
 1 

Deciphering the Functional Landscape of Microbiome-1 

Mediated Invasion Resistance to Plant Pathogens 2 

 3 

Wenlong Zuo1,*, Lanxiang Wang1,*, Yang Bai2, Jonathan Friedman3, Yang-Yu Liu4,#, 4 

Lei Dai1,# 5 

1State Key Laboratory of Quantitative Synthetic Biology, Shenzhen Institute of Synthetic 6 

Biology, Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences, Shenzhen 7 

518055, China. 8 

2Peking-Tsinghua Center for Life Sciences, State Key Laboratory of Gene Function and 9 

Modulation Research, Peking-Tsinghua-NIBS Graduate Program, School of Life Sciences, 10 

Peking University, Beijing 100871, China  11 

3Institute of Environmental Sciences, Hebrew University, Rehovot, Israel. 12 

4Channing Division of Network Medicine, Department of Medicine, Brigham and Women’s 13 

Hospital and Harvard Medical School, Boston, MA, USA.  14 

 15 

* These authors contributed equally to this work. 16 

# Corresponding authors: lei.dai@siat.ac.cn, yyl@channing.harvard.edu 17 

 18 

  19 

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.02.27.000142. This version posted February 27, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial-NoDerivatives 4.0

https://creativecommons.org/licenses/by-nc-nd/4.0

mailto:lei.dai@siat.ac.cn
mailto:yyl@channing.harvard.edu


 2 

ABSTRACT 20 

Rational design of microbiomes requires a fundamental understanding of the 21 

community functional landscape, i.e., the mapping between community composition to 22 

function. The functional landscapes governing microbiome-mediated invasion 23 

resistance to pathogens, which is a critical function of host-associated microbiomes, are 24 

still poorly studied in vivo. In this study, we systematically assessed the invasion 25 

resistance of synthetic rhizosphere microbial communities (SynComs) to two distinct 26 

pathogens (Pseudomonas syringae DC3000, Pseudomonas brassicacearum Root401) 27 

in planta. Our experiments with two groups of SynComs revealed that communities 28 

with higher species richness exhibit significantly stronger resistance to pathogen 29 

invasion. We found that the invasion resistance can be accurately predicted by the 30 

community compositions using a linear regression model that account for additive 31 

effects of individual strains and pairwise epistasis. In particular, we inferred and 32 

validated that the invasion resistance is determined by a few species with strong 33 

inhibitory effects. Finally, using simulations of the generalized Lotka-Volterra model, 34 

we assessed the utility of linear regression in predicting invasion resistance of complex 35 

communities. In summary, our findings systematically profiled the functional landscape 36 

of invasion resistance and provided crucial insights for designing microbial 37 

communities to improve host health. 38 

 39 

INTRODUCTION 40 

Understanding and predicting the functional landscape of microbial communities—41 

how community composition correlates with functional outcomes—is crucial and 42 

challenging1-4, as the intricate interplay between microbes, hosts, and environmental 43 

factors often obscures clear predictive relationships5. While fully understanding the 44 

functional landscape remains complex, recent studies have shown the potential to 45 

address this challenge through data-driven approaches2,6-8. This holds significant 46 

potential for applications in health, agriculture, and environmental remediation9-12. 47 

 48 
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Invasion resistance—the capacity of resident microbial communities to prevent the 49 

establishment of external pathogens—has received widespread attention in microbiome 50 

research13-15. The resident communities can defend invaders by different strategies, 51 

such as secreting antimicrobial compounds16-18, competition for nutrients and physical 52 

space19-21, and activating host immune response22,23. Such multi-layered defense 53 

strategies ensure that the stability of the microbiome is maintained while safeguarding 54 

the host from pathogen invasion. Importantly, the ecological principles of invasion 55 

resistance extend across diverse host-associated and environmental microbiomes, 56 

highlighting their broad relevance in maintaining ecosystem stability and host 57 

protection14,24,25. For example, diversity is an important ecological indicator of a 58 

community’s resistance to colonization26-28, as antibiotics treatment often leads to a loss 59 

of diversity and promotes the invasion of exogenous species29. 60 

 61 

Despite these advances, previous studies on invasion resistance of complex 62 

communities were mostly conducted in vitro6,25. In comparison to the costs of animal 63 

studies, gnotobiotic plants provide an ideal model system for low-cost and high-64 

throughput experiments of microbial communities in the context of host environments30. 65 

