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Abstract

Plasmids drive evolution by transferring traits across microbial hosts. Transmission
depends on both host–plasmid (infection) and plasmid–plasmid (compatibility)
interactions, yet how the structure of these networks shapes transmission remains
poorly understood. We hypothesized that these two ecological networks interact in
non-additive ways to influence community outcomes. To test this, we developed a
stochastic agent-based model that embeds both network structures and simulates
coupled host–plasmid dynamics. We systematically varied the structure of each network,
both individually and in combination, to isolate the effect of structure on host-plasmid
dynamics. A modular (interactions organized into clusters) and hub (interactions
concentrated on the highly connected) plasmid-plasmid compatibility network promoted
transient host coexistence, while a modular host-plasmid infection network promoted
plasmid diversity and stable host coexistence. Importantly, structured networks
interacted non-additively, and their impact was most apparent when plasmid carriage
imposed a moderate fitness cost on hosts. For example, combining a modular infection
network with a hub compatibility network reversed the expected plasmid prevalence
patterns, demonstrating that the structure of one network can counteract the effects of
the other. We further re-parameterized our model to recapitulate empirical host-plasmid
community dynamics, showing that infection network structure can strongly shape
plasmid prevalence even in the presence of substantial biological heterogeneity. Our
results highlight the necessity of jointly considering host–plasmid infection and
plasmid–plasmid compatibility networks to understand host–plasmid community
dynamics and their eco-evolutionary potential. More broadly, this work provides an
initial mechanistic framework for generating testable hypotheses and underscores that
systems involving multiple hosts and infectious agents require explicit consideration of
how different ecological networks interact to shape community dynamics.
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Author summary

Plasmids—genetic elements that can move between bacteria—help bacteria adapt and
evolve by horizontally transferring traits such as metabolism or antibiotic resistance.
Plasmid spread in microbiomes is shaped by interactions with bacterial hosts and other
plasmids. However, how the combined structure of host–plasmid and plasmid–plasmid
interactions influences microbial community dynamics remains unclear. We explored
this fundamental question using a computational model and an experiment, to
understand how two ecological networks interact: one network describing which
plasmids infect which bacteria, and another describing which plasmids coexist with
other plasmids inside bacteria. Our results demonstrate that understanding the
dynamics of bacteria, plasmids, and other mobile genetic elements requires considering
the interplay between multiple types of ecological networks. Our work provides a
generalizable framework for understanding how diverse ecological interactions jointly
shape community dynamics, directly addressing fundamental questions at the
intersection of community ecology, network theory, and infectious disease dynamics.

Introduction 1

Plasmids play a vital role in the eco-evolutionary dynamics of host (bacteria) 2

communities. As extrachromosomal mobile genetic elements (MGEs), plasmids can 3

spread among host organisms, accelerating adaptation by transferring genes that confer 4

advantageous traits such as antibiotic resistance [1, 2, 3]. Plasmids can also impose 5

fitness costs on their hosts, which emerge from conflicts between chromosomal- and 6

plasmid-encoded genes [4, 5]. However, these cost-benefit interactions between plasmids 7

and their hosts are shaped by other microbiome interactions, such as plasmid 8

co-infection and host competition, which together influence plasmid dynamics and the 9

coexistence of their constituent hosts [6, 7, 8, 9, 10, 11, 12]. The impact of this interplay 10

is often overlooked in studies of host-plasmid community dynamics. 11

Plasmids can interact with multiple hosts as they transfer across populations, 12

creating patterns of host infection shaped by variation in within- and 13

between-population conjugation rates, compatibility with host genetic backgrounds, and 14

host anti-plasmid defense systems [13, 14, 15]. Plasmids can also compete with one 15

another for hosts, using mechanisms such as (in)compatibility groups, toxin-antitoxin 16

systems, and plasmid-encoded defense systems to exclude one another 17

[16, 17, 18, 19, 20, 21, 22]. While some studies acknowledge the importance of multiple 18

interaction types, they focus on simplified systems, such as multihost-uniplasmid [7] or 19

unihost-biplasmid systems [8]. However, in nature, hosts and plasmids form complex 20

structures of interactions [23]. The few studies which consider multihost-multiplasmid 21

systems omit or understate plasmid co-infection [24, 25, 26]. As a result, little is known 22

about how the interplay of multiple interaction structures, specifically between 23

host-plasmid interactions and plasmid co-infection, shapes community dynamics and 24

stability. This gap hinders our ability to predict the assembly and evolutionary 25

trajectories of these communities, particularly their potential in genetic innovation and 26

adaptation. Nevertheless, addressing it is challenging because it requires connecting 27

multiple interaction types in complex communities to dynamics—which is hard to do 28

experimentally. 29

The interplay between different interaction types can be studied using ecological 30

networks, which encode interactions (links) between multiple hosts and plasmids 31

(nodes). Ecological networks are valuable tools for studying how network structure (i.e., 32

the pattern in which interactions are distributed across species) affects community 33

dynamics and species coexistence [27, 28]. Considering multiple ecological networks 34
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allows us to study how distinct, interconnected networks affect community dynamics 35

[12, 29, 30, 31]. However, there is a paucity in studies that explicitly link dynamics to 36

the interplay between networks, leading to a gap in our understanding of 37

structure-dynamics in complex ecological communities. 38

Our goals were to (1) test how variation in the structures of two fundamental 39

interaction networks: the host–plasmid infection network and the plasmid–plasmid 40

compatibility network—jointly shape host-plasmid dynamics, and (2) determine 41

whether the joint effects of infection and compatibility networks can be inferred from 42

either network in isolation. While other interaction types exist (e.g., host-host 43

interactions such as competition [7, 32] and horizontal gene transfer (HGT) [24, 33]), we 44

focus on infection (a host-plasmid interaction) and plasmid compatibility (a 45

plasmid-plasmid-interaction, Fig 1a) because these interactions are significantly 46

understudied in a network context despite being fundamental to host-plasmid 47

communities. 48

Theory and empirical observations suggest that infection and compatibility networks 49

regulate distinct but interconnected processes: infection structure governs which hosts 50

plasmids can colonize, whereas compatibility structure dictates whether plasmids can 51

coexist within hosts. Co-infection can, in turn, modify host growth, plasmid persistence, 52

and opportunities for horizontal transfer [8, 9, 17]. Infection structure shapes the 53

sequence and frequency with which plasmids encounter one another within hosts, while 54

compatibility structure feeds back on infection success by altering plasmid persistence, 55

competitive outcomes, and host-level costs. Consequently, the effect of a given structure 56

in one network depends on the structure of the other, such that identical infection 57

networks can give rise to different community-level dynamics under different 58

compatibility architectures, and vice versa. This coupling provides a natural mechanism 59

for non-additive effects, whereby combined outcomes cannot be inferred from either 60

network in isolation. We therefore hypothesize that these networks jointly constrain the 61

set of host subpopulations that plasmids can occupy, but do so in non-independent ways. 62

To test our hypothesis, we developed a stochastic, agent-based model that 63

incorporates the structure of both networks and simulates the dynamics of host and 64

plasmid populations (Fig 1). We systematically varied the structure of each of these 65

networks, either individually or simultaneously, to isolate their independent and 66

combined effects on community dynamics. Our model omits accessory genes that 67

provide plasmids with advantages (e.g., antibiotic resistance), so that network 68

structures can be compared within a homogeneous abiotic environment. While the 69

model is broadly applicable to a wide range of hosts and infectious agents, we focus on 70

bacteria and plasmids throughout. 71

Results 72

Network definitions 73

We first define the two networks used in our study. The host–plasmid infection network 74

(I) is a bipartite network whose nodes consist of hosts and plasmids, and whose links 75

indicate that a given plasmid can infect a given host. The plasmid–plasmid 76

compatibility network (P) is a unipartite network whose nodes are plasmids, and whose 77

links indicate that two plasmids are able to co-reside within the same host. To 78

understand the relationship between network structure and dynamics in detail and from 79

core principles, we intentionally used small networks (Fig 1a). While this choice was 80

primarily conceptual, focusing on tractability and interpretability, it also aligned with 81

practical considerations, as simulating larger networks becomes computationally 82

intensive (see model limitations in materials and methods). Multiple biological 83
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Fig 1. Model overview and experimental design. (a) The structures of the
bacterial host-plasmid infection network I (which plasmid infects which hosts; top row)
and plasmid-plasmid compatibility network P (which plasmids are compatible with each
other and can therefore co-reside in a host individual; bottom row). H1, H2, H3 are the
three hosts and P1, P2, P3, P4 are the four plasmids. The ‘full’ structures serve as
controls. We used a factorial experimental design of the nine structure combinations.
(b) Illustration of the five main events in the model (see Methods for detailed model
explanations). Dashed ovals indicate deaths of individual cells. (c) An example of
results of infection dynamics for the case of a modular I and full P, including
subpopulation dynamics (left), final relative abundance of host populations of all
replicates (middle), and the mean and SE of final plasmid prevalence across replicates
at the end (t = 20000 hours) of the simulation (right).

processes can mediate plasmid infection, such as failure of transfer, long-term fitness 84

costs, replication constraints, or incompatibility [23]. Below, we introduce the 85

mechanisms behind some relevant structures. Note that we chose to focus on 86

‘non-infection’ as the relevant phenotype of interest, as this is what the infection 87

network encodes, whilst remaining agnostic about the biological processes involved. We 88

focused on the effects of the end structures (i.e., effective non-infection and 89

incompatibility), because this is what the infection and compatibility networks encode. 90

Network structures 91

Infection network structures Previous studies of host-MGE infection networks 92

have generally focused on phages, while the properties of multihost-multiplasmid 93

infection networks remain poorly studied owing to technical difficulties in connecting 94

plasmids with hosts (see [26, 34] for examples)[23]. Nevertheless, given that plasmids 95

are also infectious MGEs, a similar theory can be used to represent the structure of 96

host-plasmid interactions. 97

Host-phage networks often exhibit modular and nested structures [12, 35, 36] (e.g., 98

