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Supplementary Methods 1 

Plotting 2 

The map of Britain was generated in R with the packages maps1 v3.4.2, mapdata2 v2.3.1, 3 
and ggplot23 v3.5.1. The factoextra4 package (v1.0.7) was used to extract PCA scores, 4 
loadings, and biplots, which were plotted using the “fviz_pca_biplot” function with 95% 5 
confidence ellipses around each Ecosystem Health Status (EHS) category. UpSet plots 6 
were generated with the R package ComplexUpset5,6 v1.3.3. All other plots were 7 
generated in R using ggplot2 unless noted otherwise. 8 

vMAG Genome Clustering with Soil Viral Genome Databases 9 

The pairwise AAI measurements were used to compute genome-wide AAI for all possible 10 
viral genome comparisons using custom Python scripts (available at 11 
https://github.com/AnantharamanLab/UKPeatlandViruses). To form approximately 12 
genus-level viral genome clusters, we required genome pairs to have a minimum AAI of 13 
40%, adhering to previously established benchmarks7. In addition to the 40% AAI 14 
threshold, genome pairs were required to share at least 16 protein sequences or have at 15 
least 20% of the genome with fewer genes shared with the other genome, consistent with 16 
past benchmarks for genus-level virus clustering7. "Shared" was defined as having a 17 
reported MMseqs2 alignment with at least 30% coverage. After applying these filters, the 18 
remaining pairwise comparisons were provided to MCL8 v14-137 as an “abc” table and 19 
clustered with an inflation value of 2.0, which has previously been shown to be optimal 20 
for genus-level viral clusters7. The resulting MCL output table was used to assess the co-21 
occurrence of viral genomes from multiple databases within the same genus-level cluster.  22 

Statistical Analyses of Viral and Host Community Composition 23 

To assess viral community composition and the factors that drive it, we first normalized 24 
the table of trimmed mean genome coverages for all species-representative vMAGs 25 
across all sample sites and EHS replicates by sequencing depth (in hundreds of millions 26 
of filtered reads per sample library). Since the Langwell site had nine restored peatland 27 
replicates representing soils with three different periods since restoration (Supplementary 28 
Table 1), genome abundance and genome coverage data from only the three replicates 29 
from soils with the longest restoration period (6 years before sampling) were retained to 30 
ensure consistency across sites for both community composition and downstream 31 
analyses. Viral and host genomes originally assembled from the removed replicates were 32 
retained, as species representatives assembled from them could still be present in other 33 
soils.  34 

Using the genome breadth table, any viral species representative with a genome breadth 35 
<50% in a sample had its trimmed mean coverage set to zero to avoid false detection. 36 
The modified, normalized trimmed mean coverage table for all samples was then 37 
converted into a Bray-Curtis dissimilarity matrix in R using the vegan package9 (v2.6.6.1). 38 
This matrix was subjected to principal coordinates analysis (PCoA) with the package 39 
ape10 v5.8. We conducted an analysis of similarity (ANOSIM) on the same dissimilarity 40 



 2 

matrix with the vegan package, using sample site as the grouping variable. Separate 41 
PCoA and ANOSIM analyses were also performed for each site, with EHS as the grouping 42 
variable. This process of normalization, modification of trimmed mean genome 43 
coverages, Bray-Curtis dissimilarity generation, PCoA, and ANOSIM was repeated for 44 
host species-representative genomes. The first axis from the virus PCoA was extracted 45 
and regressed against ecosystem health index (EHI)11 with the function “geom_smooth” 46 
from the R package ggpubr12 v0.6.0 using the method “lm.” PCoA plots for viruses and 47 
hosts were generated using ggplot2. 48 