Various gnotobiotic plant growth systems have been established to explore the effects 66 

of microbial communities on hosts under different scenarios, providing valuable 67 

insights into the mechanisms of microbial community assembly31, pathogen 68 

suppression32-34, and plant growth promotion35 within a natural yet controlled setting. 69 

 70 

In this study, we systematically investigated the invasion resistance of synthetic 71 

microbial communities against invading microbes using commensal isolates from 72 

Arabidopsis (Arabidopsis thaliana) root and pathogen strains in planta. By linking 73 

community composition to pathogen invasion outcomes, we aimed to understand the 74 

functional landscape of microbial communities that govern the pathogen invasion 75 

resistance. To do so, rhizosphere bacterial strains were assembled into synthetic 76 

communities (SynComs) and pre-inoculated on Arabidopsis seedlings. Subsequently, 77 

two distinct plant pathogen strains were introduced, and the invasion resistance of the 78 
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SynComs was evaluated by quantifying the pathogen colonization on plants. Our results 79 

demonstrate that communities with higher species richness generally exhibit stronger 80 

resistance to pathogen invasion. We found that certain strains play a critical role in 81 

invasion resistance, with their effects exhibiting epistatic interactions that partially 82 

diminish the additive effects. Finally, we performed simulations using the generalized 83 

Lotka-Volterra (gLV) model and demonstrated that invasion resistance is largely 84 

predictable by additive contributions of individual strains. 85 

RESULTS 86 

Profiling the resistance to pathogen invasion in synthetic rhizosphere microbial 87 

communities  88 

We set up an experiment to assess the ability of synthetic communities (SynComs) to 89 

protect plants from pathogen invasion in a gnotobiotic model system (see Fig. 1). We 90 

selected 14 bacterial isolates from the rhizosphere of Arabidopsis to construct the 91 

bacteria pool for assembling SynComs (see Methods). These strains span four major 92 

classes—Actinobacteria, Alphaproteobacteria, Betaproteobacteria, and 93 

Gammaproteobacteria—representing dominant root-associated bacteria in the 94 

rhizosphere of Arabidopsis36,37 (Fig. 1A). We designed 67 SynComs consisting of 2 to 95 

14 strains for testing (Fig. 1B, Supplementary Table 1). These SynComs covered 96 

approximately 0.5% of all possible combinations (214 - 1=16,383). This design provides 97 

a diverse yet manageable subset of communities, enabling us to effectively investigate 98 

the relationship between community composition and invasion resistance. 99 

 100 

Our in planta assay includes growing Arabidopsis seedlings, inoculating with desired 101 

SynComs, and subsequently challenging with pathogenic bacteria (Fig. 1C, Methods). 102 

We selected the well-established model pathogen Pseudomonas syringae pathovar 103 

tomato (Pst) strain (hereafter referred to as Pst DC3000)38,39, as the invader strain. 104 

Specifically, we pre-inoculated 10-day-old Arabidopsis seedlings with SynComs. After 105 

a five-day incubation period, we introduced Pst DC3000 to simulate pathogen invasion. 106 
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Following an additional five days of cultivation, we measured the fresh weight of the 107 

seedlings and quantified the colony-forming units (CFUs) of pathogen colonization 108 

(Fig. 1C). We revealed a significant negative correlation between the pathogen 109 

colonization density (CFU/g) and the plant fresh weight (Fig. S1), highlighting the 110 

detrimental impact of pathogen invasion on plant growth.  111 

 112 

To quantify the protective effect of the symbiotic microbial communities, we measured 113 

the reduction in pathogen colonization CFUs as the community’s invasion resistance 114 

ability. As expected, we observed that the resistance ability progressively increased 115 

with the number of strains present in the community (Fig. 1D). Notably, the invasion 116 

resistance across different SynComs spanned four orders of magnitude, which is 117 

consistent with observations from previous studies34. 118 

 119 

Predicting the invasion resistance to plant pathogen Pst DC3000 by LASSO 120 

regression 121 

Given the experimentally observed functional landscape, we constructed a linear 122 

