001 
Butyrate, mol/100 mol 13.5 b 13.6 b 13.3 b 13.8 b 15.9 a 15.4 a 15.6 a 15.8 a 0.23 <0.001 
Valerate, mol/100 mol 1.55 1.47 1.44 1.46 1.58 1.57 1.58 1.57 0.13 0.894 
Isobutyrate, mol/100 mol 1.07 1.01 0.99 0.97 0.90 0.88 0.91 0.89 0.14 0.482 
Isovalerate, mol/100 mol 1.82 1.75 1.71 1.82 1.89 2.01 2.04 1.90 0.01 0.459 
A:P ratio 3.17a 3.19a 3.16a 3.12a 2.74b 2.72b 2.77b 2.74b 0.04 <0.001 
NH3-N, mg/dL 22.0c 21.9c 22.1bc 22.3bc 22.2bc 23.0abc 24.7a 24.1ab 0.45 <0.001 
CH4 yield, mL 6.82 7.11 6.73 6.54 3.21 3.40 3.66 3.29 0.23 <0.001 
CH4, mL/g dDM 19.3a 20.1a 19.0a 19.1a 9.73b 10.2b 11.1b 10.3b 0.67 <0.001 
Isotrichids, log10, cell counts 
per mL of inoculum 

4.83ab 4.86ab 4.89a 4.83ab 4.78ab 4.72b 4.76ab 4.73ab 0.04 0.014 

Entodiniomorphs, log10, 
counts per 1 ml 

5.32ab 5.34a 5.27ab 5.29ab 5.28ab 5.25b 5.26ab 5.22b 0.02 0.018 

Total protozoa, log10, cell 
counts per mL of inoculum 

5.45ab 5.47a 5.42ab 5.42ab 5.40abc 5.37bc 5.38abc 5.34c 0.02 <0.001 

Total Bacteria, log10, copy 
number/ml of culture 

10.38 10.17 10.28 10.40 9.23 9.34 10.03 9.52 0.43 0.115 

Total methanogens, log10, 
copy number/ml of culture 

8.38 8.40 8.44 8.75 8.72 7.90 8.06 8.65 0.30 0.903 

Effects of dietary supplementation with rubber seed oil (RO2, RO4, RO6), garlic oil (GO), and their combinations 
(GORO2, GORO4, GORO) compared with the control (CON) on rumen fermentation parameters, methane production, 
and microbial population dynamics in in vitro batch culture systems. Parameters include dry matter digestibility 
(DMD), 3–24 hours gas production, total gas production, 3 to 24 hours gas production, volatile fatty acid (VFA) 
composition, acetate-to-propionate ratio (A:P), ammonia nitrogen (NH3-N), methane (CH4) yield and production per 
gram digested dry matter (dDM), and microbial counts (isotrichids, entodiniomorphs, total protozoa, total bacteria, and 
total methanogens). Values represent means of five independent replicates per treatment with standard error of mean 
(SEM). Statistical significance was assessed using one-way ANOVA and the Kruskal–Wallis test, followed by 
Tukey’s HSD and Dunn’s post-hoc pairwise comparisons. Different superscript letters within rows indicate significant 
differences among treatments (p < 0.05). 

 

 

 

 

Table 3. Alpha diversity indices of rumen microbial communities under different dietary 
treatments demonstrate contrasting effects of garlic oil (GO) alone versus combined garlic 
oil-rubber seed oil (GORO) supplementation. 

Parameters Treatments SEM p-value CON GO GORO 
Chao1  1257a 865b 1256a 13.94 0.008 
Evenness 0.905a 0.802c 0.886b 0.002 0.002 
Faith's phylogenetic diversity 89.33a 72.37b 89.45a 1.26 0.009 
Shannon's diversity 9.31a 7.82c 9.12b 0.024 0.002 
Simpson's index 0.997a 0.984c 0.994b 0.000 0.002 
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Inverse Simpson 303.93a 63.49c 173.44b 8.64 0.002 
Good's coverage 0.999 0.999 0.999 0.000 0.690 

Alpha diversity indices of rumen microbial communities under different dietary treatments (CON = control, GO = garlic 
oil, GORO = garlic oil–rubber seed oil combination). Parameters include species richness (Chao1), community evenness, 
phylogenetic diversity (Faith’s PD), entropy-based diversity (Shannon’s index), dominance-based diversity (Simpson’s 
index and Inverse Simpson), and sequencing coverage (Good’s coverage). Values represent means of five biological 
replicates with standard error of mean (SEM). Statistical significance was assessed using the Kruskal–Wallis test with 
post-hoc pairwise comparisons. Different superscript letters within rows indicate significant differences among 
treatments (p < 0.05).  
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Figure 1. Integrated analysis of gas production kinetics, fermentation parameter relationships, 
and multivariate treatment separation. 