Fig 1a, top row). A modular network is partitioned into clusters (modules) of microbes 99

and MGEs that interact densely with each other but sparsely with those outside the 100

module. Nestedness reflects instead patterns of specialization where specialist microbes 101

are infected by subsets of MGEs that in turn also infect the more generalist microbes 102
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[35]. These two structures are ultimately signatures of host-MGE coevolution and 103

emerge from the co-evolutionary arms-race typical to infectious systems [12, 37, 38]. For 104

example, bacteria–virus networks evolve nestedness under directional arms race 105

dynamics, but not under fluctuating selection [39]. 106

Modular infection networks can arise from a phylogenetic HGT barrier, where HGT 107

occurs more often between closely related species [40, 41]. Theory shows that 108

modularity can also emerge from the evolution of niches for phage growth, whereby 109

bacteria are resources that a group of phages is able to infect because it has overcome 110

bacterial defenses [12]. In plasmids, factors that affect HGT and immunity also exist 111

and include plasmid mobility genes, replication genes, and CRISPR defense systems 112

[23, 42, 43, 44]). This observation that modules reflect infection niches is supported by 113

a study showing that antibiotic resistance (ABR) genes carried on plasmids would 114

generate a more generalized infection pattern [34]. 115

Nestedness indicates a hierarchy of infection patterns, which itself can reflect 116

resistance hierarchy among hosts and infection ability among MGEs [36]. A nested 117

structure can result from a sequence of adaptations whereby new bacterial mutations 118

confer bacterial resistance to recently evolved phages while maintaining resistance to 119

past phages. This is consistent with arms race coevolutionary dynamics, where hosts 120

and phages evolve to increase their range of resistance [37, 38, 39]. A nested infection 121

network can also arise from a trade-off between infecting many hosts and adapting to 122

each host [45]. 123

A rare multihost-multiplasmid study that has provided a census of plasmid-bacteria 124

interactions in an infection network context [26] found that when putative ABR 125

plasmids are excluded from the network, the network was more modular and less nested, 126

because putative plasmids carrying ABR genes are advantageous and therefore, more 127

widespread, connecting different parts of the network. In our study, we do not consider 128

beneficial plasmid traits, which provides further support for choosing both modular and 129

nested structures. 130

Given that modularity and nestedness are the dominant structures in host-MGE 131

networks, and the empirical and theoretical evidence detailed above, we defined three 132

structures for I : (1) ‘Full’, wherein all hosts can host all plasmids. This structure 133

served as a reference (control). (2) ‘Nested’, wherein specialist plasmids interact with a 134

subset of hosts with which more generalist plasmids interact [35, 36, 38, 39]. (3) 135

‘Modular’, wherein plasmid-host interactions form three distinct modules: two 136

peripheral modules of hosts that are infected by distinct subsets of plasmids, and a 137

bridge module where hosts can host a subset of plasmids from each of the peripheral 138

modules (Fig 1a, top row). Host H2 and plasmids P2 and P3 in the bridge module are 139

termed the bridge host and bridge plasmids. 140

Plasmids compatibility network structures Unlike infection networks, MGE 141

co-infection networks are poorly studied. Although there are studies of plasmid 142

co-infection [17, 46], no study has explicitly considered co-infection networks or 143

analyzed their structures. We therefore suggest two plausible structures based on 144

well-described molecular mechanisms. An important feature of plasmids is the immunity 145

(e.g., CRISPR IV) and compatibility mechanisms they carry, which have a strong 146

impact on the ability of plasmids to co-reside in a host cell due to shared replication or 147

partitioning mechanisms [16, 18, 20, 21, 22, 47]. These molecular mechanisms can 148

generate a modular structure via immunity or incompatibility group-mediated 149

plasmid-plasmid interactions that impede a stable coexistence within the same host, as 150

was also theoretically shown in phage-bacteria systems [12]. 151

Another important feature influencing plasmid compatibility is the presence of genes 152

that reduce conflict or promote functional complementarity. For instance, plasmids that 153
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carry alternative replication or segregation systems that minimize interference with 154

co-resident plasmids, or genes that encode functions complementing those of co-resident 155

plasmids, are more likely to coexist with a broad range of plasmid types [8]. Such a 156

feature can give rise to a ‘hub’ structure, in which the hub plasmids are rare among 157

plasmids but disproportionately prevalent (i.e., widespread in the communities), as they 158

can co-reside with many others. Novel incompatibility groups would encounter little 159

direct conflict and thus be able to coexist broadly. This scenario is plausible because 160

even small molecular changes can generate coexistence between otherwise identical 161

plasmids. For example, a single–base pair mutation in the replication machinery was 162

shown to produce a plasmid variant compatible with its own ancestor, effectively 163

creating a new compatibility type [48]. 164

Given the potential relevance of modular and hub structures in plasmid-plasmid 165

networks, and the theoretical mechanisms detailed above, we defined three structures 166

for P : (1) ‘Full’, wherein all plasmids are compatible, serving as a reference (control). 167

(2) ‘Modular’, wherein plasmids in the module are compatible with each other. (3) 168

‘Hub’, wherein a sole hub plasmid is the only one compatible with others, while non-hub 169

plasmids have few interactions and can co-reside with only a limited set of plasmids. 170

The model links host-plasmid dynamics with network structures 171

To understand how network structures affect host-plasmid dynamics, we developed an 172

agent-based model that incorporates five demographic and stochastic events: growth, 173

death, plasmid loss by segregation, competition between hosts, and plasmid 174

transmission by conjugation (Fig 1b). We employed a 3× 3 factorial experimental 175

design of the I and P structures. In each experiment we tracked the quantity Hi,p, 176

which is the abundance of a microbial host population i that can be infected with a 177

combination of plasmids, forming subpopulations with a plasmid profile p (Fig 1c). We 178

included three hosts (H1-3) and four plasmids (P1-4). We used a binary notation 179

system to describe the plasmid profile of each host subpopulation. For example, the 180

total population abundance Hi =
∑

p Hi,p of a host i might be split into two 181

subpopulations 0000 and 0011. The first subpopulation is plasmid-free and the second is 182

infected with plasmids P3 and P4. 183

To focus on the effects of network structure, we assumed that all plasmids and host 184

populations have identical traits (e.g., growth and death rates, conjugation rates). That 185

is, host and plasmid types exist in the same trait niche, differing only in their network 186

niche (node position in the interaction networks). We modeled host competition for a 187

shared limiting resource by applying a community-wide carrying capacity [49]. This 188

formulation preserves the interdependence between plasmid costs and competitive 189

pressure, which necessarily unfold across hosts drawing on the same resource pool. 190

Assigning each host a separate carrying capacity would artificially decouple these 191

biological feedbacks. 192

We assume that plasmids are costly, and do not consider the possible effects of 193

beneficial accessory genes (e.g., antibiotic resistance). This allows us to isolate the 194

network effects on plasmid persistence and community dynamics from the effects of 195

positive selection for plasmid-encoded traits. Understanding plasmid maintenance in the 196

absence of such selection is a necessary first step for assessing how network structure 197

shapes community outcomes. The insights we obtain extend broadly to infectious agents 198

that typically do not confer benefits to their hosts. Moreover, we applied a sufficiently 199

high conjugation rate for infection, and a multiplicative cost for plasmid co-infection 200

(representing a slight positive epistasis). Also, we assumed the host dynamics to be 201

faster than infection dynamics, such that host dynamics go to equilibrium before 202

infection dynamics do. Doing so allows us to focus very specifically on the consequences 203

of the network structure. 204
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For each experiment, we calculated: (1) relative host abundance: the relative 205

abundance of each host population out of the total community abundance; (2) plasmid 206

prevalence: the fraction of host individuals across all populations which are infected 207

with the plasmid; (3) host population composition: the proportions of subpopulations, 208

each defined by a plasmid profile, within the host population; (4) host coexistence 209

probability: the fraction of simulations in which hosts coexisted at any given time point. 210

We distinguish between transient coexistence, in which hosts coexist for a certain period 211

of time (thus, a delayed extinction indicates a longer transient coexistence), and stable 212

coexistence, in which by the end of the simulation two or three hosts have reached 213

non-zero equilibrium densities. 214

Structured plasmid compatibility networks promote transient 215

host coexistence 216

To understand the impact of the plasmid compatibility network P on community 217

dynamics, we compared community dynamics under various structures of P while 218

retaining a full infection network I (Fig 2a). Under full I and full P (a control 219

treatment), only one host population survived (Fig 2b(i); Fig S1). As expected, the 220

identity of the host varied stochastically across replicate simulations, and the overall 221

probability of a specific host surviving was about 1/3, because none of the hosts has an 222

intrinsic advantage. Throughout the simulation, the probability of host transient 223

coexistence rapidly decreased to zero (Fig 2b(i)). The host transient coexistence pattern 224

was driven by neutral demographic stochasticity that eventually caused extinction, as 225

well as by the high proportion of subpopulations infected by all four plasmids that 226

induced higher costs and sped up extinction (Fig 2d(i); Fig S2). These heavily infected 227

subpopulations acted as the main plasmid donors, continually re-infecting available 228

hosts. At the final time point, all subpopulations (i.e., all possible plasmid profiles) of 229

the surviving host were still present, and population composition was the same 230

regardless of which specific host survived (Fig 2d(i)). The four plasmids reached the 231

same prevalence, infecting slightly more than half of the individuals of the sole surviving 232

host (Fig 2c(i)). This plasmid prevalence pattern was driven by all host individuals 233

infected by one or multiple plasmids. 234

Introducing structure to plasmid compatibility drastically affected host transient 235

coexistence patterns. When P had a modular or hub structure, a random host 236

population survived while the other two went extinct by the end of the simulation due 237

to demographic stochasticity, but the process took up to 3 times longer (Fig 2b), 238

reflecting an increased potential of transient coexistence. The average prevalence of the 239

plasmids was similar to each other under each P structure, except for P1 infecting 100 240

% of its hosts as the hub plasmid (Fig 2c(ii-iii)). To explain the prolonged host 241

coexistence and the plasmid prevalence patterns we compared the final population 242

compositions to those resulting from the full P experiment (Fig 2d). Although positive 243

epistasis was implemented via multiplicative costs under co-infection (see eq. (2) in 244

materials and methods), infections with four plasmids were still highly costly, 245

accelerating host extinction. When P is structured, no host subpopulation can be 246

infected with all four plasmids. Instead, the surviving host population in each replicate 247

simulation was comprised solely of subpopulations infected by two plasmids (either the 248

two plasmids that shared a module, or the hub plasmid and one other; Fig 2d(ii-iii)). 249