regression model2 based on the composition of SynComs to predict pathogen invasion 123 

resistance:  124 

𝐷 = 𝛽0 + ∑ 𝛽𝑖𝑥𝑖

𝑖

+ ∑ 𝛽𝑖𝑗𝑥𝑖𝑥𝑗

𝑖<𝑗

. (1) 125 

 126 

Here, 𝐷 represents the community’s resistance to pathogen invasion, measured as the 127 

log₁₀ reduction in pathogen colonization (CFUs) in plants inoculated with SynComs 128 

compared to germ-free plants. 𝑥𝑖 = +/−1 indicates the presence/absence of strain 𝑖 129 

in the community40. The coefficient 𝛽𝑖 represents the additive effect of including strain 130 

𝑖 , while 𝛽𝑖𝑗  captures the combined effect of including both strain 𝑖  and 𝑗  beyond 131 

their individual contributions (analogous to pairwise epistasis in the genetic fitness 132 

landscapes). Higher-order interactions are not included in the model. 133 

 134 
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We evaluated regression models with first-order and second-order approximations. 135 

According to Eq. (1), the first-order truncated model comprises 14 parameters, 136 

excluding the intercept, whereas the second-order truncated model comprises 105 137 

parameters. We employed the L1-regularized regression (LASSO)41 with leave-one-out 138 

cross-validation to estimate the regression coefficients (see Methods). Our results show 139 

that the linear regression model effectively captures the relationship between 140 

community membership and resistance to pathogen invasion while only 6 and 14 141 

parameters were retained in the first-order and the second-order model, respectively. As 142 

expected, incorporating second-order terms significantly improves prediction accuracy 143 

(Figs. 2A,B). To further evaluate the performance of LASSO regression, we repeated 144 

the analyses using 10-fold cross-validation with random data splits (see Methods). 145 

Across these splits, the first-order model achieved R² ~ 0.75 with only 6 nonzero 146 

parameters, while the second-order model improved R² to around 0.9 with up to 20 147 

parameters (Fig. S2). 148 

 149 

Moreover, we examined how the size of the training dataset affects the model’s 150 

prediction performance. We generated 50 test sets, each consisting of 7 data points 151 

randomly selected from the full dataset, and then randomly sampled the training sets 152 

from the remaining data (see Methods). As the training set size increased, R² on the 153 

training data decreased slightly, while prediction accuracy on the test data improved, 154 

indicating enhanced model generalizability when approximately 50 SynComs were 155 

included in the training set (Fig. 2C). 156 

 157 

Quantifying the contribution of individual strains to invasion resistance 158 

The regression model allowed us to infer the contribution of individual strains to 159 

pathogen invasion resistance. By analyzing the coefficients of the first-order terms, we 160 

identified 4 key bacterial strains—specifically, Pseudomonas Root562 (PS), 161 

Agrobacterium Root491 (AG), Achromobacter Root170 (AM), and Sinorhizobium 162 

Root278 (SI)—as primary drivers of invasion resistance (Fig. 3A). These strains 163 
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consistently exhibited strong contributions to the community’s resistance, regardless of 164 

whether the first-order or second-order approximation was applied. To validate these 165 

findings, we conducted an independent experiment to assess the protective effects of 166 

individual strains on plants. We found that the key strains inferred by the regression 167 

model ranked as the top 4 strains to resist pathogen invasion (Fig. 3B). While no direct 168 

test of these four strains against Pst DC3000 has been reported, species from the 169 

Pseudomonas and Agrobacterium genera have been shown to inhibit pathogens via 170 

type VI secretion systems33, niche competition42, or host-mediated mechanisms43. 171 

 172 

We also utilized the experimental data of individual strains resistance to pathogen 173 

invasion as a test set to evaluate the predictive performance of the regression model. 174 

The results indicate that the ability of individual strains to inhibit pathogen invasion 175 

can be effectively predicted using second-order LASSO regression model, with 176 

R²=0.631 (Fig. 3C). Additionally, we split the data based on the number of strains 177 

present in the community (see Methods) and assessed the predictive accuracy of 178 

