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Supplementary Figure 1. Plasmids assembled in this study and the functions they encode. (A) The overlap of plasmids 
predicted by SCAPP and other plasmid tools. The connected horizontal bars represent intersections between the tools, and the 
numbers above the bars indicate the count of plasmids found in the corresponding intersection. The vertical bar on the leftmost 
side represents the total count of plasmids identified collectively by all tools. (B) Output of the Resistance Gene Identifier (RGI) 
depicting the antibiotics found on plasmids in this study, as well as the detection paradigm (perfect / strict / loose). (C) Plasmid 
richness distributions within each disease state (two-sided Wilcoxon rank-sum test, false discovery rate (FDR) corrected p < 
0.001). Midlines of boxplots represent the median, boxes the interquartile range (25th to 75th percentile), and whiskers the 
range of data. n = 1,548 healthy, 339 IBD (Inflammatory Bowel Disease), 1,035 GRD (Glucose-metabolism Related Diseases), 
and 545 obese individuals. (D) Plasmid/species richness distributions within each disease state, for different phylogenetic 
levels (two-sided Wilcoxon rank-sum test, FDR corrected, p < 0.05 (*), p < 0.01 (**), p < 0.001 (***) or p < 0.0001 (****)). 
Midlines of boxplots represent the median, boxes the interquartile range (25th to 75th percentile), and whiskers the range of 
data. n = 1,548 healthy, 339 IBD, 1,035 GRD, and 545 obese individuals. 



 
Supplementary Figure 2. NCM fits as a function of disease state and plasmid lifestyle. (A) R2 values of the neutral 
community model (NCM) fits of 123 non-mobilizable plasmids, randomly selected in 1,000 iterations. The dashed line represents 
the R2 value of the mobilizable plasmids. (B+C) NCM fit of plasmids, computed on individuals of each disease state (B), as well 
as separately for each plasmid lifestyle (C). Each dot represents a plasmid, and the solid lines indicate the best fit to the NCM. 
R2 values measure the goodness of fit to the neutral model and the mN values are the migration rates from global to local patches 
(metacommunity size times immigration). The barplot depicts these R2 values as a function of disease state and plasmid lifestyle. 
Abbreviations: IBD, Inflammatory Bowel Disease; GRD, Glucose-metabolism Related Diseases. 

 



 
Supplementary Figure 3. Segments that deviate from neutrality as predicted by NCM fits are also prevalent across 
individuals. The linear correlations between segment prevalence across individuals within each disease state, and their 
deviations from the neutral community model (NCM) fit, with only positive deviations shown (determined by their distance from 
the fit on the y-axis). Each dot represents a segment, separated by disease state. The larger dots indicate segments that have 
been identified as being under selection, based on their placement in the top 5% for both prevalence and deviation values from 
the neutral fit. Abbreviations: IBD, Inflammatory Bowel Disease; GRD, Glucose-metabolism Related Diseases. 

  



 

Supplementary Figure 4. Connectivity of individuals within the similarity network as a function of disease state and 
continent. (A) The strengths (sum of edge weights per each node) of nodes in the similarity network as a function of disease 
state (two-sided Wilcoxon rank-sum test, false discovery rate (FDR) corrected, p < 0.05 (*), p < 0.01 (**), p < 0.001 (***) or p < 
0.0001 (****)). Midlines of boxplots represent the median, boxes the interquartile range (25th to 75th percentile), and whiskers 
the range of data. The charts are divided based on the disease state of the examined node, and the boxplots are color-coded to 
represent the disease state of the connecting nodes. n = 1,548 healthy, 339 IBD, 1,035 GRD, and 545 obese individuals. 
Abbreviations: IBD, Inflammatory Bowel Disease; GRD, Glucose-metabolism Related Diseases. (B) A violin plot showing the 
strengths between individuals of the same disease state and different continents (two-sided Wilcoxon rank-sum test, FDR 
corrected, p < 0.05 (*) or p < 0.001 (***)). Boxplots indicate the median and quartiles, with whiskers reaching up to 1.5 times the 
interquartile range. The violin plot outlines illustrate kernel probability density, i.e. the width of the shaded area represents the 
proportion of the data located there. n = 1,548 healthy, 339 IBD, 1,035 GRD, and 545 obese individuals. (C) Odds ratios of 
plasmid lengths (long plasmids >10kbp) and lifestyles of significant cross-continental segments in the diseases IBD and GRD 
against the overall distribution of plasmid lengths and lifestyles in the dataset. (D) The distribution of plasmid ORF lengths. (E) 
Similarity networks of shared plasmid segments of i) 500bp in size, 80% identity, ii) 1000bp in size, 90% identity and iii) 1000bp 
in size, 95% identity. Nodes represent humans and the edges that connect between humans of the same disease state encode 
shared plasmid segments. The weights of these edges represent the number of shared segments between any two individuals. 