Structure in the plasmid compatibility network P could therefore alter host 250

dynamics in nature through plasmid cost and patterns of conjugation. Moreover, while 251

all of the communities ultimately collapsed to a single host population over the course 252

of the simulations owing to the strict competition between hosts, P structures 253

qualitatively altered plasmid fates and prolonged the period of host coexistence. In a 254
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Fig 2. The effect of structure in the plasmid compatibility network P under
a full infection network I. Columns i, ii, and iii represent different P structures. (a)
Illustration of the different structures. (b) The dynamics of coexistence probability
(fraction of simulations) of host populations). (c) Mean and SE of final plasmid
prevalence across all replicates. (d) Final host population composition, averaged across
replicates in which that host population survived (only populations surviving in > 5
replicates were considered). Profiles represent the host subpopulations (e.g., the profile
1000 represents a subpopulation hosting only P1).

natural community, these dynamic outcomes would provide greater opportunities for 255

host and plasmid evolution. 256

A modular infection network promotes stable host coexistence 257

and plasmid diversity 258

Next, we investigated the impact of infection network I (Fig 3a) on community 259

dynamics. While under full I, each of the three host populations had an equal chance to 260

out-compete the others, under nested I (hierarchical infections) the specialist host H3 261

consistently excluded the other two hosts (Fig 3b (i-ii)). As H3 could only be infected 262

by the generalist plasmid P1, the other plasmids were lost from the community 263

(Fig 3c(ii)). This outcome resulted from the lower net fitness cost to H3 of being 264

susceptible to only one plasmid (Fig 3d(ii)); Fig S3). Notably, this is under the model’s 265

assumption that all plasmids have the same cost to their hosts; more hosts and plasmids 266

might survive if the generalist plasmid P1 has a much higher cost to H3 than other 267

hosts. A nested infection network is therefore unlikely to be maintained without 268
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influence from host-specific plasmid cost or external factors (see Discussion). 269
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Fig 3. The effect of structure in the infection network I under a full plasmid
compatibility network P. Rows i, ii, and iii represent different I structures. (a)
Illustration of the structures of I. (b) Final relative abundance of host populations.
Each dot represents a replicate. Dots on the vertices had no coexistence (i.e. only one
population survived), while dots on the edges had coexistence of two populations. For
example, the green dot marked with a red circle in b(iii) represents a community with
relative abundances of 0.9 for H1, 0.1 for H3, and 0.0 for H2. (c) Mean and SE of final
plasmid prevalence across all replicates. (d) Final host population composition,
averaged across replicates in which that host population survived (only populations
surviving in > 5 replicates were considered). Profiles represent the host subpopulations
(e.g., the profile 1000 represents a subpopulation hosting P1). The green dot at H2 = 1
in b(iii) is a rare outcome out of 300 simulations.

In contrast, a modular I was the only structure that enabled stable host coexistence. 270

The peripheral hosts H1 and H3 were both present at the end of the simulation 271

(coexistence probability of ≈ 0.4) while the bridge host H2 went extinct (coexistence 272

probability ≈ 0) Fig 3b(iii); Figs S4-S6). The rapid extinction of H2 was due to quick 273

co-infection by P2 and P3, which resulted in a higher fitness cost compared to H1 and 274

H3 (Fig S7-S9). The bridge plasmids P2 and P3 had higher final prevalence than the 275

peripheral plasmids P1 and P4 (Fig 3c(iii)). P2 and P3 maintained higher prevalence 276

throughout the simulation because earlier in the simulation when H2 was still present, it 277

acted as a source and increased the rate at which H1 and H3 were infected by these 278

bridge plasmids (Fig S10). The longer-term success of P2 and P3 after their source H2 279

became extinct is an example of the long-term impact on communities caused by a 280

transient, though unsuccessful population [50]. 281

Combined structures generate non-additive dynamics 282

Our results so far show that modular networks (especially the infection network) 283

promote the maintenance of diversity. Specifically, we observed prolonged host 284

coexistence with modular P, and stable host coexistence with modular I. Communities 285

with such structures may therefore be more likely to produce evolutionary innovation. 286

December 23, 2025 9/31



However, we have only explored structured I or P separately, while maintaining the 287

other as a fully-connected control. In natural communities, structures likely exist in 288

both of these networks simultaneously, so we next explored the interplay between the 289

two. 290

Due to the system’s non-linearity, it is not straightforward to anticipate how 291

combinations of structures in both networks will interact, or whether their joint effects 292

can be inferred from each network in isolation. Yet we did find a clear case from all the 293

combinations where the two structures counteracted each other’s expected influence. 294

Under a modular I combined with a hub P, the hub plasmid—i.e., the plasmid 295

compatible with all others—did not become the most prevalent, contrary to expectation 296

(Fig 4a; see Figs S1, S4, and S10 for additional combinations). Under a fully connected 297

I, the hub plasmid P1 indeed reached fixation in hosts because all hosts became 298

co-infected with P1 (Fig 2c(iii)). However, when I was modular, P1 ended with very low 299

average prevalence, whereas P3 reached the highest average prevalence (Fig 4c). 300
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Fig 4. The joint effect of structured networks: modular I and hub P. (a) The
modular network structure of infection I and the hub network structure of plasmid
compatibility P with P1 as the hub plasmid. (b) Final relative abundance of host
populations. Each dot represents a replicate. Dots on the vertices had no coexistence
(i.e., only one population survives), while dots on the edges had the coexistence of two
populations. For example, the green dot marked with a red circle represents a
community with relative abundances of 0.5 for H1, 0.5 for H3, and 0.0 for H2. (c) Mean
and SE of final plasmid prevalence across all replicates. (d) Final host population
composition, averaged across replicates in which that host population survived (only
populations surviving in > 5 replicates were considered). (e) Choosing an alternative
hub P (P2, in the bridge module of the infection network, with a broader host range
than P1) resulted in similar (f) final relative host abundance, (g) plasmid prevalence,
and (h) host composition. Profiles represent the host subpopulations (e.g., the profile
1000 represents a subpopulation hosting P1).

These patterns resulted from the interaction between the structures of I and P: 301

although the hub plasmid P1 was compatible with the other three plasmids, the 302

peripheral host H3 was its only possible host (Fig 4a). H3 could therefore be co-infected 303

by P1 and P2. Under a full P, the other peripheral host H1 could also be co-infected, 304

but under a hub P this was no longer possible. This structure combination led to a 305

higher net fitness of H1 compared to H3 (Fig 4b, d; Fig S9). In addition, while under 306

full P H2 always went extinct (Fig 3b(iii)), under structured P it coexisted with host 307

H3 in some simulations (Fig 4b). This is because under structured P H2 was not 308

susceptible to the burden of co-infection (Fig S9). Importantly, those patterns remain 309

December 23, 2025 10/31



consistent regardless of the choice of the hub plasmid (Fig 4e-h). Overall, these results 310

suggest that the infection network can counteract the effects of the plasmid 311

compatibility network, especially when both are structured. 312

Plasmid cost interacts with network structure 313

Until now, we have assumed a moderate plasmid cost (cα = 0.3), corresponding to a 314

30% reduction in host growth rate relative to plasmid-free hosts. This choice reflects 315

empirical estimates and acknowledges that plasmid cost directly affects host fitness, 316

potentially leading to the exclusion and extinction of particular host populations 317

[17, 51, 52, 53]. Because compatibility determines whether plasmids can co-reside, it 318

can further amplify or mitigate these fitness effects through their aggregate (here, 319

multiplicative) impact on host growth. Network structure therefore shapes the 320

distribution of fitness differences among hosts, influencing coexistence and associated 321

community-level patterns. We hypothesize that plasmid cost modulates the influence of 322

network structure on community dynamics. When plasmid carriage is moderately costly, 323

growth penalties should interact with host position in the infection network, amplifying 324

or dampening structural differences and limiting how far plasmids can spread through 325

the host community [34]. In contrast, when plasmid costs are negligible or extreme, 326

fitness effects should dominate dynamics, reducing the influence of network structure 327

and weakening its impact on host coexistence and plasmid prevalence. 328

To test this hypothesis, we systematically varied plasmid cost in our simulations and 329

examined how its interaction with network structure shaped host coexistence, plasmid 330

prevalence, and the distribution of plasmid-free subpopulations. As predicted, the 331

absence of plasmid cost or when plasmid cost is high (cα > 0.3) diminishes the effects of 332

network structures on host coexistence. Specifically, when the compatibility network is 333

structured, hosts coexist for longer under moderate cost compared to no cost or high 334

cost, and this effect is stronger when the infection network is modular (Fig 5, Fig S11), 335

and homogenizes the host survival probability at ca. 1/3 (Fig S12). The absence of 336

plasmid cost reduces the impact of the network on hosts by reducing the burden 337

associated with being exposed to a plasmid, whereas increasing plasmid cost results in 338

intra-specific competition eliminating plasmids by purifying selection, which again 339

reduces the potential for network effects on host dynamics (Figs S13, S14). 340

Applying the model to an empirical system with heterogeneous 341

parameters 342

A key simplifying assumption of our model thus far is that hosts and plasmids differ 343

only in their position within the interaction networks. We relaxed this assumption by 344

parameterizing the model using an experimental system, thereby introducing 345

heterogeneity in biological parameters and increasing the biological realism of the 346

dynamics. Importantly, our aim was not to empirically validate the model, as 347

such validation would require independent experimental manipulation of infection and 348

compatibility network structures, which is currently not feasible. 349

We used data reported in [54], comprising three bacterial host populations and two 350

plasmids distinguishable by their colony phenotypes. The size of this empirical system 351

was constrained by the availability of fluorescent labels used to track the plasmids. The 352

community consisted of Pseudomonas fluorescens SBW25 (bacterial host H1), 353

Pseudomonas putida KT2440 (H2), and Escherichia coli MG1655 (H3). The plasmids 354

were the Pseudomonas-specific, mercury-resistant plasmid pQBR57 (P1), and the 355

antibiotic-resistant plasmid pKJK5 (P2), which under the experimental conditions was 356

unable to conjugate into P. fluorescens SBW25. The system therefore is characterized 357

by a modular I and a full P (Fig 6a). Because this empirical system only permits a 358
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Fig 5. Dynamics of microbe coexistence of three populations across plasmid
costs under full infection structures (top row) and modular infection
structures (bottom row). The dynamics of coexistence probability (fraction of
simulations) is calculated as the proportion of replicates with complete(3-population)
coexistence out of total number of replicates across time. Time was only plotted to t =
5000 where most probabilities had dropped to zero.