To further investigate the drivers of viral community composition, we considered both 49 
biotic (host community composition) and abiotic factors (sample site, EHS, and EHI). 50 
Before running a Permutational Multivariate Analysis of Variance (PerMANOVA), we 51 
checked the beta-dispersion of the viral Bray-Curtis dissimilarity matrix with respect to 52 
sample site and EHS with a permutation test (n = 999 permutations) using the 53 
“betadisper” and “permutest” functions from the vegan package. Since the three EHS did 54 
not differ significantly in their average distance to the group centroid, but the seven 55 
sample sites did (see Supplementary Results), we performed the PerMANOVA holding 56 
sampling site constant by blocking by site, allowing us to control for site-level 57 
heterogeneity. We ran the PerMANOVA using the “adonis2” function from the vegan 58 
package (n = 9,999 permutations), with the Bray-Curtis dissimilarity matrix of viral 59 
communities across all sites as the response variable. Predictor variables, in order, 60 
included the first four PCoA axes of host community composition, followed by EHI and 61 
EHS. PerMANOVA P-values were adjusted using the Benjamini-Hochberg (BH) method. 62 

To quantify the contributions of host community composition, sample site, and EHS to the 63 
variance in viral community composition, we conducted variance partitioning using the 64 
“varpart” function from the vegan package. The response variable was the virus Bray-65 
Curtis dissimilarity matrix, with predictors being the host PCoA axes (X), sample site (X1), 66 
and EHS (X2). The statistical significance of variance partitioning results was assessed 67 
using Distance-based Redundancy Analysis (dbRDA) for sample site, EHS, and host 68 
community composition, separately. dbRDA was performed with the “dbrda” function from 69 
vegan, followed by Analysis of Variance (ANOVA) on each fitted dbRDA model. For all 70 
dbRDAs, the response variable was the virus Bray-Curtis dissimilarity matrix. In the 71 
sample site dbRDA, sample site was the predictor, with EHS and the first four host PCoA 72 
axes as conditioning terms to partition out variance from these factors. In the EHS dbRDA, 73 
EHS was the predictor, with sample site and host PCoA axes as conditioning terms. For 74 
the host community composition dbRDA, the first four host PCoA axes were predictors, 75 
with sample site and EHS as conditioning terms. 76 

Host MAG Metabolic Function Predictions 77 

To infer putative metabolic functions encoded by hosts, we used METABOLIC13 v4.0, 78 
running the METABOLIC-C.pl program on all medium- and high-quality host MAGs with 79 
default parameters. We focused on eight metabolic functional categories relevant to 80 
peatland soil ecosystems–oxidative phosphorylation, methanogenesis, fermentation, 81 
carbohydrate degradation, aromatics degradation, assimilatory sulfate reduction, 82 
dissimilatory sulfate reduction, and thiosulfate oxidation–due to their recognized 83 
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ecological importance in soil carbon and sulfur cycling and their expected sensitivity to 84 
peatland disturbance and restoration14–21. The "KEGGModuleHit" results from 85 
METABOLIC-C were used to determine whether six of these functions were encoded by 86 
host MAGs. For oxidative phosphorylation, we considered the function to be present in a 87 
MAG if either of the KEGG22 modules M00155 (cytochrome C oxidase, prokaryotes) or 88 
M00156 (cytochrome C oxidase, cbb3-type) was marked as present. For 89 
methanogenesis, the presence of any of the KEGG modules M00567 (hydrogenotrophic 90 
methanogenesis), M00357 (acetoclastic methanogenesis), M00356 (methylotrophic 91 
methanogenesis), or M00563 (methylotrophic methanogenesis from methylamine) 92 
indicated this function. For aromatics degradation, any of the following KEGG modules 93 
had to be present (see Supplementary Table 5 for descriptions): M00418, M00419, 94 
M00534, M00537, M00538, M00539, M00540, M00541, M00543, M00544, M00545, 95 
M00547, M00548, M00551, M00568, M00569, M00623, M00624, M00636, M00637, 96 
M00638, M00878, or M00915. Dissimilatory and assimilatory sulfate reduction functions 97 
were considered present if KEGG modules M00596 and M00176, respectively, were 98 
detected. For thiosulfate oxidation, the presence of module M00595 was required. 99 

