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285  notevident in the HMP time series, perhaps due to insufficient density of sampling to capture rapid
286  dynamics. Even when individual correlations were tested in HMP data, B.vulgatus did not show a
287  significant relationship (Pearson, P>0.05).

288

289  Consistent with observations from HMP time series (Figure 3), we found a positive relationship
290  between gene loss and Shannon diversity in B. vulgatus in individual am (Figure 4B, Pearson
291  correlation, P=0.06). The positive association with gene loss was mirrored by a negative
292  association with gene gain, although both with borderline statistical significance due to relatively
293  few observed gain or loss events over these short time intervals (Figure 4C, Pearson correlation,
294  P=0.09). All genes gained and lost in B. vulgatus in am were annotated as hypothetical proteins.
295  Neither polymorphism change nor gene gains or losses in B. vulgatus were correlated with species
296  richness in individual am (Figure S11A, B, and C, Pearson correlation, P>0.2).

297

298  Overall, these results are consistent with community diversity promoting changes within the B.
299  vulgatus genome over timescales of a few days. We note that this is an example of one abundant
300 species in one well-sampled individual and may not generalize to other species and hosts.
301  However, it does suggest that changes in polymorphism captured over daily time scales could be
302  obscured over the timescales on the order of months, as reflected in the HMP samples. The
303  association between Shannon diversity and gene loss, in both HMP and Poyet time series, is
304  suggestive of adaptive gene loss as posited by the Black Queen Hypothesis (BQH). Under BQH,
305  genes are lost from an individual genome when their functions are provided by other members of
306  a(diverse) community.

307
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309
310  Figure 4. Correlations between polymorphism and gene content changes in B. vulgatus and Shannon
311  diversity in one human gut microbiome over 18 months. A) Correlation between polymorphism change
312 (time point 2 — time point 1) and Shannon diversity at time point 1 (tpl; the earlier time point). B)
313 Correlation between the number of genes lost between tpl and tp2 and the Shannon diversity at tpl. C)
314  Correlation between the number of genes gained between tpl and tp2 and the Shannon diversity at tpl.
315  Each point represents the change measured between a pair of consecutive time points. Pearson correlations
316  and P-values are reported in each panel.

317

318  Testing the Black Queen hypothesis in the human gut microbiome

319  To further assess evidence for the BQH in the HMP data, we tested the hypothesis that a focal
320  species encodes fewer genes in a community that collectively harbors more genes. This would be
321  expected under adaptive gene loss, provided that the genes encoded by the community provide
322 'leaky' functions to the focal species. Contrary to this simple expectation, we observed a significant
323  positive relationship between community gene richness and focal species gene richness (see
324  Methods for computation of gene richness) (Figures SA and S12A; GAM, P=2.92¢-06, Chi-
325  square test) (Table S6, supplementary file 1). By estimating Spearman correlation between gene
326  richness per focal species and community gene richness, we found that out of 134 species, 42 had
327  significant correlations, of which 39 were positive (Fig S13). This result is inconsistent with a
328  simple version of the BQH acting on individual gene families assuming that all gene functions are

329  equally 'leaky'. It is, however, broadly consistent with DBD, provided that gene content is
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330  correlated with polymorphism rate, which we already showed to be correlated with community
331  diversity (Figure 2). In other words, DBD is supported both in terms of within-species single
332 nucleotide polymorphism and gene content variation.

333

334  Next, we tested the hypothesis that the BQH acts at the level of metabolic pathways rather than
335  individual gene families. Specifically, cellular pathways that are encoded by the community need
336 not be encoded by a focal species provided that the pathway product or function is leaky.
337  Consistent with the BQH acting at the pathway level, we found that community pathway richness,
338  measured as the number of pathways present with non-zero abundance inferred with HUMAnN2
339  (Franzosa et al., 2018) (Methods) was negatively correlated with focal species pathway richness
340  (Figures 5B, S12B; GAM, P<2e-16, Chi-square test) (Table S6, supplementary file 1). When
341  testing 239 prevalent species, we found 107 significant Spearman correlations (P < 0.05), of which
342 95 (89%) were positive (Fig S14). Note that three species (Escherichia coli, Enterobacter cloacae
343 and Klebsiella pneumoniae, shown respectively with green, orange, and red points and trendlines
344  in Figure 5B) with particularly high pathway richness had much steeper negative slopes, but they
345  are not solely responsible for the overall negative trend (Fig 5B).