modular infection structure, we do not have empirical data from the unstructured 359

infection network. 360

We re-parameterized our model using experimental measurements (Table S1-S4). 361

Specifically, we incorporated unequal population growth rates (H1 ≤ H2 < H3), 362

infection rates (H1 = H2 < H3), and plasmid costs (P1 < P2), and a heterogeneous 363

interspecific competition network (H1 < H2 < H3). For computational tractability, we 364

used lower values of community-wide carrying capacity (Kmodel = 105 vs 365

Kempirical = 109) and initial abundances (B0model = 3.3× 103 vs B0empirical = 3.3× 105 366

for each population). These scaling differences did not affect the qualitative outcomes, 367

and we therefore compared empirical and model results in relative terms. 368

We then compared model outcomes to the empirical dynamics. Following Fig. 3(iii), 369

we expected that in the experimental system the bridge host H2 would be outcompeted 370

by the peripheral hosts and go extinct, and that the resulting community would be 371

primarily composed of infected subpopulations. In contrast to this prediction, H2 372

maintained a higher relative abundance than the peripheral host H1 (Fig 6b). The most 373

abundant plasmid in the system was P2, mirroring the high abundance of its primary 374

host (Fig 6c). This discrepancy between theoretical expectations and experimental 375

observations can be explained by the heterogeneous growth rates, the interspecific 376

competition network, and an elevated growth rate of the bridge host. We therefore 377

extended the parameterization to explicitly incorporate these factors. When included 378

(Table S1), the simulations qualitatively reproduced the experimental results (Fig 6b-e; 379

Fig S15). These results highlight the influence of trait heterogeneity on the 380

consequences of network structure, underscoring that network effects are contingent on 381

underlying parameter configurations. Exploring how parameter heterogeneity interacts 382

with assumed network structures is therefore an important direction for future work. 383

Having recapitulated the empirical results with our re-parameterized model, we were 384

then in a position to test our hypothesis using a model that fully relaxes the assumption 385

of uniform trait distributions. We reran the model with an unstructured infection 386

network (full I; Fig 6f). While the host population dynamics remained unchanged 387
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(Fig 6g), the subpopulation dynamics were qualitatively different. Specifically, the less 388

costly plasmid P1 reached a higher community-wide prevalence instead of P2 (Fig 6h vs 389

Fig 6e). These results reinforce our purely theoretical findings, demonstrating that 390

infection network structure can alter plasmid prevalence even in the presence of 391

substantial biological heterogeneity. 392

sim_test14_fig_SMKp_evo_full_I_pop_dominance.pdf
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Fig 6. Empirical network structures and simulated population dynamics.
(a)Empirical infection network I (top) and plasmid compatibility network P (bottom)
from the empirical system. (b) Host population dynamics in the empirical system. (c)
Infected subpopulation (plasmid) dynamics in the empirical system. (d) Simulated host
population dynamics using the empirical networks. (e) Simulated infected
subpopulation dynamics using the empirical networks. The empirical and modeling
systems show similar patterns for host (panel b vs panel d) and plasmid (panel c vs
panel e) dynamics. (f) Full infection network I used in simulation. (g) Simulated host
population dynamics under the full infection network. (h) Simulated infected
subpopulation dynamics under the full infection network. All abundances are relative to
community size. Error bars represent SE. The empirical observations had a sample size
of 6, while the model simulations had a sample size of 300.

Discussion 393

Although ecological networks are known to shape community dynamics, we still know 394

surprisingly little about how network structures operate in real host–plasmid systems 395

[23, 26]. Empirical data on infection networks and plasmid–plasmid compatibility 396

networks at a community level remain scarce despite increasing studies of plasmid host 397

ranges and co-infection dynamics. Therefore, the effects of each of those networks, let 398
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alone their combination, remain unknown. This work provides a first step toward filling 399

this gap by offering a mechanistic framework for studying how network structure can 400

drive community dynamics. Indeed, our results highlight how the individual and 401

combined effects of host-plasmid infection and plasmid-plasmid compatibility networks 402

determine microbial coexistence and plasmid prevalence, potentially shaping long-term 403

evolutionary trajectories by modulating the effects of selective pressures in the 404

community. Because modeling generates testable hypotheses and highlights the 405

processes most worth measuring, these results can help guide empirical studies toward 406

the interaction patterns most likely to influence plasmid spread and evolutionary 407

potential. Emerging technologies, such as Hi-C [55], can now map these interaction 408

networks at scale, making such targeted investigations increasingly feasible. 409

A central insight from our work is that the infection network exerts a stronger 410

influence on community dynamics because it is a primary barrier to plasmid-plasmid 411

interaction, generating marked heterogeneity in plasmid prevalence and co-infection 412

patterns across hosts. This asymmetry arises because infection structure determines 413

whether hosts incur plasmid-associated costs at all: hosts that are weakly connected or 414

disconnected in the infection network can avoid plasmid carriage entirely, whereas 415

compatibility structure can only limit additional costs once at least one plasmid is 416

present. Preventing infection is therefore more effective at minimizing fitness costs than 417

restricting co-infection, causing infection structure to act as a first-order filter on 418

plasmid presence and setting an upper bound on the impact of compatibility structure 419

on community dynamics. However, this influence does not operate in isolation: the 420

infection network better maintains its modular structure when the plasmid 421

compatibility network is also structured, revealing that compatibility constraints feed 422

back onto how infection patterns unfold. Structured compatibility also reshapes host 423

population composition and therefore determines where plasmids can co-reside. Such 424

structure–dynamics feedback can affect opportunities for recombination, evolutionary 425

innovation, and the potential emergence of multidrug resistance through horizontal gene 426

transfer among co-infecting plasmids [3, 18, 56, 57]. These model-derived insights are 427

consistent with empirical studies showing that host–plasmid dynamics are governed 428

jointly by direct host interactions and compatibility constraints [22, 46, 53, 58, 59, 60] 429

and that structured infection networks were found to co-occur with restricted plasmid 430

transfer pathways, limiting the spread of costly plasmids [26]. Taken together, these 431

results underscore the importance of studying multiple, coupled networks when seeking 432

to understand the ecological and evolutionary consequences of infectious MGEs. 433

Our results further indicate a clear asymmetry between host and plasmid dynamics: 434

plasmids are far more likely to persist than their hosts under alternative network 435

structures, provided they can maintain themselves in just one surviving host population. 436

In other words, whereas there can really only be one successful host owing to niche 437

overlap, multiple plasmids can survive in that successful host. This asymmetry emerges 438

because shifts in plasmid compatibility can impose high infection burdens that drive 439

hosts to extinction, whereas changes in infection patterns rarely eliminate plasmids 440

outright as long as any suitable host remains. Consequently, plasmids retain substantial 441

potential for persistence, evolution, and host-range expansion even under reduced host 442

diversity, consistent with empirical observations of broad-host-range plasmids [61]. 443

Plasmid interactions via epistasis (non-additive cost), which is constrained by the 444

compatibility structure, can also affect dynamics. While our model implemented a slight 445

positive epistasis among plasmid costs, a stronger positive epistasis could hinder host 446

coexistence but enhance plasmid co-infection: when the joint cost of carrying multiple 447

plasmids is alleviated, hosts grow faster and compete more strongly within the 448

community, while plasmids coexist more readily within the same host, increasing 449

opportunities for recombination and horizontal transfer. A pure additive effect of 450

December 23, 2025 14/31



plasmid co-infection, on the other hand, will hinder both host coexistence and plasmid 451

persistence, for co-infected host subpopulations will quickly be out-competed. 452

In contrast to plasmid compatibility networks, infection networks in our model were 453

inherently unstable, frequently leading to host extinction—even though transient, 454

ultimately unsuccessful host populations could still shape the long-term dynamics of 455

plasmid persistence. This contrasts with natural systems, where modular and nested 456

structures are commonly observed [35, 38, 62], suggesting stabilizing factors for the 457

network structures. Population-level trait heterogeneity and positive epistasis in 458

plasmid fitness costs [8, 17], among other possible factors, may mitigate destabilization, 459

allowing structured networks to persist in nature. 460

Ideally, theoretical predictions should be evaluated through direct empirical tests. In 461

our case, this would require independent experimental manipulation of infection and 462

compatibility network structures while holding host and plasmid traits constant. This is 463

a technical challenge that would likely require engineered systems. To our knowledge, 464

no current empirical system allows such manipulation of infection networks, making this 465

an important but currently inaccessible direction that we can only address indirectly 466

through simulation. As an intermediate step, we applied our model to a 467

well-characterized experimental system comprising three bacterial hosts and two 468

plasmids forming a modular infection network [54]. Rather than serving as a formal 469

validation, this approach assessed whether incorporating empirically observed network 470

structure is necessary to capture observed dynamics. The dependence of model behavior 471

on the imposed infection structure provides preliminary empirical support for the role of 472

network organization in shaping host–plasmid dynamics, while illustrating how 473

empirically informed models can be used to explore counterfactual network 474

configurations that are not yet experimentally accessible. 475

Our study focused on a small and fixed system to isolate effects related to network 476

structure, to more easily dissect patterns among populations and subpopulations, and 477

to clarify causal effects among interactions within networks. With this foundation, the 478

model can be expanded to represent larger and more complex bipartite communities. In 479

larger systems, functional redundancy and increased complexity of interactions, resource 480

specialization and trade-offs could dampen the effects of network interplay 481

[63, 64, 65, 66]. An important future research direction is the empirical assembly of 482

infection and compatibility networks, as has been achieved for bacteria–phage systems 483

[35, 40]. Although such network-level data remain rare [26], several 484

studies—particularly those quantifying host ranges [67, 68]—demonstrate promising 485

progress toward reconstructing host–plasmid infection networks, a trend likely to 486

accelerate with emerging technologies such as Hi-C. In contrast, assembling 487

plasmid–plasmid compatibility networks poses a greater challenge, as it requires either 488

identifying the molecular mechanisms that permit or prevent plasmid co-residence, or 489

conducting extensive co-infection experiments across multiple plasmid combinations. 490