LASSO regression for independent test sets of different sub-communities. The LASSO 179 

analysis showed acceptable predictive performance when 6-bacteria or 8-bacteria 180 

communities were used as independent test sets (Fig. S3), indicating minimal bias 181 

toward any particular training set composition. 182 

 183 

Identifying epistatic effects in invasion resistance 184 

Next, we focused on pairwise interactions by analyzing the second-order term 185 

parameters 𝛽𝑖𝑗 in the regression model. These parameters capture the combined effect 186 

of strains i and j on predicting the pathogen invasion resistance. Using LASSO 187 

regression with leave-one-out cross-validation, only 8 out of 91 second-order 188 

parameters were non-zero, and most of the 𝛽𝑖𝑗  values were positive. Given that 189 

invasion resistance is defined as a negative value (i.e., decrease in pathogen 190 

colonization), a positive 𝛽𝑖𝑗 indicates antagonistic interactions—where the combined 191 

presence of two strains weakens resistance relative to the additive expectation—192 
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suggesting that such sparse antagonistic interactions are more common in shaping 193 

community-level invasion resistance (Fig. S4A). Notably, these significant epistatic 194 

effects were predominantly associated with Pseudomonas Root562 and Achromobacter 195 

Root170. It is worth noting that the contributions of these strains to pathogen 196 

suppression (reflected in the first-order coefficients) changed significantly when 197 

second-order terms were included (Fig. 3A), underscoring the importance of 198 

accounting for epistatic interactions when predicting community function. 199 

 200 

To further evaluate the combined effects of strains pairs, epistatic effect term 𝛿𝑖𝑗 201 

between two strains in the community to evaluate whether their combined effect 202 

deviates from a simple additive model44. We found that the 𝛿𝑖𝑗 predicted by the model 203 

is directly related to 𝛽𝑖𝑗 (see Methods, Fig. 3D, Fig. S4B): 204 

𝛿𝑖𝑗 = 4𝛽𝑖𝑗. (2) 205 

 206 

In experimental measurement, the epistatic effects can be defined as: 207 

𝛿𝑖𝑗 = 𝐷𝑖𝑗 − (𝐷𝑖 + 𝐷𝑗), (3) 208 

where 𝐷𝑖𝑗 is the invasion resistance of the community containing strains i and j, 𝐷𝑖 209 

and 𝐷𝑗   are the resistances contributed by strains i and j individually. We further 210 

focused on the most significant δᵢⱼ values predicted by the regression model trained with 211 

all 67 communities. By comparing the model-predicted δᵢⱼ values to the corresponding 212 

experimentally measured values (Fig. S5), we confirmed the model captured pairwise 213 

epistatic interactions within the synthetic communities. This consistency highlights the 214 

utility of the model in dissecting the contributions of specific strain interactions to 215 

pathogen invasion resistance. 216 

 217 

Characterizing the invasion resistance to plant pathogen Pseudomonas 218 

brassicacearum Root401 219 

To further investigate the pathogen invasion resistance of rhizosphere microbial 220 

communities, we conducted independent experiments with a second pathogen, 221 
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Pseudomonas brassicacearum Root401 (hereafter P. brassicacearum Root401)42,45,46, 222 

isolated from the rhizosphere of Arabidopsis. We used the same pool of 14 bacterial 223 

strains to construct 105 distinct community subsets, encompassing single- strains 224 

communities (each of the 14 bacteria individually) and 91 SynComs (Supplementary 225 

Table 2). Consistent with the results observed for Pst DC3000, we found that the ability 226 

to inhibit the invasion of P. brassicacearum Root401 increased with species richness in 227 

the community (Fig. 4A). This suggests that a higher diversity of microbial species 228 

generally enhances the community’s capacity to resist pathogen invasion. Furthermore, 229 

the inhibition capacity against P. brassicacearum Root401 was well-predicted by 230 

community composition using LASSO regression analysis, achieving an R² of 0.859 231 