Since no KEGG modules are directly associated with fermentation or carbohydrate 100 
degradation, and since the latter function is typically encoded by individual enzymes23, 101 
we used the "FunctionHit" results from METABOLIC-C to assess the presence or 102 
absence of these functions in each MAG. For fermentation, any of the six functions listed 103 
under the "fermentation" category in the METABOLIC-C results had to be present for the 104 
function to be considered encoded. Similarly, we checked the "complex carbon 105 
degradation" category to determine whether the carbohydrate degradation function was 106 
present in each MAG. Descriptions of the specific pathways in these two categories are 107 
provided in Supplementary Table 5. 108 

Viral and Host Relative Abundance Across EHS Groups 109 

To analyze changes in virus and host abundances across EHS with respect to host 110 
taxonomy and metabolic functions, we filtered the normalized, modified trimmed mean 111 
genome coverages for virus and host genomes (as used for PCoA above) to include only 112 
the differentially abundant viral/host genomes assigned to one of the three EHS groups. 113 
Additionally, to prevent skewing in abundance data due to non-detection, we included 114 
only genomes with trimmed mean genome coverage values >0, as the trimmed means 115 
were modified to set values to zero when a vMAG/MAG had a genome breadth <50%. 116 

The filtered trimmed mean genome coverage data were converted into relative 117 
abundance values separately for viruses and hosts. These relative abundances were 118 
calculated across EHS groups, using the combined data from samples of all sites, to 119 
determine the overall relative abundance of viral and host genomes relative to other trend 120 
groups. 121 

To analyze the composition of viruses and hosts within each trend group according to 122 
host class, relative abundances were recalculated from the filtered trimmed mean 123 
genome coverages. In this case, the abundances of hosts and their associated viruses 124 
were determined relative to other host classes within the same trend group. This 125 
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calculation was performed separately for each sample site, as well as for samples 126 
combined across all sites. 127 

Since the eight metabolic functions of interest are not mutually exclusive (a host can 128 
encode multiple functions), relative abundances for hosts encoding each function and 129 
their associated viruses were calculated separately. Specifically, the relative abundance 130 
of hosts encoding a particular function and their viruses was determined relative to other 131 
hosts/viruses with the same function across different trend groups, rather than relative to 132 
other metabolic functions within the same trend group. To identify whether a host 133 
metabolic function was enriched in a particular EHS group, the virus and host relative 134 
abundance values for each trend group-metabolism combination were normalized by the 135 
previously calculated overall relative abundances of viruses and hosts in each trend 136 
group. This produced a relative abundance ratio for comparison. The associated reported 137 
changes in relative abundance ratios reflect aggregated populations at the species level 138 
rather than individual replicates, limiting the applicability of traditional statistical 139 
significance tests. These observations highlight biologically meaningful trends rather than 140 
statistically validated differences. All visualizations of relative abundance were generated 141 
using ggplot2. 142 

Lysogenic Virus Abundance and Statistical Analysis of Active Viruses 143 

To examine temperate (hereafter lysogenic) phage abundance across EHS, lysogenic 144 
viruses were first identified by filtering vMAGs in Supplementary Table 3 based on their 145 
lytic state as reported by ViWrap24 (see github.com/AnantharamanLab/ViWrap#notes and 146 
github.com/AnantharamanLab/vRhyme#interpreting-vrhyme-binsvmags-), retaining 147 
those classified as “integrated prophage,” “lysogenic virus,” or “lysogenic scaffold.” 148 
Trimmed mean genome coverages of vMAGs in all samples were filtered to include only 149 
these identified lysogenic viruses and values >0. To account for differences in total viral 150 
load across samples, we normalized lysogenic virus abundance by dividing each 151 
lysogenic virus's abundance by the total virus abundance in the same sample. We then 152 
summarized the normalized lysogenic abundance per sample by calculating the mean, 153 
standard deviation, and standard error. All abundance values and summaries were 154 
computed at the sample level to avoid pseudoreplication. To test for differences in 155 
normalized lysogenic virus abundance across EHS, we used linear mixed-effects models 156 
(LMMs) with the “lmer” function from the R package lme425 v1.1.35.5, with EHS as a fixed 157 
effect and sample site as a random intercept to account for random variation across sites. 158 
Pairwise comparisons between EHS were computed using estimated marginal means 159 
with Benjamini-Hochberg adjustment. 160 