We further assumed uniform and fixed host traits to focus on the effect of network 491

niche (node position). However, incorporating host and plasmid heterogeneity or 492

evolution could alter our predictions [24, 69]. Nevertheless, parameterizing our model 493

according to empirical data did not qualitatively change the key result that structure 494

alters plasmid dynamics. Finally, we did not consider beneficial accessory genes (e.g., 495

antibiotic resistance), which—as shown in an empirical experiment [54]—can shift 496

host-MGE interactions from antagonistic to mutualistic. While this allowed us to 497

generate a theory that is generally relevant for infectious agents, future research could 498

integrate eco-evolutionary feedback and beneficial accessory genes to capture these 499

dynamical aspects of host-plasmid communities. 500

An open question in microbial ecology is how network structure evolves and persists. 501

While the infection and compatibility networks we modeled resemble those observed in 502
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microbial ecosystems [12, 35, 36, 70, 71, 72, 73], we effectively treated them as 503

boundary conditions within which new links cannot emerge and nodes themselves 504

cannot evolve. In reality, network structures emerge via eco-evolutionary processes 505

[12, 23, 38], and host adaptation, immunity, and plasmid evolution likely result in 506

host-specific fitness effects [53] and shape infection network structure [23, 36]. Plasmid 507

compatibility networks, although much less studied, likely evolve through recombination 508

that reorganizes their replication–partition systems [3] and mutations that modulate 509

incompatibility functions [48]. Adaptive defense mechanisms that mediate plasmid 510

competition [21, 22] may also influence compatibility constraints. Moreover, there may 511

be interacting evolutionary trajectories of the interacting networks, leading to 512

multi-level selection. Future models could incorporate such evolutionary feedback, 513

shifting from fixed boundary conditions to dynamic, emergent structures. 514

Conclusion 515

In conclusion, our study provides a novel perspective on microbial ecology by explicitly 516

demonstrating that the interplay between host-plasmid infection and plasmid-plasmid 517

compatibility networks profoundly shapes community dynamics and evolutionary 518

potential. We find that the interconnectedness of these ecological networks itself 519

stabilizes host-plasmid communities and alters their dynamics, underscoring the need to 520

move beyond studying interaction types in isolation. Beyond microbial ecology, these 521

theoretical and modeling developments offer insights into community dynamics of 522

infectious agents and their hosts. 523

Materials and methods 524

Host-plasmid model 525

ODE-based models have been widely used to study host–plasmid dynamics [7, 8, 9], but 526

they are less suited to the specific questions we address here. Our focus is on 527

subpopulation-level dynamics, explicit representation of hosts carrying different 528

plasmids, and incorporating demographic stochasticity [74]. It is also more 529

straightforward to embed heterogeneous network structures within an agent-based 530

model. For these reasons, we use a stochastic agent-based model that captures 531

subpopulation dynamics while allowing the network structures to be represented 532

directly. Below are the overview (entities, spatial and temporal scales), design (events, 533

simulation) and detail (interaction networks, host and plasmid traits, infection 534

propensity, rates, and model limitations) [75]. 535

Entities 536

The entities of the model were host subpopulations. Each subpopulation of host i 537

contained a plasmid profile p. Each plasmid profile was a vector of elements 0 and 1, 538

representing the presence (1) or absence (0) of each plasmid in the subpopulation. 539

Therefore, a community with nb hosts and np plasmids had at most nb × 2np
540

subpopulations. We defined Hi,p as the abundance of a subpopulation, and Hi as the 541

abundance of host i (Hi = Σ2np−1
p=0 Hi,p). For simplicity, we assumed each plasmid had a 542

single copy in each host individual. We present an example for this notation in Table 1. 543

Based on the plasmid profiles, we generated a list of donors (the plasmid-infected 544

subpopulations that can transmit plasmids to others), and for each donor a list of 545

recipients (the subpopulations that can receive plasmids from the donor) during model 546

initialization. The lists of donors and recipients were used to sample subpopulations 547
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that undergo HGT and were updated during the simulations when new subpopulations 548

emerged. 549

Table 1. Example of entity notation. In this example there are hosts (H1 and H2) and two
plasmids (P1 and P2).

Host (i) Plasmid profile (p) Abundance (Hi,p)

1 [0,0] 10
1 [1,0] 5
1 [0,1] 0
1 [1,1] 0
2 [0,0] 10
2 [1,0] 5
2 [0,1] 0
2 [1,1] 0

Spatial and temporal scales 550

We did not consider a spatial structure. We used hour as the time unit, as most 551

per-capita rates are quantified with this unit in microbial studies. We used a 20000 552

hours time span for the simulations of the theoretical part to ensure stable coexistence, 553

and a 240 hours (10 days) time span for simulations supporting the lab experiment, 554

which is ample for most host populations/communities to reach carrying capacity in a 555

lab environment [10]. 556

Events 557

Five major events contributed to the dynamics of the entities: death (D), growth (G), 558

segregation (S), competition (C), and infection (I) (Fig 1b). In each death and 559

competition event, the chosen entity decreased its abundance by one. In each growth 560

event, the chosen entity increased its abundance by one. In each segregation event (i.e., 561

growth with segregation error), we assumed plasmid segregation fails, so the plasmid-free 562

entity Hi,0 increased its abundance by one. By doing so, we assumed a cell division 563

might lose all rather than one of its plasmid, to keep simulation tractable. Relaxing this 564

assumption will not affect the results, for we also assumed the segregation event occurs 565

very rarely, making its influence negligible. With each infection event, the chosen donor 566

entity Hi,p infected a recipient entity Hk,q, turning it into a transconjugant entity Hk,r. 567

As a result, the donor’s abundance remained the same, the recipient’s abundance 568

decreased by one, and the transconjugant’s abundance increased by one. 569

Simulations 570

We applied the Gillespie algorithm, which includes the following steps: 571

1. Initialize the system with variable inputs (including parameter values and initial 572

subpopulation abundances) (S1 Appendix and Table S6), and set time t to zero. 573

2. Calculate the total rate of the system R = RD +RG +RS +RC +RI , which is 574

composed of the total rates of death (see ”Rates” for per-capita rates): 575

RD =
∑
i,p

µi,pHi,p, (1)
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growth: 576

RG =
∑
i,p

ηi,pHi,p, (2)

segregation: 577

RS =
∑
i,p

ωi,pHi,p, (3)

competition: 578

RC =
∑
i,p

ξi,pHi,p, (4)

and infection: 579

RI =
∑
i,p

ϕi,pHi,p (5)

. 580

3. Sample the length of a time step ∆t = X
R , where X was drawn from an 581

exponential distribution with a mean of 1. 582

4. Randomly sample an event, with weights proportional to the event’s weight out of 583

the total rate (RD/R,RG/R,RS/R,RC/R,RI/R) 584

5. Sample the entity. If the chosen event is not infection, randomly sample an entity 585

Hi,p, with weights according to the subpopulations’ event rates. If the chosen 586

event is infection, first sample a donor entity Hi,p from the plasmid-infected 587

subpopulations, with weights according to their infection rates. Then, sample a 588

recipient entity Hk,q from the recipient subpopulations that are vulnerable to the 589

donor, with weights according to their abundances. Finally, sample a 590

transconjugant entity Hk,r, with weights according to the propensity tensor Γ (see 591

”Infection propensity”). 592

6. Execute the chosen event for the chosen entity, and update the simulation time 593

(t′ = t+∆t). 594

7. Move to step 3 until the simulation time meets the final time. Meanwhile, record 595

the subpopulation abundances when t is equal to or passes desired length of time 596

set for recording the system’s set (5 hours in our case). 597

8. When the simulation reaches the defined time limit t = 20000 or t at which the 598

system collapses (all host populations have zero abundance), write the data frame 599

into the output file in SQLite format (S1 Appendix). The output file was used for 600

further analyses. 601

Interaction networks 602

We used an infection network and a plasmid compatibility network. The infection 603

network I was a binary incidence matrix (Fig 7a) that determined if the plasmid β 604

(column) can infect the host i (row). The plasmid compatibility network P was a 605

symmetric binary matrix (Fig 7b) that determined if two plasmids α and β can coexist 606

within the entity’s individuals, with the assumption that plasmids were 607

self-incompatible (Pαβ = 0 ∀ α = β). We also assumed that the hosts had equal 608

strength of interspecific competition for a common resource, and that HGT occurred 609

both between and within hosts. 610
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Host and plasmid traits 611

For the host, we used per capita growth rate ηi, per capita death rate µi, and probability 612

of segregation error ei. For the plasmids, we used plasmid cost on host growth cα. We 613

applied a community-wide carrying capacity K, limiting the sum of population 614

abundances. A complete list of parameters and their values is provided in Table 2. 615

Table 2. Parameter values used in the simulations of the theoretical part. Parameter values were
based on/taken from [76].

Host traits H1 H2 H3

growth rate ηi 1 1 1
death rate µi 0.12 0.12 0.12
infection rate γi 10−5 10−5 10−5

segregation rate γi 10−8 10−8 10−8

community-wide carrying capacity K 20000 20000 20000
intraspecific competition coefficient aii 1 1 1
interspecific competition coefficient aij 0.01 0.01 0.01

Plasmid traits P1 P2 P3 P4

plasmid cost cα 0.3 0.3 0.3 0.3

Infection propensity 616

When the infection event is chosen, we considered the propensities with which 617

transconjugants were generated given combinations of donors and recipients. 618

Specifically, we used a three-dimensional infection propensity tensor Γ, with each 619

dimension of size n
np

b corresponding to all potential entities (subpopulations) Hi,p along 620

the transconjugant, donor, and recipient axes. We assumed that the more plasmids 621

transmitted in an infection, the lower the propensity. Thus, the elements (propensities) 622

of Γ that met the infection conditions (Table 3) were estimated following the power law: 623

Γk,r;i,p;k,q =
1

2ν−1
, (6)

Here, Γk,r;i,p;k,q represented the propensity of the recipient Hk,q, after receiving 624

plasmid(s) from donor Hi,p, to become transconjugant Bk,r. The parameter ν 625

represented the number of plasmid strains being transferred from the donor to the 626

recipient. Other elements of Γ were treated as 0. We provide an example propensity 627

tensor for a system with one host and two plasmids in Fig 7c. 628

Table 3. Conditions for infection to occur.