346

347

348
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349

350  Figure 5. Testing predictions of the Black Queen Hypothesis in the human microbiome. Plots show
351  correlations between (A) the number of genes present in a focal species and genes present in other members
352 of the community (out of 124 species tested, 42 had significant correlations, of which 39 positive and 3
353  negative), and B) the number of pathways present in focal species and community pathway richness (out
354 of 239 species tested, 107 had significant correlations, of which 95 negative and 12 positive). Only species
355  present in at least 4 samples with a significant Spearman correlation (P<0.05) are plotted.

356
357  Discussion

358 In this paper we investigated whether community diversity begets genetic diversity within
359  species in gut microbiota using static and temporally resolved fecal shotgun metagenomic data
360  from a panel of healthy hosts. In support of the DBD hypothesis, we found that focal species often
361  have higher polymorphism rates and strain counts in more diverse communities, whether
362  community diversity was estimated with Shannon index or species richness. The same pattern held
363  when community diversity was estimated at higher taxonomic ranks, consistent with our previous
364  analysis of amplicon sequence data across environments (Madi et al., 2020) and a recent

365  experimental study of soil bacteria community assembly (Estrela et al., 2022). Together, these
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366  results indicate that the DBD hypothesis is relevant at multiple taxonomic levels, and extends past
367 the species level to the sub-species genetic level.

368 While sub-species strain diversity is generally positively correlated with Shannon
369  diversity, it is inversely correlated with species richness, suggesting that the ability of strains to
370  colonize a host may be associated with higher community evenness rather than their total count.
371  Although Shannon diversity is considered to be more robust and informative than richness in
372  estimating bacterial diversity (He et al., 2013; Reese and Dunn, 2018), we observe the same
373  contrasting results between Shannon and richness when community diversity is calculated at
374  higher taxonomic levels, suggesting that this pattern is not due to artifacts such as sequencing
375  effort.

376 Another study also recently found evidence for eco-evolutionary feedbacks in the HMP, in
377  the form of a positive relationship between evolutionary modifications or strain replacements in a
378  focal species and community diversity (Good and Rosenfeld, 2022). Using a model, they further
379  showed that these eco-evolutionary dynamics could be explained by resource competition and did
380  not require the cross-feeding interactions previously invoked to explain DBD at higher taxonomic
381 levels (Estrela et al., 2022; San Roman and Wagner, 2021, 2018). This could be because cross-
382  feeding operates at the family- or genus- level, and is less relevant as a finer-scale evolutionary
383  process.

384 Perhaps compatible with the recent work, we found that community diversity predicts gene
385 loss in a future time point and that community pathway richness is negatively correlated with
386  pathway richness of a focal species. This suggests that both DBD and BQH might be at play in the
387  gut microbiome, in which high community diversity may simultaneously select for diversification
388  (atthe SNV and strain level) while also selecting for adaptive gene loss as predicted by BQH (that
389 is, relaxed selective pressure to maintain pathways already provided by the community). While it
390 is possible that gene deletion events could explain the loss of functional metabolic pathways, it is
391  also possible that there is a propensity for strains with fewer pathways to colonize hosts with more
392  complex communities. Higher resolution time series data can help to disentangle these possibilities
393  as well as to more deeply quantify the effect of BQH on microbiome diversity.