We also modeled the relationship between normalized lysogenic virus abundance and 161 
the continuous EHI using an LMM, again with sample site as a random intercept. Model 162 
comparisons were performed using likelihood ratio tests to determine whether inclusion 163 
of the EHI or treatment categories improved model fit. The final selected model included 164 
the EHI as a fixed effect and site as a random intercept. Model diagnostics were 165 
performed to evaluate residual behavior, influential sites, and model robustness. Marginal 166 
and conditional R2 values were calculated using the “r.squaredGLMM” function from the 167 
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R package MuMIn26 v1.48.4 to quantify variance explained by fixed effects alone versus 168 
both fixed and random effects combined. 169 

Finally, to explore virus replication activity, virus-to-host abundance ratios were calculated 170 
for all available pairs of individual vMAGs and host MAGs. A ratio of ≥10 was used to 171 
identify “active” viruses. All virus-host abundant ratios or hosts with taxonomic 172 
assignments at the family level were modeled using a linear mixed-effects model with the 173 
“lmer” function from the R package lme425, with virus-host ratio as the response variable 174 
and the interaction between EHS and host family as a fixed effect, accounting for variation 175 
between samples, sample sites, viruses, and host genomes by including each as a 176 
random intercept. Type II and type III ANOVAs were performed on the linear mixed-177 
effects model to assess the significance of the fixed effects and their interactions. 178 

vMAG Protein Functional Annotations 179 

An HMMsearch27 was performed on all vMAG-encoded amino acid sequences using 180 
profile HMMs from PHROGs28 (release 2022-01-17x), KEGG KOfam22 (March 2019 181 
release), Pfam-A29 v35.0, CAZy23 (release 8062022) as provided by dbCAN330, and the 182 
custom-built set of metabolic HMMs used by METABOLIC13. Each database was 183 
searched separately. HMM searches were conducted using PyHMMER27,31 v0.10.10 184 
through custom Python scripts (available at 185 
https://github.com/AnantharamanLab/UKPeatlandViruses), enforcing a minimum 186 
alignment coverage of 50% to ensure that alignments were representative of whole 187 
proteins rather than individual domains. In cases where an amino acid sequence had 188 
more than one hit to profile HMMs within the same database, only the hit with the highest 189 
bitscore was retained. 190 

Auxiliary Metabolic Gene (AMG) Prediction and Curation 191 

To identify putative AMGs encoded by vMAGs, we employed a stringent approach that 192 
utilized functional annotations and genomic context statistics to avoid false-positive 193 
predictions, following community standards32.  194 

First, we identified proteins with metabolic functions by analyzing the functional 195 
annotations of the highest-scoring alignment for each protein. In cases where a protein 196 
only aligned to a profile HMM from a single database, that single annotation was 197 
considered. A protein was classified as metabolic if it met at least one of the following 198 
criteria: (1) the highest-scoring alignment was to a profile HMM in the METABOLIC 199 
custom HMM database, (2) the highest-scoring alignment was to a Carbohydrate-Active 200 
Enzyme (CAZyme) profile HMM, (3) the highest-scoring alignment was to a profile in the 201 
KEGG KOfam database and the protein was present in the list of AMG KOs used by the 202 
virus and AMG identification tool VIBRANT33 (see 203 
github.com/AnantharamanLab/VIBRANT/blob/master/files/VIBRANT_AMGs.tsv), 204 
excluding KOs in the category “nucleotide metabolism”, or (4) the highest-scoring 205 
alignment was to a PHROG profile HMM (since PHROGs encompass putative AMGs as 206 
well as other proteins), and the protein also had an annotation matching a CAZyme, 207 
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METABOLIC, or KEGG KOfam profile HMM present in the list of VIBRANT AMG KOs, 208 
excluding those involved in nucleotide metabolism. 209 