Condition Content

1 Donor is plasmid-infected (p ̸= 0)
2 Donor has plasmid(s) that the recipient does not
3 Transferable plasmid(s) can infect the recipient (Iβi = 1)
4 Plasmids in the transconjugant can coexist (Pαβ = 1)

Rates 629

The dynamics of the subpopulations (S1 Appendix and Fig S16) were based on a 630

modified Lotka-Volterra model with infection-recovery elements and direct competition 631
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Fig 7. The (a) infection network structures I and (b) plasmid compatibility
network structures P represented as matrices. (c) An example of a
propensity tensor. Colored blocks in (a) and (b) represent blocks with value 0, while
white blocks represent blocks with value 1. Quantified structural characteristics of these
networks are further displayed in Table S8 and Table S9. The propensity tensor
example focuses on the dimension of the recipient Hk=1,q=[0,0]. Element
Γ1,[1,1];1,[1,1];1,[0,0] = 1/2 because there are two plasmids being transferred from the
donor Hi=1,p=[1,1] to the recipient Hk=1,q=[0,0], creating the transconjugant Hk=1,r=[1,1].
Each column of the propensity tensor (i.e., with a given combination of donor and
recipient) with at least one element > 0 was then normalized to 1, ensuring the
propensities of each column summed up to 1.

events (individuals killing each other due to competition over a common resource; see S1 632

Appendix and Figs S17-20 for results from indirect competition, i.e., density-dependent 633

growth). In this model, each subpopulation had its per capita rate of events based on 634

strain and plasmid profile, and its total rates of events based on its per capita rates × 635

abundance, which summed up to the total rate of events R. Below we define the 636

equations of subpopulation per capita rates (variables used in the equations are 637

described in Table S5). We defined the subpopulation per capita death rate as µi,p = µi 638

(host-specific) and the per capita growth rate as 639

ηi,p = ηi
∏

α|pα ̸=0

(1− cα), (7)

where the realized growth rate was the host-specific per capita growth rate, ηi, times 640

the product of the complements of the costs across plasmids hosted by the 641

subpopulation. Therefore, we assumed that the plasmid costs are not additive but 642

multiplicative for the host, resulting in a slight positive epistasis (as the cost of each 643

plasmid is smaller than 1, the multiplicative cost will be smaller than the pure additive 644

cost). We defined the subpopulation per capita segregation rate as 645

ωi,p = eiηi,p. (8)

We defined the competition matrix A, in which each cell aij is the effect of host j on 646

the per-capita growth rate of host i. As with other parameters, we used a uniform 647

aij = 0.01 to ensure that the community effects we get are not due to some random 648

competitive advantage of one host over another, but rather due to the structure of the 649
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networks. We applied a community-wide carrying capacity K, and defined the 650

subpopulation per capita competition rate as 651

ξi,p = ηi,p

∑
j

bij
Hj

K

 . (9)

Here, bij = aij + 1 for i ̸= j, and bij equals to 1 when i = j. 652

We defined the subpopulation per capita infection rate ϕi,p as 653

ϕi,p = γi,p
∑

Hi,p ∈ L, (10)

where γi,p is the per capita encounter rate between a donor (i.e., plasmid-hosting) and 654

its recipients, and was either host-specific for subpopulations hosting plasmid(s), or zero 655

for the plasmid-free subpopulations. L was the set of recipient subpopulations that 656

could receive plasmid(s) from the donor subpopulation. While the mechanisms by which 657

the donors and recipients of plasmids meet could be complex [77], we assumed these 658

mechanisms to be donor-dependent and plasmid-profile-independent. 659

Model limitations 660

Although our model can simulate multihost–multiplasmid systems, it faces 661

computational constraints as system complexity increases. As the number of host (nb) 662

and plasmid populations (np) increases, so does the time required to generate the 663

infection propensity tensor (of size nb × 2np in each of the three dimensions), and to 664

initialize the system (e.g., generate lists of donors and corresponding recipients) unless 665

the interaction networks are extremely sparse. Because the Gillespie algorithm is used, 666

increasing system complexity and community-wide carrying capacity inevitably raises 667

the total event rate R. This, in turn, reduces the sampled time step in each iteration, 668

making it more time-consuming for the simulation to reach the final time (S1 Appendix 669

and Fig S21). 670

Experimental design 671

We used a 3× 3 factorial design of the combinations of I and P, which resulted in 9 672

experiments (Table 4). Due to the stochastic nature of the model, we ran 300 replicates 673

for each experiment, each with a different seed for random sampling. To test how 674

plasmids spread, we initiated populations with a low abundance of monoplasmidic 675

subpopulations (10) compared to plasmid-free subpopulations (2000). We included all 676

potential monoplasmidic subpopulations, so that each plasmid already existed in focal 677

hosts before it was acquired from other hosts. 678

For the empirical observation, the host-plasmid communities were cultured over five 679

48-hour transfers (10 days) in shaken liquid medium. We used the empirical data only 680

from the communities that did not experience environmental stress. We used bacterial 681

derivatives and fluorescent proteins to track different host populations and plasmids, 682

and applied a link-balanced initial community composition, where all populations 683

started with equal abundance, comprising of 50% plasmid-free subpopulation and 50% 684

plasmid-carrying subpopulations. We quantified population and subpopulation 685

abundance on days 2, 6, and 10, and summarized population and subpopulation 686

dynamics. 687

Code and data availability 688

The code and data for model simulation, input generation, output analyses, and 689

empirical data analysis is available in the dedicated Github repository associated with 690
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Table 4. Experimental design of the theoretical part.

Expt.(code) I P

1 (Full I Full P) full full
2 (Full I Mod P) full modular
3 (Full I Hub P) full hub
4 (Nest I Full P) nested full
5 (Nest I Mod P) nested modular
6 (Nest I Hub P) nested hub
7 (Mod I Full P) modular full
8 (Mod I Mod P) modular modular
9 (Mod I Hub P) modular hub

this paper at: https://github.com/HFSP-EcoNets/model_code. Empirical data is 691

also available in the collaborative study by Schaal et al. [54]. 692

Supplementary information 693

S1 Fig. Relative abundance of populations at the end of the simulations (t 694

= 20000 hours). Dots on the vertices represent no coexistence (i.e. only one 695

population survived), while dots on the edges represent the coexistence of two 696

populations. 697

S2 Fig. Dynamics of subpopulation abundance (mean ± 1 SE) at full I x 698

full P. Note that the number of replicates of a subpopulation at a given time point may 699

vary across time, for it depends on how many replicates still have that subpopulation at 700

that time point. The K at y-axis represents carrying capacity. Time was only plotted to 701

t = 3000 where equilibrium of subpopulations had been reached. Note the plasmid-free 702

subpopulation (green line) first increased then decreased. 703

S3 Fig. Dynamics of subpopulation abundance (mean ± 1 SE) at nested I 704

x full P. Note that the number of replicates of a subpopulation at a given time point 705

may vary across time, for it depends on how many replicates still have that 706

subpopulation at that time point. The K at y-axis represents carrying capacity. Time 707

was only plotted to t = 3000 where equilibrium of subpopulations had been reached. 708

S4 Fig. Dynamics of microbe coexistence of three populations (solid line) 709

and two populations (dashed line) at the end of the simulations (t = 20000 710

hours). The dynamics of coexistence probability (fraction of simulations) is calculated 711

as the proportion of replicates with complete(3-population)/partial(2-population) 712

coexistence out of total number of replicates across time. Time was only plotted to t = 713

5000 where all probabilities had dropped to zero. 714

S5 Fig. Dynamics of (a) population abundance and (b) subpopulation 715

abundance at modular I x full P from replicate 21. Replicate 21 demonstrated 716

the stable coexistence scenario where the plasmid-free subpopulations of the peripheral 717

hosts persisted. The K at y-axis represents carrying capacity. Interestingly, populations 718

and subpopulations fluctuated with alternative amplitudes around mean abundance. 719

This is because there was a dynamical balance between primary and secondary plasmid 720

infections between the coexisting hosts. 721
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S6 Fig. Dynamics of (a) population abundance and (b) subpopulation 722

abundance at modular I x full P from replicate 23. Replicate 23 demonstrated 723

the unstable coexistence scenario where the plasmid-free subpopulations of the 724

peripheral hosts went extinct. When the plasmid-free subpopulations went extinct, 725

monoplasmidic subpopulations lost input from infection, and the remaining 726

monoplasmidic individuals quickly got co-infected, destabilizing the oscillatory dynamics 727

of the coexisting populations. The K at y-axis represents carrying capacity. Time was 728

only plotted to t = 3000 where equilibrium of subpopulations had been reached. 729

S7 Fig. Dynamics of subpopulation abundance (mean ± 1 SE) at modular 730

I x full P. Note that the number of replicates of a subpopulation at a given time point 731

may vary across time, as it depends on how many replicates still have that 732

subpopulation at that time point. The K at y-axis represents carrying capacity. The 733

high abundance of P3-infected H2 is from a rare case (one from 300 replicates). 734

S8 Fig. Dynamics of subpopulation abundance (mean ± 1 SE) at modular 735

I x modular P. Note that the number of replicates of a subpopulation at a given time 736

point may vary across time, for it depends on how many replicates still have that 737

subpopulation at that time point. The K at y-axis represents carrying capacity. The 738

subpopulation abundances of H2 are from 65 replicates. 739

S9 Fig. Dynamics of subpopulation abundance (mean ± 1 SE) at modular 740

I x hub P. Note that the number of replicates of a subpopulation at a given time point 741

may vary across time, for it depends on how many replicates still have that 742

subpopulation at that time point. The K at y-axis represents carrying capacity. The 743

subpopulation abundances of H2 are from 9 replicates. 744

S10 Fig. Dynamics of plasmid prevalence (mean ± 1 SE). Time was only 745

plotted to t = 10000 where equilibrium of plasmid prevalence had been reached. 746

S11 Fig. Dynamics of microbe coexistence of (a) three populations (solid 747

line) and (b) two populations (dashed line) across plasmid costs. The 748

dynamics of coexistence probability (fraction of simulations) is calculated as the 749

proportion of replicates with complete(3-population)/partial(2-population) coexistence 750

out of total number of replicates across time. Time was only plotted to t = 5000 where 751

most probabilities had dropped to zero. 752

S12 Fig. Relative abundance of populations at the end of the simulations (t 753

= 20000 hours) when plasmid cost = (a) 0, (b) 0.3, (c) 0.6, and (d) 0.8. Dots 754

on the vertices represent no coexistence (i.e. only one population survived), while dots 755

on the edges represent the coexistence of two populations. 756

S13 Fig. Mean and SE of final plasmid prevalence across all replicates 757

when plasmid cost = (a) 0, (b) 0.3, (c) 0.6, and (d) 0.8. 758

S14 Fig. Final host population composition when plasmid cost = (a) 0, (b) 759

0.3, (c) 0.6, and (d) 0.8., averaged across replicates in which that host 760

population survived (only populations surviving in > 5 replicates were 761

considered). Profiles represent the host subpopulations (e.g., the profile 1000 762

represents a subpopulation hosting only P1). 763
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S15 Fig. (a) The host population dynamics and (b) host subpopulation 764

dynamics from the simulations assuming no increase on the growth rate of 765

the bridge host H2 under a modular I based on an empirical system (Figure 766

5a, top row). 767

S16 Fig. Illustration of the dynamics of plasmid-carrying subpopulation 768

(left box with a circle in it) and plasmid-free subpopulation (right box). 769

Colored arrows indicate abundance inflows/outflows from the five events: growth 770