(a) Principal component analysis (PCA) of fermentation traits: two‑dimensional PCA plot displaying sample clustering 
based on fermentation parameters, with each point representing individual replicates colored by treatment group. 
Variance explained by PC1 and PC2 axes is indicated, demonstrating clear treatment separation. 

(b) Fermentation parameter loading plot: PCA biplot illustrating individual fermentation trait contributions to principal 
components, with vector arrows indicating direction and magnitude of each parameter’s influence on treatment 
separation. 

(c) Spearman correlation matrix with hierarchical clustering: The heatmap displays pairwise Spearman correlation 
coefficients among variables, with hierarchical clustering applied to both rows and columns. Color intensity reflects 
the strength and direction of correlation (blue: negative, red: positive), and overlaid values include significance stars 
(*p < 0.05, **p < 0.01, ***p < 0.001). Dendrograms indicate clustering structure based on correlation distance. 
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Figure 2. Microbial community analysis across dietary treatments. 

Beta diversity ordination: Principal Coordinates Analysis (PCoA) based on Bray–Curtis dissimilarity at the genus 
level, illustrating differences in community composition among treatments. Points represent individual replicates 
colored by treatment group, with variance explained by the first two coordinate axes indicated. PERMANOVA 
results confirm significant treatment effects on microbial community structure (p = 0.001, R2 = 0.93, stress = 7.3 × 
10-5). 
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Figure 3. Comprehensive microbial community intersection analysis and differential abundance assessment. 
(a–c) Taxonomic intersection analysis: UpSet diagrams quantifying shared and unique microbial taxa across 
treatments at phylum (a), family (b), and genus (c) levels. Bar heights indicate the number of shared taxa, and 
connection patterns illustrate overlaps among treatment groups. 
(d–f) Relative abundance profiles: stacked bar charts showing mean relative abundances of the top 25 most abundant 
phyla (d), families (e), and genera (f) across CON (control), GO (garlic oil), and GORO (garlic oil–rubber seed oil 
combination) treatments, with color-coded taxonomic groups. 
(g–i) Differential abundance volcano plots: statistical comparisons of genus-level abundance changes between 
treatment pairs (GO vs. CON, GORO vs. CON, and GORO vs. GO). The x-axis represents log2 fold change, and the 
y-axis represents –log10(adjusted p-value). Red points indicate significantly upregulated genera, and blue points 
indicate significantly downregulated genera (adjusted p < 0.05, |log2FC| > 2.0). 
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Figure 4. Advanced multivariate analysis of microbial biomarkers and fermentation 
parameter correlations across eight treatment groups. 

Comprehensive analysis includes control (CON), garlic oil treatment (GO), and combination treatments (GORO). 
(a) Heatmap of significant genera: relative abundance profiles of the top 25 genera identified as significantly 
different by ANOVA (p < 0.05), with hierarchical clustering and color intensity representing abundance levels. 
(b) Random Forest biomarker identification: top 25 genera ranked by importance scores from Random Forest 
classification analysis, showing predictive power for treatment discrimination. 

(c) Recursive feature elimination analysis: top 25 features selected by rfPermute analysis with importance rankings, 
identifying key microbial taxa for treatment classification. 
(d) Boruta feature selection: importance scores for microbial genera determined by the Boruta algorithm, 
distinguishing confirmed biomarkers from shadow features. 
(e) Genus–parameter correlation matrix: Spearman correlation coefficients between top microbial genera and 
fermentation parameters including methane production, volatile fatty acid (VFA) concentrations, and digestibility 
measures. 
(f) High-confidence correlation network: network visualization of significant correlations (p < 0.05) between genera 
and fermentation traits, with edge thickness proportional to correlation strength and node size representing 
abundance. ACCEPTED
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Figure 5. Enzymatic class (EC) profile analysis of rumen microbial communities under 3 
different  treatments. 4 

(a) Principal component analysis (PCA) showing distinct clustering of CON (control), GO (garlic oil), and GORO 5 
(garlic oil + rubber seed oil) treatments (R² = 0.954, p = 0.001). 6 
(b) Heatmap of the top 25 EC-level mean abundances across treatments, with hierarchical clustering 7 
patterns illustrating treatment-specific functional shifts. 8 
(c) Relative abundances of the top 25 enzymatic classes across treatments, with pairwise significance 9 
testing indicated (*p < 0.05, **p < 0.01). 10 

(d–f) Differential function volcano plots comparing enzymatic function abundances between treatment pairs: GO 11 
vs. CON (d), GORO vs. CON (e), and GO vs. GORO (f). The x-axis represents log2 fold change in predicted 12 
enzyme abundance, and the y-axis represents –log10(adjusted p-value). Red points indicate significantly 13 
upregulated functions, and blue points indicate significantly downregulated functions (adjusted p < 0.05, |log2FC| 14 
>3). 15 
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