Next, we filtered the putative metabolic proteins to remove spurious predictions likely 210 
resulting from homology to proteins with non-metabolic functions32,34. A list of "false" AMG 211 
keywords was compiled (Supplementary Table 6) to identify potential misclassifications 212 
due to homology with proteins associated with lysis, genome replication, anti-host 213 
defense, genome degradation, transcriptional regulation, and capsid assembly 214 
(Supplementary Table 6). If a protein had an annotation to a profile HMM in KEGG 215 
KOfam, Pfam, CAZyme, METABOLIC database, or PHROGs containing any of these 216 
keywords, it was excluded from the list of putative AMGs. While we acknowledge that this 217 
stringent filtering may remove some bona fide AMGs in addition to misclassified ones, we 218 
adopted this conservative approach due to the limited representation of soil viral genomes 219 
and proteins in public databases and the generally poor understanding of their functional 220 
roles. 221 

Finally, AMG predictions were further refined to include only AMGs unlikely to have 222 
originated from host genome contamination32. This was achieved by assigning V-scores 223 
and VL-scores to AMGs, as described by Zhou et al. (2024). V-scores and VL-scores are 224 
indicative of whether a protein is typically encoded by viruses or non-viral sources35. For 225 
an AMG to be considered valid, we required it to be flanked within 10 kb on both sides by 226 
another protein annotated to a profile HMM with a V-score of 10, signifying a strong viral 227 
association35. Additionally, the local genomic region encoding the putative AMG (10kb 228 
window) was required to have an overall average VL-score of at least 3.15, ensuring the 229 
region overall is of viral origin35. 230 

Supplementary Results 231 

Metagenome Assembly, Quality, and Metagenome-Assembled Genome (MAG) 232 
Generation 233 

Metagenomic sequence read quality control suggested all 66 paired-read libraries were 234 
of high-quality, with >95% of pairs retained after filtering each library (Supplementary 235 
Table 1). We generated 22 metagenomes that were co-assembled from the filtered 236 
metagenomic sequence read libraries (Supplementary Table 1). Altogether, the 22 co-237 
assemblies contained 606,380 contigs at least 5 kb in length, with an overall average 238 
length of 27.56 ± 5.62 kb. The average N50 and L50 across all co-assemblies were 2,974 239 
and 66,150, respectively (Supplementary Table 1). Mapping filtered reads back to their 240 
assemblies revealed an overall read recruitment of 61.01% to all contigs (Supplementary 241 
Table 2), 59.80 ± 7.69% per co-assembly or 59.97 ± 9.25% per sample (Supplementary 242 
Table 2). Binning metagenomic contigs with MetaBAT2 generated an initial 3,098 bins, 243 
141 ± 41 per co-assembly on average (Supplementary Table 7). Of these, a total of 935 244 
bins were estimated to be medium- or high-quality MAGs. Taxonomic assignments by 245 
GTDB-tk revealed 73 Archaeal MAGs from 5 phyla and 862 Bacterial MAGs from 21 phyla 246 
among the medium- and high-quality MAGs. Clustering the 935 medium- and high-quality 247 
MAGs generated 459 species-level representative MAGs that were used for downstream 248 
beta-diversity and differential abundance analyses. 249 
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Host Community Composition 250 

Using principal coordinates analysis (PCoA) of all sample sites combined, we found that 251 
geography was the primary driver of host community composition (Extended Data Figure 252 
1A). Although the host communities of some samples from different sites were similar in 253 
composition (Extended Data Figure 1A), samples in the PCoA were generally grouped by 254 
their geographic origin (R = 0.679, P = 0.001, ANOSIM) (Extended Data Figure 1A). This 255 
was consistent with our analysis of viral community composition (Figure 2D). As with the 256 
viral communities, a strong separation of host communities by ecosystem health status 257 
(EHS) was seen when performing PCoA on host MAGs from each site, separately 258 
(Extended Data Figure 1B), with statistics supporting this (R >0.5, P <0.05, ANOSIM) in 259 
all sites except Stean, as was observed for the viral communities (Figure 2E). Overall, 260 
these suggest that geography and EHS significantly and strongly governed host 261 
community composition similarly as they did with virus community composition. 262 