394 The tendency for reductive genome evolution in bacteria has already been reported by
395  comparing hundreds of genomes (Albalat and Caiiestro, 2016; Koskiniemi et al., 2012; Puigbo et

396  al., 2014). Genome reduction is also a hallmark of endosymbiotic bacteria, which receive many
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397  metabolites from their hosts (McCutcheon and Moran, 2012; Nikoh et al., 2011). It has been shown
398  thatuncultivated bacteria from the gut have undergone considerable genome reduction, which may
399  be an adaptive process that results from use of public goods (Nayfach et al., 2019). Our findings
400  suggest that genome reduction in the gut is higher in more diverse gut communities, and future
401  work could establish whether this effect is indeed due to metabolic cross-feeding as posited by
402  some models (Estrela et al., 2022; San Roman and Wagner, 2021, 2018), but not others (Good and
403  Rosenfeld, 2022).

404 The BQH may help explain why the majority of gut microbial species remain recalcitrant
405  to cultivating under laboratory conditions (Nayfach et al., 2019; Walker et al., 2014). Specifically,
406  gut microbes may lack the necessary pathways to survive in culture in absence of their natural
407  counterparts that may otherwise provide essential goods. For instance, menaquinone and fatty
408  acids have been shown to promote the growth of uncultured bacteria, and both pathways were
409  missing from many uncultured bacteria identified in (Nayfach et al., 2019). Additionally, more
410  than 70% of the recent created Unified Human Gastrointestinal Genome (UHGG) collection lack
411  cultured representatives (Almeida et al., 2019).

412 As noted in our previous study (Madi et al., 2020), we cannot establish causal relationships
413 between community diversity and focal species diversity using cross-sectional survey data; doing
414  so requires controlled experiments. In the case of DBD, the correlations observed in naturally
415  occurring microbiomes are generally concordant with experimental (Estrela et al., 2022; Jousset
416 et al.,, 2016) and metabolic modeling studies (San Roman and Wagner, 2021), strengthening the
417  plausibility of the hypothesis. Although they also note that causality is difficult to establish, Good
418 and Rosenfeld (2022) suggest the importance of focal species evolution as a driver of changes in
419  community structure, as shown in an experimental study of Pseudomonas in compost communities
420  (Padfield et al., 2020). Further work is therefore needed to establish the extent and relative rates
421  of eco-evolutionary feedbacks in both directions. How these feedbacks among bacteria are
422  influenced by abiotic factors and by interactions with fungi, archaea, and phages also deserve
423  further study.

424 In summary, our results show support for both DBD and the BQH within the human gut
425 microbiome. Using metagenomic time series data, we find a positive association between
426  community diversity and sub-species strain-level diversity. Higher community diversity is also

427  associated with losses of genes and metabolic pathways in a focal species. Whether these reductive
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428  genome evolution events are adaptive, as predicted by BQH, and if they can be explained by
429  metabolic cross-feeding, remains to be seen.

430
431
432

433 Data and materials availability

434  The raw sequencing reads for the metagenomic samples used in this study were downloaded

435  from Human Microbiome Project Consortium 2012 and Lloyd-Price et al. (2017)

436  (URL: https://aws.amazon.com/datasets/human-microbiome-project/); and Poyet et al. 2019
437  (NCBI accession number PRINA544527). All computer code for this paper is available at
438  https://github.com/Naimal6/DBD_in_gut microbiome.

439

440
441 Methods

442

443  Metagenomic analyses

444

445  Estimation of species, gene, and SNV content of metagenomic samples

446 We used MIDAS (Metagenomic Intra-Species Diversity Analysis System, version 1.2,
447  downloaded on November 21, 2016) (Nayfach et al., 2016) to estimate within-species nucleotide
448  and gene content of raw metagenomic whole genome shotgun sequencing data for HMP1-2 and
449  Poyet et al. 2019 data. MIDAS relies on a reference database comprised of 31,007 bacterial
450  genomes that are clustered into 5,952 species, covering roughly 50% of species found in human
451  stool metagenomes from “urban” individuals. Described below are the parameters used to estimate
452  species abundances, SNVs, and gene copy numbers variants (CNVs) with MIDAS:

453

454  Estimation of species content:

455 To assess evidence for community diversity begetting genetic diversity, we estimated
456  species diversity and SNVs and CNVs by mapping reads to reference genomes. Since a component

457  of this work relies on quantifying polymorphism and CNV changes over time, we constructed a
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458  “personal” reference database to avoid spurious inferences of allele frequency and CNV changes
459  due to errors in mapping of reads to regions of the genome shared by multiple species. This per-
460  host reference database was comprised of the union of all species present at one or more timepoints
461  so as to be as inclusive as possible to prevent reads from being “donated” to reference genome,
462  while also being selective to prevent a reference genome from “stealing” reads from a species truly
463  present.