(Fig. 4B, Fig. S7 and Fig. S8). 232 

 233 

We further analyzed the regression model parameters to understand the contributions 234 

of individual strains and their interactions. For the first-order terms, the model predicts 235 

that Pseudomonas Root562 (PS), and Agrobacterium Root491 (AG), are the most 236 

significant contributors to the inhibition of P. brassicacearum Root401 (Fig. 4C). These 237 

findings align with the results of single-strains tests (Fig. S9), reinforcing the key role 238 

of these strains in pathogen suppression. However, compared to the observations for 239 

Pst DC3000, the inhibitory effects of different strains on P. brassicacearum Root401 240 

are relatively uniform.  241 

 242 

To further explore the role of strains interactions in shaping invasion resistance, we 243 

predicted the epistatic effects of microbial strains jointly inhibiting pathogen invasion 244 

by using the second-order terms of the regression model. Notably, we found that most 245 

functional epistasis is negative (Fig. 4D). These findings highlight the importance of 246 

accounting for both individual contributions and interspecies interactions when 247 

evaluating the invasion resistance of microbial communities. 248 

 249 

Taken together, our SynCom experiments with two different pathogens Pst DC3000 250 

and P. brassicacearum Root401 revealed that the functional landscape of rhizosphere 251 
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microbial communities in pathogen invasion resistance is, to a large extent, smooth and 252 

predictable. Our findings also emphasize the contribution of microbial interactions in 253 

shaping community function. 254 

 255 

Understanding the functional landscape of invasion resistance using the gLV 256 

model 257 

Population dynamic models such as the generalized Lotka–Volterra (gLV) and 258 

consumer–resource (C–R) frameworks have been widely used to investigate invasion 259 

resistance47,48. In particular, the gLV model has been applied to explore how community 260 

diversity and interaction strength influence resistance to pathogen invasion49-51. Here, 261 

we used the gLV model to investigate community-mediated resistance to pathogen 262 

invasion, aiming to generalize our experimentally observed patterns and the utility of 263 

data-driven approaches for identifying key strains and interactions (Methods).  264 

 265 

We first investigated how the mean interaction strength ( 𝜇 ) influences invasion 266 

resistance across different levels of strains richness. Consistent with our experimental 267 

results, we observed that invasion resistance increases with community richness and 268 

begins to plateau as additional strains are added to the communities. Furthermore, 269 

communities with stronger mean interaction strengths exhibited greater suppression of 270 

the invader, indicating that higher interspecies competition enhances resistance to 271 

invasion (Fig. 5A). 272 

 273 

Next, we assessed the performance of LASSO regression in simulated data based on 274 

strain composition. Using first-order LASSO regression, which incorporates only 275 

individual strain presence or absence, we observed strong predictive performance, with 276 

R² values of 0.902, 0.950, and 0.920 for mean interaction strengths of –0.1, –0.3, and –277 

0.5, respectively (Fig. S11A). Incorporating second-order interaction terms further 278 

improved prediction accuracy, yielding R² values of 0.990, 0.994, and 0.993 for the 279 

same interaction strength levels (Fig. S11B). We further systematically explored the 280 

performance of the second-order LASSO model across a broader range of interaction 281 
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means (μ = –0.5 to 0.1) and interaction variabilities (σ = 0.02 to 0.4). As high interaction 282 

variability (σ) often caused instability in the gLV simulation52, the divergent data were 283 

excluded from further analysis. The LASSO regression achieved high accuracy when 284 

interaction variability (σ) is low, with R² values consistently above 0.9 (Fig. 5B).  285 

Assessing performance across training set sizes (μ = –0.3, σ = 0.1) showed that 286 

predictive accuracy improved with larger datasets and plateaued beyond 150 287 

communities (Fig. S12). 288 

 289 

To understand why LASSO regression can approximate the full gLV model (with up to 290 

210 parameters, Fig. S13), we analyzed how individual gLV parameters affect pathogen 291 

suppression and interspecies epistatic effects. We found that any strain with a negative 292 

interaction coefficient toward the invader (𝑎0𝑖 < 0  in gLV model), reduces invader 293 

abundance, even when interactions are symmetric (e.g., 𝑎𝑖0 = 𝑎0𝑖 =  −0.3 , Fig. 294 