For visualization purposes only, edges that appear in this network connect between humans if they share at least 100 segments 
(weight>100) and are part of a group of disease states and continents that exhibit significant connectivity compared to a null 
model (p < 0.0001, FDR corrected). Nodes are grouped by their continent of origin and are colored according to their disease 
states. 

 

  



 
Supplementary Figure 5. Examining dissimilarities between distinct genetic entities reveals partial independent 
dispersal of plasmid segments from their microbial hosts. Pairwise dissimilarity scores (Jaccard index) between individuals 
of different disease states that originate from different (left) and the same (right) continent, calculated separately for 
metagenomes (black), plasmids (grey), and segments (yellow). Abbreviations: IBD, Inflammatory Bowel Disease; GRD, 
Glucose-metabolism Related Diseases. 

  



 

Project ID Samples Reference 

PRJEB10878 53  Yu et al. 20171 

PRJEB12124 172  Gu et al. 20172 

PRJEB1220 688  Nielsen et al. 20143 

PRJEB12947 33  Palleja et al. 20164 

PRJEB15371 87  He et al. 20175 

PRJEB17784 69  Bedarf et al. 20176 

PRJEB1786 135  Karlsson et al. 20137 

PRJEB18755 18  Kuang et al. 20178 

PRJEB2054 124  Qin et al. 20109 

PRJEB4336 387  Le Chatelier et al. 201310 

PRJEB7774 38  Feng et al. 201511 

PRJEB7949 40 Unpublished data 

PRJNA196801 26  Minot et al. 201312 

PRJNA278393 30  Rampelli et al. 201513 

PRJNA290729 15  Louis et al. 201614 

PRJNA299502 23  Sankaranarayanan et al. 201515 

PRJNA305507 41  Petersen et al. 201716 

PRJNA319574 284  Schirmer et al. 201617 

PRJNA321058 52  Vaughn et al. 201618 

PRJNA324129 62  Maldonado-Gómez et al. 201619 

PRJNA328899 48  Liu et al. 201620 

PRJNA339012 4  Kumar et al. 201721 

PRJNA356102 8  Han et al. 202222 

PRJNA361402 575  Wu et al. 201723 

PRJNA422434 366  Qin et al. 201224 

PRJNA690543 89  Jacobson et al. 202125 

 
Supplementary Table 1. Publicly available gut metagenomic datasets that were used in this study. 

  



All samples  3,467 

 Continents  

Europe  2,397 

Asia  752 

Africa  110 

North America  208 

 Disease states  

Healthy  1,548 

Inflammatory Bowel Disease: 

      Crohn’s disease 

      Ulcerative colitis 

      Unspecified 

 

 151 

 168 

 20 

Glucose-metabolism Related Diseases: 

      Impaired glucose tolerance 

      Type II diabetes 

 

 46 

 989 

Obesity  545 

 Gender  

Male  1,247 

Female  1,228 

Unspecified  992 

 

Supplementary Table 2. Association of continent, disease state, and gender of individuals in this study. 
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