464 To estimate the species relative abundances for each host x timepoint sample, we mapped
465  reads to 15 universal single-copy marker genes that are a part of the MIDAS pipeline (Nayfach et
466  al., 2016; Wu et al., 2013) and belong to the 5,952 species. A species with an average marker gene
467  coverage > 3 was considered present for the purposes of inferring SNVs and CNVs below. The
468  per-host database was constructed by including all species present at one or more timepoints with
469  coverage >3.

470

471  Estimation of copy number variation:

472 To estimate gene copy number variation (CNV) we mapped reads to the pangenomes of
473  species present in a host’s personal database using Bowtie2 (Langmead and Salzberg, 2012) with
474  default MIDAS settings (local alignment, MAPID>94.0%, READQ>20, and ALN_COV=>(0.75).
475  Each gene’s coverage was estimated by dividing the total number of reads mapped to a given gene
476 by the gene length. These genes included the aforementioned 15 universal single-copy marker
477  genes. A given gene’s copy number (c) was estimated by taking the ratio of its coverage and the
478  median coverage of the single-copy marker genes.

479 With these copy number values, we estimated the prevalence of genes in the broader
480  population, defined as the fraction of samples with copy number ¢< 3 and ¢>0.3 (conditional on
481  the mean single gene marker coverage being > 5x). For each species, we computed “core genes”,
482  defined as genes in the MIDAS reference database that are present in at least 90% of samples
483  within a given cohort. Within-host polymorphism rates were computed in core genes.

484 However, orthologous genes present in multiple species can result in read stealing and read
485  donating. Thus, we excluded a set of genes belonging to a ‘blacklist’ comprised of genes present
486  in multiple species. This blacklist was constructed in Garud et al. 2019 using USEARCH (Edgar,
487  2010) to cluster all genes in human-associated reference genomes with a 95% identity threshold.

488  Since some genes may be absent from the MIDAS database that may also be shared across species,

20


https://doi.org/10.1101/2022.03.08.483496
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.03.08.483496; this version posted March 8, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

489  we implemented another filter in Garud et al. 2019 in which genes with ¢ > 3 in at least one sample
490  in our cohort was excluded from analysis of polymorphism rate or gene changes over time.

491

492  Inferring single nucleotide variants (SNVs) within bacterial species

493 To call SNVs, we mapped reads to a single representative reference genome as per the
494  default MIDAS software. Reads were mapped with Bowtie2, with default MIDAS mapping
495  thresholds: global alignment, MAPID>94.0%, READQ>20, ALN_COV>(.75, and MAPQ>20.

496  Species were excluded from further analysis if reads mapped to <40% of their genome. We further
497  excluded samples from further analysis if they had low median read coverage (D) at protein coding

498  sites. Specifically, samples with D < 5 of across all protein coding sites with nonzero coverage
499  were excluded. This MIDAS SNV output was then used subsequently for computing within-
500  species polymorphism rates and inferring the number of strains present for each species in each
501  sample (see below).

502 To compute polymorphic rates, additional bioinformatic filters were imposed to avoid read

503  stealing and donating across different species. First, we did not call SNVs in blacklisted genes
504  present in multiple species. Additionally, we excluded sites in a given sample if D < 0.3D or D >
505 3D as these sites harbor coverage anomalously low or high compared to the genome-wide average

506 D. An additional coverage threshold requirement of 20 reads/site was imposed for inclusion of
507  SNVs in the polymorphism rate computation.

508

509

510  Shannon diversity, species richness and polymorphism rate calculations

511  Shannon diversity and richness were computed within each sample by including any species with
512 abundance greater than zero. Rarefied species richness estimates are based on HMP1-2 samples
513  rarefied to 20 million reads and Poyet samples rarefied to 5 million reads.