(green), death (red), competition (purple), infection (orange), and segregation (blue). 771

Alongside each arrow lists the per capita rate of the event, with subscripts denoting host 772

i and plasmid profile p of the subpopulation. 773

S17 Fig. Dynamics of microbe coexistence of three populations (solid line) 774

and two populations (dashed line) under density-dependent growth. The 775

dynamics of coexistence probability (fraction of simulations) is calculated as the 776

proportion of replicates with complete(3-population)/partial(2-population) coexistence 777

out of total number of replicates across time. Time was only plotted to t = 5000 where 778

most probabilities had dropped to zero or stabilized. 779

S18 Fig. Relative abundance of populations at the end of the simulations (t 780

= 20000 hours) under density-dependent growth. Dots on the vertices represent 781

no coexistence (i.e. only one population survived), while dots on the edges represent the 782

coexistence of two populations. 783

S19 Fig. Mean and SE of final plasmid prevalence across all replicates 784

under density-dependent growth. 785

S20 Fig. Final host population composition under density-dependent 786

growth, averaged across replicates in which that host population survived 787

(only populations surviving in > 5 replicates were considered). Profiles 788

represent the host subpopulations (e.g., the profile 1000 represents a subpopulation 789

hosting only P1). 790

S21 Fig. Elapse time of tensor generation, initialization and simulation 791

across system complexity n, i.e. the number of host and plasmid populations 792

in the system. 793

S1 Appendix. Supporting information for the host-plasmid model. 794

Subpopulation dynamics, input and output, complexity-dependent computational 795

efficiency, and the results from an alternative model with density-dependent growth rate. 796

S1 Table. Host-specific parameters. The net population growth rates were 797

parameterized using the empirical data fit to the standard form of the logistic equation 798

in the R package growthcurver [78], while the population growth rates and death rates 799

were arbitrarily assigned to match the net population growth rate. The infection rates 800

and competition coefficients were assigned in a relative magnitude in order to better 801

match the empirical subpopulation and population dynamics. The segregation rates 802

were fixed to an extremely low value so these can be negligible. The community-wise 803

carrying capacity was arbitrarily assigned for computational efficiency. We later 804

assumed an increase in the growth rate of the bridge host (H2). 805
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S2 Table. Plasmid-specific parameters. The plasmid costs were assigned in a 806

relative magnitude based on empirical monocultures of the infected bridge host 807

population in order to better match the empirical subpopulation and population 808

dynamics. The plasmid resistance to stress was arbitrarily assigned and fixed as these 809

are irrelevant for systems without stress. 810

S3 Table. Initial abundance of the plasmid-present system for a modular 811

infection network I. 812

S4 Table. Initial abundance of the plasmid-present system for a full 813

infection network I. 814

S5 Table. Constants and parameters for the model. 815

S6 Table. Variables for the model input. 816

S7 Table. Constants and parameters for the model performance test. 817

S8 Table. Quantified modularity (Q) and nestedness (NODF) of the 818

designed bipartite infection networks I. Q (between 0 and 1 for natural ecological 819

networks) is computed following Barber (2007) [79], while NODF (between 1 and 100) 820

is computed following Almeida-Neto et al. (2008) [80]. 821

S9 Table. Quantified Modularity (Qmax) and degree heterogeneity (H) of 822

the designed unipartite plasmid compatibility networks P. Qmax (between 0 823

and 1 for natural ecological networks) is computed following Newman and Girvan (2004) 824

[81], while H (between 0 and infinity; with 0.33 for a small network of four nodes 825

indicating a star-like hub structure) is computed following Estrada (2010) [82]. 826
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27. Bastolla U, Fortuna MA, Pascual-Garćıa A, Ferrera A, Luque B, Bascompte J.
The architecture of mutualistic networks minimizes competition and increases
biodiversity. Nature. 2009;458(7241):1018–1020. doi:10.1038/nature07950.
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Cross-biome microbial networks reveal functional redundancy and suggest
genome reduction through functional complementarity. Commun Biol.
2024;7(1):1046. doi:10.1038/s42003-024-06616-5.

66. Wortel MT. Evolutionary coexistence in a fluctuating environment by
specialization on resource level. J Evol Biol. 2023;36(3):622–631.
doi:10.1111/jeb.14158.
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S1 Appendix

Below is the supporting information for the host-plasmid model.

Subpopulation dynamics

The simplified dynamics of plasmid-infected and plasmid-free subpopulations are illustrated in Fig S16. Each
subpopulation experiences events that lead to an increase or decrease in abundance at subpopulation-specific per
capita rates. Note that for plasmid infection, the infection rate only determines the frequency of infection events,
while the rate-independent propensity tensor Γ determines the propensity at which an individual of a given type
of plasmid-carrying subpopulation is produced. The equations and related parameters of the per capita rates
and the propensity tensor are described in Materials and Methods.

Input and output

The raw simulation input is in JSON format and includes the variables described in Table Table S6. The
raw simulation output is in SQLite format and includes three tables. Table ”bsubabundance” is the table of
host subpopulation dynamics. It includes time (t), subpopulation id (subpop id), host id, plasmid profile
(p profile), and subpopulation abundances (abundance). Table ”events” includes time (t), the accumulated
number of growth events (growth), death events (death), segregation events (segregation), competition events
(competition), and infection events (infection). Table ”meta” includes the general information about the
simulation: seed, key (the id of a simulation and output assigned by the experiment designer), job (the id of
the job generated by the HPC), start time, end time, and elapsed seconds.

Results from an alternative model with density-dependent growth

To explore how density-dependent growth (a typical competitive Lotka-Volterra model) affect the results, we
re-defined the subpopulation per capita growth rate as

ηi,p = ηi(1−
Hi

K
)

∏
α|pα ̸=0

(1− cα), (1)

and removed the competition event. The results were qualitatively identical and quantitatively strengthened: a
structured plasmid compatibility network P promotes transient host coexistence (Fig S17), while a modular
infection network I promotes stable host coexistence and plasmid diversity (Figs S18 and S19). Also, network
structure can counteract the effects of one another. For example, the hub plasmid P1 at hub P failed to be
prevalent at modular I (Figs S19 and S20). The strengthened patterns were due to the density-dependent
growth (indirect competition), which limits population growth more efficiently (without time delay) than direct
competition events in a stochastic model. Such indirect rather than direct competition delayed competitive
exclusion and thereby enhanced host coexistence.

Complexity-dependent computational efficiency

To demonstrate how the system complexity limits the computational efficiency of our model, we ran a model
performance test across n-host-n-plasmid systems where n ranged from one to six. Each n-host-n-plasmid system
was initialized with n×(n+1) subpopulations, where each host population had a plasmid-free subpopulation with
1000 individuals, and all potential single-plasmid-carrying subpopulations with 100 individuals each. We fixed all
the host and plasmid traits across populations, applied the reference (full) structure for all interaction networks,
and increased the community-wide carrying capacity K linearly with the initial number of subpopulations (Table
Table S7). The elapsed time for the infection tensor Γ generation, initialization and simulation substantially
increased with system complexity (Fig S21).
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Figs S1 to S21
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Fig S1. Relative abundance of populations at the end of the simulations (t = 20000 hours). Dots on the
vertices represent no coexistence (i.e. only one population survived), while dots on the edges represent the
coexistence of two populations.
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Fig S2. Dynamics of subpopulation abundance (mean ± 1 SE) at full I x full P. Note that the number of
replicates of a subpopulation at a given time point may vary across time, for it depends on how many replicates
still have that subpopulation at that time point. The K at y-axis represents carrying capacity. Time was only
plotted to t = 3000 where equilibrium of subpopulations had been reached. Note the plasmid-free subpopulation
(green line) first increased then decreased.
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Fig S3. Dynamics of subpopulation abundance (mean ± 1 SE) at nested I x full P. Note that the number of
replicates of a subpopulation at a given time point may vary across time, for it depends on how many replicates
still have that subpopulation at that time point. The K at y-axis represents carrying capacity. Time was only
plotted to t = 3000 where equilibrium of subpopulations had been reached.
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Fig S4. Dynamics of microbe coexistence of three populations (solid line) and two populations (dashed line) at
the end of the simulations (t = 20000 hours). The dynamics of microbe coexistence probability (fraction of
simulations) is calculated as the proportion of replicates with complete(3-population)/partial(2-population)
coexistence out of total number of replicates across time. Time was only plotted to t = 5000 where all
probabilities had dropped to zero.
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Fig S5. Dynamics of (a) population abundance and (b) subpopulation abundance at modular I x full P from
replicate 21. Replicate 21 demonstrated the stable coexistence scenario where the plasmid-free subpopulations of
the peripheral hosts persisted. The K at y-axis represents carrying capacity. Interestingly, populations and
subpopulations fluctuated with alternative amplitudes around mean abundance. This is because there was a
dynamical balance between primary and secondary plasmid infections between the coexisting hosts.
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Fig S6. Dynamics of (a) population abundance and (b) subpopulation abundance at modular I x full P from
replicate 23. Replicate 23 demonstrated the unstable coexistence scenario where the plasmid-free subpopulations
of the peripheral hosts went extinct. When the plasmid-free subpopulations went extinct, monoplasmidic
subpopulations lost input from infection, and the remaining monoplasmidic individuals quickly got co-infected,
destabilizing the oscillatory dynamics of the coexisting populations. The K at y-axis represents carrying
capacity. Time was only plotted to t = 3000 where equilibrium of subpopulations had been reached.
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Fig S7. Dynamics of subpopulation abundance (mean ± 1 SE) at modular I x full P. Note that the number of
replicates of a subpopulation at a given time point may vary across time, as it depends on how many replicates
still have that subpopulation at that time point. The K at y-axis represents carrying capacity. The high
abundance of P3-infected H2 is from a rare case (one from 300 replicates).
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Fig S8. Dynamics of subpopulation abundance (mean ± 1 SE) at modular I x modular P. Note that the
number of replicates of a subpopulation at a given time point may vary across time, for it depends on how many
replicates still have that subpopulation at that time point. The K at y-axis represents carrying capacity. The
subpopulation abundances of H2 are from 65 replicates.
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Fig S9. Dynamics of subpopulation abundance (mean ± 1 SE) at modular I x hub P. Note that the number of
replicates of a subpopulation at a given time point may vary across time, for it depends on how many replicates
still have that subpopulation at that time point. The K at y-axis represents carrying capacity. The
subpopulation abundances of H2 are from 9 replicates.
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Fig S10. Dynamics of plasmid prevalence (mean ± 1 SE). Time was only plotted to t = 10000 where
equilibrium of plasmid prevalence had been reached.
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Fig S11. Dynamics of microbe coexistence of (a) three populations (solid line) and (b) two populations (dashed
line) across plasmid costs. The dynamics of coexistence probability (fraction of simulations) is calculated as the
proportion of replicates with complete(3-population)/partial(2-population) coexistence out of total number of
replicates across time. Time was only plotted to t = 5000 where most probabilities had dropped to zero.
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Fig S12. Relative abundance of populations at the end of the simulations (t = 20000 hours) when plasmid cost
= (a) 0, (b) 0.3, (c) 0.6, and (d) 0.8. Dots on the vertices represent no coexistence (i.e. only one population
survived), while dots on the edges represent the coexistence of two populations.
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Fig S13. Mean and SE of final plasmid prevalence across all replicates when plasmid cost = (a) 0, (b) 0.3, (c)
0.6, and (d) 0.8.
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Fig S14. Final host population composition when plasmid cost = (a) 0, (b) 0.3, (c) 0.6, and (d) 0.8., averaged
across replicates in which that host population survived (only populations surviving in > 5 replicates were
considered). Profiles represent the host subpopulations (e.g., the profile 1000 represents a subpopulation hosting
only P1).
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Fig S15. (a) The host population dynamics and (b) host subpopulation dynamics from the simulations
assuming no increase on the growth rate of the bridge host H2 under a modular I based on an empirical system
(Figure 5a, top row).
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Fig S16. Illustration of the dynamics of plasmid-carrying subpopulation (left box with a circle in it) and
plasmid-free subpopulation (right box). Colored arrows indicate abundance inflows/outflows from the five
events: growth (green), death (red), competition (purple), infection (orange), and segregation (blue). Alongside
each arrow lists the per capita rate of the event, with subscripts denoting host i and plasmid profile p of the
subpopulation.