Host Genome Differential Abundance Across Ecosystem Health Statuses 263 

Using DESeq2, 455 out of 459 host species representative genomes (99%) were 264 
differentially abundant across EHS in at least one sample (P < 0.05, FDR adjusted, 265 
likelihood-ratio test, see Source Data Extended Data Figure 4). Hierarchical clustering of 266 
the mean abundance z-scores of these 455 representative genomes across samples into 267 
EHS ‘trend groups’ revealed that 664 (40%) were enriched in natural soils, 440 (26%) in 268 
restored soils, and 560 (34%) in damaged soils (Extended Data Figure 3). The sum of 269 
host species representatives across all trend groups exceeds the total number of unique 270 
representative genomes. This occurs because the same set of 445 differentially abundant 271 
representative genomes was used for hierarchical clustering across all sites (see 272 
Methods), allowing for one species representative to be enriched in one EHS at one 273 
sample site and represent a host of the same species enriched in a different EHS at 274 
another site. Across all sites, there was a greater proportion of natural-enriched hosts 275 
(39%) than damaged-enriched viruses (34%) and restored-enriched viruses (27%) 276 
(Figure 3A). 277 

Effects of Host Community Composition on Viral Community Composition 278 

Viruses, as obligate parasites, are closely tied to their hosts. To explore factors shaping 279 
viral communities, we analyzed how sample site and ecosystem health affect viral 280 
composition alongside host communities. Multivariate dispersion differed among sites (P 281 
= 0.001, permutation test, n = 999 permutations) while dispersion among treatments 282 
remained homogeneous (P = 0.168), prompting us to treat sampling site as a blocking 283 
factor in a subsequent PerMANOVA on community composition. After controlling for 284 
variation due to sampling site, host-community composition (host PCoA axes 1-4) 285 
explained the largest share of within-site variation (cumulative marginal R2 = 0.38, P = 286 
0.005 for each axis, PerMANOVA, n = 9,999 permutations; Supplementary Table 4).  287 
Ecosystem health also influenced community composition but to a lesser extent: the 288 
categorical EHS accounted for 5.1% of viral Bray-Curtis variation (F = 2.97, P = 0.001), 289 
whereas EHI explained 2.9% (F = 3.35, P = 0.0045). Variance partitioning of the same 290 
model corroborated these results. The pure fractions showed that host composition 291 
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contributed an adjusted R2 = 0.187 to viral community structure, followed by sample site 292 
(adj. R2 = 0.156; Supplementary Table 4). EHS also contributed an adjusted R2 = 0.025 293 
to viral community structure, and ecosystem health index (EHI) contributed an adjusted 294 
R2 = 0.005 (Supplementary Table 4). Partial distance-based redundancy analysis (db-295 
RDA) further showed that these were significant (host axes: F = 7.6, P = 0.001; sample 296 
site: F = 4.8, P = 0.001; EHS: F = 2.7, P = 0.001; EHI: F = 1.6, P = 0.039; Supplementary 297 
Table 4). In summary, although viral community composition is intricately linked to host 298 
community structure, our findings show that geography and ecosystem health (see 299 
Results) also impact viral communities in ways that are separate from their hosts. 300 

Virus Species Representative Totals Across Trend Groups 301 

Using DESeq2, we found that 1,448 out of 1,548 viral species representative genomes 302 
(94%) showed significant changes in abundance across EHS in at least one site (P <0.05, 303 
FDR adjusted, likelihood-ratio test, see Source Data Extended Data Figure 3 for individual 304 
statistics). Hierarchical clustering of the mean abundance z-scores of these 1,448 305 
representative genomes across samples into EHS ‘trend groups’ revealed that 965 (35%) 306 
were enriched in natural soils, 895 (32%) in restored soils, and 897 (33%) in damaged 307 
soils (Extended Data Figure 3). 308 