514

515  The polymorphism rate of a species in a sample was computed as the proportion of synonymous
516  sites in core genes with intermediate allele frequencies (0.2 <f'<0.8). This is quantitatively similar
517  to the more traditional population genetic measure of heterozygosity, H=E[2/(1-f)], in which

518 intermediate frequency alleles contribute the most weight. By computing polymorphism with the
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519  criteria 0.2 <f'<0.8, we avoid inclusion of low frequency sequencing errors, which can otherwise
520  greatly influence the mean heterozygosity.

521

522 Temporal changes in polymorphism rates and gene content

523  Delta polymorphism (or changes in polymorphism) was computed as the difference in
524  polymorphism rates between time points. Gene gains and losses between time points were
525 computed by identifying genes with copy number ¢ <=0.05 (indicating gene absence) in one
526  sample and 0.6 <= ¢ <= 1.2 in another (indicating single copy gene presence). These thresholds
527  were used in Garud et al. 2019 when inferring gene changes in temporal data and reflect a range
528  of copy numbers expected in either the absence of a gene or presence of a single copy of a gene.
529  Higher copy numbers were not considered to avoid confounding our analysis with read stealing or
530  donating among different species. Filters for coverage and blacklisted genes were applied as
531  described above.

532

533 Strain number inference

534  We used StrainFinder (Smillie et al., 2018) to infer the number of strains present for each species
535  in each HMP1-2 metagenomic sample. To do so, we used allele frequencies from MIDAS SNV
536  output, generated as described above. For each species in each host, all multi-allelic sites with
537  coverage of 20x or greater were passed as input to StrainFinder. Species in which no sites passed
538  the 20x threshold were assumed to have only a single strain. StrainFinder was then run on each
539  sample separately for strain number 1, 2, 3, and 4, and the optimal strain number was chosen based
540  on BIC. This range of strain number was chosen for biological reasons. Based on multiple analyses
541  of the densely longitudinally sampled metagenomic data from four healthy hosts in Poyet et al, a
542  maximum of three strains were shown to be present at any one time within a host for the ~30 most
543  prevalent species (Poyet et al. 2019, Wolff et al. 2021, Zheng et al. 2020). Thus, four strains were
544  chosen as the maximum to accommodate the range of observed possibilities, as well as possible
545  rare cases outside of this, without overfitting.

546

547  Gene and pathway richness

548  To determine gene richness of each sample, we used the default MIDAS threshold of 0.35 copy

549  number to define gene presence and absence. All genes from the species’ pangenome with
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550  minimum read-depth of 1, including core and accessory genes, were considered for this analysis.
551  Finally, we define “community gene richness” of a sample, with respect to a focal species, as the
552 number of gene clusters present in any of the species in the sample, excluding the focal species.
553  Gene clusters are defined as any set of genes with 95% nucleotide identity.

554

555 In addition to examining gene sets, we utilized previously generated functional profiling output
556  from HUMAnNN 2.0 (Franzosa et al., 2018) (downloaded from
557  https://www.hmpdacc.org/hmmrc2/) to estimate pathway richness in each species present in a
558  sample. HUMAnN 2.0 takes in whole genome metagenomes and reports gene family (UniRef) and
559  metabolic pathway (MetaCyc) abundances in reads per kilobase (RPK); here, we count all

560  pathways with nonzero RPK as present in a sample.

561
562  Statistical analyses
563

564  Model construction and evaluation

565  Using data from the HMP and Poyet et al. 2019, we examined the relationship between intra-
566  species diversity and gut microbiome community diversity. Intra-species diversity was estimated
567  with polymorphism rate and strain count within each species at individual time points. When two
568  or more time points were available from the same person, delta polymorphism and gene content
569  wvariation (gain and loss) between time points were used to track DBD over time. Community
570  diversity was estimated with the Shannon index, species richness and rarefied richness (to 20
571  million reads per sample). When the relationship between the response variable (intra species
572  genetic diversity) and the predictor (community diversity) was approximately linear by visual
573  inspection, we fit generalized linear mixed models (GLMMs) (glmmTMB function from the
574  glmmTMB R package - RStudio version 1.2.5042) with community diversity as the predictor of
575  within-species genetic diversity, otherwise we fit Generalized additive mixed models (GAMs)
576  (mgcv function from the mgev R package - RStudio version 1.2.5042) to account for the non-
577  linearity of the relationships.