18



Mod I Full P Mod I Mod P Mod I Hub P

Nest I Full P Nest I Mod P Nest I Hub P

Full I Full P Full I Mod P Full I Hub P

0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

0.00
0.25
0.50
0.75
1.00

Time * 1e3

F
ra

ct
io

n 
of

 s
im

ul
at

io
ns

Fig S17. Dynamics of microbe coexistence of three populations (solid line) and two populations (dashed line)
under density-dependent growth. The dynamics of coexistence probability (fraction of simulations) is calculated
as the proportion of replicates with complete(3-population)/partial(2-population) coexistence out of total
number of replicates across time. Time was only plotted to t = 5000 where most probabilities had dropped to
zero or stabilized.
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Fig S18. Relative abundance of populations at the end of the simulations (t = 20000 hours) under
density-dependent growth. Dots on the vertices represent no coexistence (i.e. only one population survived),
while dots on the edges represent the coexistence of two populations.
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Fig S19. Mean and SE of final plasmid prevalence across all replicates under density-dependent growth.
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Fig S20. Final host population composition under density-dependent growth, averaged across replicates in
which that host population survived (only populations surviving in > 5 replicates were considered). Profiles
represent the host subpopulations (e.g., the profile 1000 represents a subpopulation hosting only P1).
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Fig S21. Elapse time of tensor generation, initialization and simulation across system complexity n, i.e. the
number of host and plasmid populations in the system.
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Tables S1 to S7

Table S1. Host-specific parameters. The net population growth rates were parameterized using the empirical
data fit to the standard form of the logistic equation in the R package growthcurver [1], while the population
growth rates and death rates were arbitrarily assigned to match the net population growth rate. The infection
rates and competition coefficients were assigned in a relative magnitude in order to better match the empirical
subpopulation and population dynamics. The segregation rates were fixed to an extremely low value so these
can be negligible. The community-wise carrying capacity was arbitrarily assigned for computational efficiency.
We later assumed an increase in the growth rate of the bridge host (H2).

Host traits H1 H2 H3

growth rate ηi 0.1 0.15* 0.2
death rate µi 0.01 0.01 0.01
infection rate ϕi,p 5e-9 5e-9 5e-8
segregation rate ei 1e-8 1e-8 1e-8
competition coefficient on H1 a1i 1 0.02 0.03
competition coefficient on H2 a2i 5e-3 1 0.03
competition coefficient on H3 a3i 5e-3 0.02 1
perturbation impact ϵi 0 0.0 0.0
community-wise carrying capacity K 1e5 1e5 1e5

* Set to 0.1 under the assumption of no increase in the growth rate of H2.
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Table S2. Plasmid-specific parameters. The plasmid costs were assigned in a relative magnitude based on
empirical monocultures of the infected bridge host population in order to better match the empirical
subpopulation and population dynamics. The plasmid resistance to stress was arbitrarily assigned and fixed as
these are irrelevant for systems without stress.

Plasmid traits P1 P2

plasmid cost cα 0.2 0.4
plasmid resistance ρα 0.7 0.7
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Table S3. Initial abundance of the plasmid-present system for a modular infection network I.

Host i Plasmid profile p Abundance Hi,p

1 [0,0] 1650
1 [1,0] 1650
2 [0,0] 1650
2 [1,0] 550
2 [0,1] 550
2 [1,1] 550
3 [0,0] 1650
3 [0,1] 1650
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Table S4. Initial abundance of the plasmid-present system for a full infection network I.

Host i Plasmid profile p Abundance Hi,p

1 [0,0] 1650
1 [1,0] 550
1 [0,1] 550
1 [1,1] 550
2 [0,0] 1650
2 [1,0] 550
2 [0,1] 550
2 [1,1] 550
3 [0,0] 1650
3 [1,0] 550
3 [0,1] 550
3 [1,1] 550
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Table S5. Constants and parameters for the model.

Variable Definition Type

t time float
tfinal time scale of the simulation float (h)
nb number of host populations in the system integer
np number of plasmids in the system integer
i, j, k host of the entity integer
p, q, r plasmid profile of the entity integer
α plasmid α integer
Hi,p entity and abundance of a host subpopulation integer
Hi abundance of host i integer
K community-wise carrying capacity of host float
ei probability of segregation error of host i float
µi per capita death rate of host i float
ηi per capita growth rate of host i float
ϕi,p per capita infection rate of host subpopulation Hi,p float
γi,p infection coefficient of host subpopulation Hi,p float
ρα resistance of plasmid α float
cα cost of plasmid α on host growth float
A host competition matrix matrix of floats
H HGT matrix matrix of floats
I infection matrix matrix of integers
P plasmid compatibility matrix matrix of integers
Γ propensity tensor of infection 3-D tensor of floats
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Table S6. Variables for the model input.

Condition Content Type (v(): vector of ())

t final t at which simulation ends float
t output the t interval after which state is recorded float
rng seed seed for the simulation null;float
n seeds the number of seed for the simulation integer; 1
n bstrains nb maximum number of host populations in the system integer
n pstrains np maximum number of plasmids in the system integer
n bsubstrains number of subpopulations at initial state integer
strain id for each substrain host id i of subpopulations integer
n ind bsubstrains abundance of subpopulations integer
p profile bsubstrains the plasmid profile p of subpopulations v(v(s) of binary element(s))
growth rate host-specific growth rate ηi v(float)
death rate host-specific death rate µi v(float)
carrying capacity K vinteger
infection rate host-specific infection coefficient γi v(float)
segregation error host-specific rate of segregation error ei v(float(s))
perturbation impact host-specific degradation coefficient ki vfloat/0 w/o perturbation
plasmid resistance plasmid-specific plasmid resistance ρα v(float)
plasmid cost plasmid-specific plasmid cost cα v(float)
A host competition matrix A v(v(float))
H host HGT matrix H v(v(integer))
I plasmid infection matrix I v(v(float(s)))
P plasmid compatibility matrix P v(v(float))
tensor file path to the JSON file of the propensity tensor character
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Table S7. Constants and parameters for the model performance test.

Variable Definition Value

tfinal time scale of the simulation 500
n number of host and plasmid populations in the system 1:6
K community-wise carrying capacity of host 1e4:2.1e5
ei probability of segregation error of host i e-8
µi per capita death rate of host i 0.015
ηi per capita growth rate of host i 1.0
γi,p infection coefficient of host subpopulation Hi,p 1e-4
ρα resistance of plasmid α 1.0
cα cost of plasmid α on host growth 0.02
A host competition matrix n× n matrix of 1s
H HGT matrix n× n matrix of 1s
I infection matrix n× n matrix of 1s
P plasmid compatibility matrix n× n matrix of 1s and off-diagonal 0s
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Table S8. Quantified modularity (Q) and nestedness (NODF) of the designed bipartite infection networks I. Q
(between 0 and 1 for natural ecological networks) is computed following Barber (2007) [2], while NODF
(between 1 and 100) is computed following Almeida-Neto et al. (2008) [3].

Network Q NODF

Full I 0.0 0
Nested I ≈ 0.1 100
Modular I ≈ 0.5 0
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Table S9. Quantified Modularity (Qmax) and degree heterogeneity (H) of the designed unipartite plasmid
compatibility networks P. Qmax (between 0 and 1 for natural ecological networks) is computed following
Newman and Girvan (2004) [4], while H (between 0 and infinity; with 0.33 for a small network of four nodes
indicating a star-like hub structure) is computed following Estrada (2010) [5].

Network Qmax H

Full P 0.0 0.0
Modular P 0.5 0.0
Hub P 0.0 ≈ 0.33
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