It is important to note that the sum of virus species representatives across all trend groups 309 
in Extended Data Figure 3 and its Source Data exceeds the total number of unique 310 
representative genomes. This occurs because the same set of 1,448 differentially 311 
abundant representative genomes was used for hierarchical clustering across all sites 312 
(more details in Methods). This approach allowed for one virus species representative to 313 
be enriched in one EHS at one sample site and also represent a virus of the same species 314 
enriched in a different EHS at another site. 315 

Note that endemicity (presence exclusively in one EHS across all sites), as determined 316 
by our presence/absence analysis (see main text), and differential abundance (significant 317 
abundance variation between EHS within individual sites) represent complementary but 318 
distinct measures of viral distribution. Viruses endemic to a single EHS inherently differ 319 
in abundance from EHS where they are absent, while viruses present in multiple EHS 320 
can still show significant abundance shifts, contributing to the higher proportion (94%) of 321 
differentially abundant viruses reported. Additionally, virus species representatives are 322 
clusters dereplicated at 95% identity, allowing for variable differential abundance patterns 323 
across sites. 324 

Viral and Host Dynamics Across Key Biogeochemical Functions in Peatlands 325 

The eight metabolic functions we evaluated were oxidative phosphorylation, 326 
methanogenesis, fermentation, carbohydrate degradation, aromatics degradation, and 327 
sulfur cycling (including assimilatory and dissimilatory sulfate reduction, as well as 328 
thiosulfate oxidation) (Supplementary Table 5). 329 

For oxidative phosphorylation, the relative abundance of viruses increased from natural 330 
(1.00) to restored (1.12 +11%), then decreased from restored to damaged (0.89, -25%), 331 
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while the host abundance decreased from natural (1.08) to restored (0.82, -32%), and 332 
slightly increased from natural to damaged (1.06, -1.85%) (Figure 3C). 333 

In methanogenesis, viruses were only detected in restored soils, where they had a much 334 
higher relative abundance ratio (2.8, n = 1 virus genome) compared to its predicted host 335 
species representatives (1.8, n = 2 host genomes), suggesting an enrichment of viruses 336 
infecting methanogens in restored peatland soils (Figure 3C). Although this observation 337 
involves only a single viral species representative genome and two host representative 338 
genomes, each represents an aggregated species-level population across multiple 339 
samples and replicates. Thus, the n = 1 virus or n = 2 hosts here should not be taken as 340 
literally a single individual, but rather as capturing an entire lineage present in the 341 
community. 342 

For fermentation, viral abundance increased slightly from natural (1.07) to restored (1.08, 343 
+1.7%), and decreased in damaged soils (0.87, -22%). Host abundance showed a 344 
decrease from natural (1.13) to restored (0.99, -14%) and further decreased in damaged 345 
soils (0.86, -32%) (Figure 3C). 346 

Carbohydrate degradation saw minor changes, with viral abundance stable from natural 347 
(1.05) to restored (1.05), and a slight decrease in damaged soils (0.91, -15%). Host 348 
abundance was similarly stable from natural (1.03) to restored (0.95, -9%), with minimal 349 
change in damaged soils (1.01) (Figure 3C). 350 

In aromatics degradation, viral abundance increased from natural (0.87) to damaged 351 
(1.12, +22%), and similarly, host abundance increased from natural (0.68) to damaged 352 
(1.17, +44%), suggesting a synchronized enrichment of viruses and hosts involved in 353 
aromatic degradation processes (Figure 3C). 354 

For assimilatory sulfate reduction, viral abundance decreased significantly from natural 355 
(1.19) to restored (0.78, -52%), with host abundance showing a drastic decline from 356 
natural (1.07) to restored (0.41, -159%). From restored to damaged soils, viral abundance 357 
increased by 25% (0.78 to 1.04), while host abundance showed a major increase from 358 
0.41 to 1.38 (70%, Figure 3C). 359 

For dissimilatory sulfate reduction, viral abundance decreased by 36% (from 1.15 to 0.85) 360 
from natural to restored soils, with a moderate recovery (+17%) in damaged soils (to 361 
1.02). Host abundance showed a sharp decline across all transitions: natural (1.32) to 362 
restored (0.90, -48%) and further to damaged soils (0.72, -25%) (Figure 3C). 363 