578

579  To account for variation in sequencing depth, we added read count per sample (coverage) as a

580  covariate to all generalized mixed models except when richness was calculated on the rarefied
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581  data. Species name and sample identifier nested within subject identifier were added as random
582  effects to account for variation between different species, subjects, and samples.

583

584  In generalized mixed models, the predictors were standardized to zero mean and unit variance
585  before analyses. We first assessed random effects significance by comparing nested models where
586  each random effect was dropped one at a time using the likelihood-ratio test (LRT, anova function
587  from the R stats package). We then assessed the fixed effects significance with LRTs implemented
588 in dropl function in the stats package (this function drops individual terms from the full model
589  and report the AIC and the LRT p-value). We again used LRTs to compare the full significant
590  models to null models including all random effects but no fixed effects other than the intercept.
591  The difference in Akaike information criterion (AAIC) between full and null model and their
592  associated p-value are reported in Supplementary Tables S3, S4 and S5. As an additional
593  evaluation of the goodness of fits, we estimated the coefficient of determination (R?) using the r2
594  function from the performance R package. Two values are reported: the marginal R?, a measure of
595  the variance explained only by fixed effects, and the conditional R?, a measure of the variance
596  explained by the entire model (Supplementary Table S5). We evaluated the GLMM fits by
597  inspecting the residuals using the DHARMa library in R (simulateResiduals and plot functions).
598 In generalized additive mixed models (GAMs), we evaluated the fits by inspecting residual
599  distributions and fitted-observed values plots using the gam.check function from the mgcv R
600 package. Adjusted R? (from summary function from the mgcv R package) values are reported as
601  a goodness of fits. All model outputs (summary function from mgcv and glmmTMB R packages)
602  are reported in the Supplementary File 1.

603

604  Correlation analyses and scatter plots between community diversity and within-species genetic
605  diversity

606  Only species present in at least four samples were retained to produce the scatter plots (ggplot
607  function in the ggplot2 R package) and to test the relationship between community diversity and
608  within-species genetic diversity with correlation analyses (Pearson when the relationship is linear
609  and Spearman otherwise; cor.test function from the stats R package).

610

611  Community diversity is correlated with strain-level diversity
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612  To assess evidence for DBD in the gut microbiome, we first tested the relationship between
613  community diversity and within-species polymorphism rate. Because scatter plots (Figs 2A,B,
614  S1,S2) showed non-linear trends, we fitedt a separate generalized additive mixed model (GAM)
615  with polymorphism rate in a focal species as a function of each of the community diversity metrics
616  (Shannon index, species richness and rarefied species richness).

617

618  We then sought to test this relationship with community diversity calculated at higher taxonomic
619  ranks (from genus to phylum). We used GTDBK and the Genome Taxonomy Database (GTDB)
620  (Chaumeil et al., 2020) to annotate MIDAS reference genomes. Richness at each level was
621  estimated with the total number of distinct units in the sample. Shannon index was calculated based
622  on the relative abundances table from MIDAS (469 samples*5952 species). At each level and for
623  every distinct unit from the sample, we used the sum of the abundances of all species belonging to
624  the focal unit to calculate the Shannon index (using the diversity function from R vegan library).
625  We then fit two GAMs for each taxonomic rank (from genus to phylum) with Shannon diversity
626  and richness as the predictors of polymorphism rate in a focal species (with the coverage per
627  sample as a covariate and species name, sample and subject identifiers as random effects). All the
628 GAMs in this section were fitted with a beta error distribution with logit-link function because
629  polymorphism rate is a continuous value strictly bounded by 1, and all the terms were smooth
630  terms (See Table S2 and Supplementary File 1 for additional model details).

631

632  Asasecond test of DBD in the HMP data, we looked at the relationship between strain count in a
633  focal species and community diversity. Because scatter plots (Figs 2C,D, S5,S6) showed a linear
634  trend, we fit separate generalized linear mixed models (GLMMs) with strain count in a focal
635  species as a function of community diversity estimated with Shannon diversity, species richness,
636  or rarefied species richness. As strain number is positive count data, we compared many zero-
637  truncated count models based on the Akaike information criterion (AIC) score (AICtab function
638  from bbmle R library) (Brooks etal., 2017). We fit the model with the truncated negative binomial
639  distribution (truncated nbinom2 in glmmTMB; the second best fit) in order to resolve the
640  overdispersion detected in the best fit (the truncated Poisson model) using the
641  check overdispersion function from the performance R package as described here:

642  https://bbolker.github.io/mixedmodels-misc/glmmFAQ.html.
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643

644  Asinthe previous section, we tested the relationship between strain count and community diversity
645  at higher taxonomic levels from genus to phylum, fitting a separate GLMM with strain diversity
646 in a focal species as a function of each metric of diversity (Shannon and richness) at higher
647  taxonomic levels. All GLMMs details are reported in Table S4 and Supplementary File 1.

648

649  Genetic diversity as a function of community diversity over time

650  To test DBD over time, we used HMP samples with multiple time points from the same person to
651  look at the relationship between polymorphism change (delta polymorphism) between two time
652  points and community diversity at the earlier time point. We fit Generalized additive mixed models
653  with delta polymorphism as a function of community diversity at the earlier time point, and added
654  the coverage per sample at the earlier time point as a covariate when diversity was not estimated
655  on rarefied data, as well as species name, sample and subject identifiers as random effects. We
656  used a Gaussian GAM since delta polymorphism is a continuous number that can take on negative
657  values (Supplementary File 1).

658

659  In addition, we investigated the effect of community diversity at one time point on gene variation
660  at the subsequent time point. We used separate negative binomial generalized linear mixed models
661  with gene gain as the response and each of the metrics of community diversity as the predictor
662  with the same covariates and random effects used in the previous models (Supplementary File
663  1). The same method was used to test how gene loss was related to community diversity (Table
664 S5, Supplementary File 1).

665

666  HMP longitudinal data were sampled at a time lag of ~6 months. To analyze time series at higher
667  resolution, we used longitudinal metagenomic data from a highly sampled healthy donor (host am,
668  sampled 206 times spanning 539 days between 2014-12-03 and 2016-05-25) (Poyet et al., 2019).
669  We tested the relationship between community diversity and genetic variation (polymorphism
670  change and gene content variation) in B. vulgatus. B. vulgatus is the most abundant species in all
671  am samples (mean coverage=58.46 and median=54.22). Community diversity was estimated with
672  richness and Shannon index calculated on rarefied data to 5 million reads per sample. We used a

673  Spearman correlation test (cor.test function from the stats R package) for the diversity-delta
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674  polymorphism relationship (a nonlinear relationship) and Pearson correlations for both diversity-
675  gene loss and diversity-gene gain relationships (linear relationships) (Figures 4 and S11).

676

677  Testing the Black Queen Hypothesis in HMP

678  The negative relationship between gene loss in focal species and community diversity observed in
679 HMP and Poyet et al. (2019) data suggested the Black Queen Hypothesis (BQH) in the gut
680  microbiome. We sought to further test the BQH by comparing the content in genes and pathways
681 in a focal species to those present in the surrounding community. We used generalized additive
682  models (GAMs) to account for the non-linearity of the relationships (Figures 5, S13, S14). As in
683  all our models, we added the coverage per sample as a covariate as well as species name, sample,
684  and subject identifiers as random effects. Because both responses were count data, we compared
685  Poisson and negative binomial GAMs in both cases by looking at residual distribution and fitted-
686  observed values plots (gam.check function from the mgev R package). We used a negative
687  binomial GAM for gene richness and a Poisson GAM for pathway richness, both with log-link
688  function. All the terms were specified as smooth terms, see Table S6 and Supplementary File 1
689  for additional model details.

690
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