In thiosulfate oxidation, viral abundance increased dramatically by 72% (from 0.43 to 364 
1.57) between restored and damaged soils, following a large decrease from natural to 365 
restored (-111%). Host abundance showed a significant decline from natural (1.71) to 366 
restored soils (0.57, -199%) but remained relatively stable between restored and 367 
damaged soils (-5%, from 0.57 to 0.54) (Figure 3C). 368 

Virus-Host Infection Dynamics Change with Ecosystem Health 369 
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The variation in virus-host abundance slopes across EHS highlights how restoration 370 
efforts influence virus-host dynamics (Figure 5A). In Desulfobacterota, strong and stable 371 
correlations are observed in both natural (m = 0.620, R2 = 0.96, P = 5.05e-9, BH-adjusted) 372 
and restored soils (m = 0.920, R2 = 0.95, P = 5.05e-9, BH-adjusted), indicating consistent 373 
virus-host interactions in these environments (Figure 5A). However, in damaged soils, the 374 
relationship becomes insignificant (m = 0.078, R2 ≈ 0, P = 0.856, BH-adjusted), 375 
suggesting a disruption in virus-host dynamics under degraded conditions. In contrast, 376 
Desulfobacterota_B shows a marginally significant relationship in natural soils (m = 0.672, 377 
R2 = 0.88, P = 0.066, BH-adjusted), but much stronger correlations in restored (slope = 378 
0.682, R2 = 0.94, P = 1.4e-6) and damaged soils (m = 0.680, R2 = 0.77, P = 6.6e-05, BH-379 
adjusted), indicating that virus-host dynamics within this phylum are more robust in 380 
disturbed environments. Actinomycetota exhibits significant but more varied slopes, with 381 
a moderate correlation in natural soils (m = 0.404, R2 = 0.84, P = 3.01e-7, BH-adjusted), 382 
weaker relationships in restored (m = 0.198, R2 = 0.61, P = 3.25e-4, BH-adjusted) and 383 
damaged soils (m = 0.305, R2 = 0.54, P = 4.02e-4, BH-adjusted), suggesting shifting 384 
interactions across EHS. In Pseudomonadota, the correlation is weak but significant in 385 
natural soils (m = 0.247, R2 = 0.27, P = 0.0412, BH-adjusted), stronger in restored soils 386 
(m = 0.621, R2 = 0.90, P = 2.56e-7, BH-adjusted ), and remains significant in damaged 387 
soils (m = 0.436, R2 = 0.92, P = 7.01e-8, BH-adjusted), indicating that this phylum may 388 
be more sensitive to environmental conditions, leading to less predictable virus-host 389 
dynamics. Overall, these results suggest that EHS has a differential impact on virus-host 390 
interactions, with some phyla showing stable ‘piggyback-the-winner’ relationships across 391 
EHS, while others exhibit more complex, environment-dependent dynamics but still 392 
indicative of non-lytic infection. However, caution in interpretation is warranted due to 393 
potential biases in viral detection from microbial metagenomes, which may preferentially 394 
represent intracellular viruses. 395 

To further explore the impact of EHS on virus lifestyle, we modeled virus/host ratios as a 396 
function of EHS and host family, accounting for variation between samples, sample sites, 397 
host genomes, and viral genomes. The host family of viruses significantly affected 398 
virus/host ratios (P <0.05), demonstrating that different host families exhibit distinct virus-399 
host interaction dynamics across all EHS. Ecosystem health alone did not have a 400 
significant effect (P >0.05); however, the model revealed a highly significant interaction 401 
between EHS and host family (Type II ANOVA, P <0.0001, Supplementary Table 8), 402 
indicating an effect of EHS on virus/host ratios that varies considerably across host 403 
families. When accounting for this variation due to host family across EHS, it became 404 
clear that EHS had a highly significant effect on virus/host ratios (Type III ANOVA, P 405 
<0.001, Supplementary Table 8). Overall, these results reinforce our findings that 406 
environmental changes in peatland soils reshape virus-host interactions in a lineage-407 
specific manner. 408 
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