S14A). Regarding pairwise epistatic effects, we observed that within a certain range of 295 

interaction variability, the epistatic effect term 𝛿𝑖𝑗 is near 0, with a slight bias toward 296 

the positive side. Since invasion resistance is defined as a decrease in invader 297 

abundance, positive 𝛿𝑖𝑗 indicates that the combined presence of two strains slightly 298 

reduces the additive resistance effect (Fig. S14B, C). These findings indicate that within 299 

a certain range of variability, invasion resistance arises from predominantly additive 300 

contributions of individual strains, explaining why regression models with sparse 301 

parameters can predict the inhibition of invading pathogens. 302 

Discussion 303 

In this study, we profiled invasion resistance of synthetic rhizosphere microbial 304 

communities to two distinct pathogens in planta. We demonstrated that the invasion 305 

resistance conferred by synthetic microbial communities can be accurately modeled by 306 

LASSO regression based on the community composition profiles. Notably, the 307 

regression model only uses information about resident species’ presence or absence at 308 

their inoculation, not at the time of invasion, nor does it use quantitative data about their 309 

abundance. To assess the generality of this approach, we simulated community-310 
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mediated resistance using the gLV model. Furthermore, the LASSO regression 311 

accurately predicted invasion resistance across gLV-generated communities, showing 312 

strong agreement with the estimated contributions of individual strains (Fig. S12B). 313 

These findings underscore that statistical models can yield interpretable and 314 

biologically meaningful insights into microbial community functions. 315 

 316 

Despite the inherent complexity of microbial interactions, our results reveal that species 317 

composition and their interactions are key factors influencing pathogen resistance33,34. 318 

This highlights the potential for simplifying analyses and improving predictions of 319 

community function2. Our findings identified Pseudomonas Root562 and 320 

Agrobacterium Root491 as the strains contributing most significantly to resistance 321 

against both pathogens. Interestingly, other strains exhibited varying inhibitory effects 322 

depending on the pathogen, reflecting the nuanced role of species interactions. Notably, 323 

although Agrobacterium and Pseudomonas spp. are reported to engage in interspecies 324 

interactions through type VI secretion systems53-55, our strains showed no apparent 325 

inhibitory effects against pathogen in vitro (Fig. S10), suggesting that invasion 326 

resistance in planta is largely mediated by host-dependent mechanisms45,56. 327 

 328 

Characterizing the landscape of invasion resistance provide deeper insights into how 329 

microbial communities protect plants from pathogens. While additive effects generally 330 

explain why communities with higher species richness show stronger pathogen 331 

inhibition, weak negative interactions can limit these benefits. Notably, the function of 332 

a randomly selected community with a given species richness can vary greatly, 333 

highlighting that not all communities of the same size are equally effective34. This 334 

underscores the importance of rational design: communities selected based on model 335 

can achieve the same level of invasion resistance as full 14-strain community with only 336 

a few members (Fig. S15), consistent with prior work showing that well designed 337 

consortia of five strains can effectively suppress pathogen invasion34. These findings 338 

further support that understanding the functional landscape through modeling can guide 339 

the design of synthetic communities tailored for specific protective functions57. 340 
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 341 

Modern agriculture faces a multitude of biotic and abiotic stresses, leading to significant 342 

crop yield losses. As a sustainable strategy for agricultural development, synthetic 343 

microbial communities have demonstrated promising potential in enhancing nutrient 344 

utilization and improving resistance against diseases in crops33,58,59. Rationally 345 

designed synthetic communities, informed by these principles and advanced modeling 346 

techniques, offering an environmentally friendly approach to plant protection and 347 

further applications. For instance, leveraging the synergistic interactions between a core 348 

strain and helper strains, researchers constructed a simplified yet functional synthetic 349 

microbial community. This SynCom significantly enhanced soybean growth by 350 

improving colonization, nodulation, and nitrogen fixation efficiency, achieving results 351 

comparable to those of a more complex synthetic community60. Moreover, SynComs 352 

have also demonstrated remarkable efficacy in enhancing crop disease resistance. For 353 

example, a simplified Pseudomonas-centric SynCom, colonized the rhizosphere 354 

through microbial synergistic interactions, significantly promoting watermelon growth 355 

and bolstering its resistance to soil-borne diseases61. Our findings emphasize the critical 356 

role of ecological principles, including species diversity and interactions, in shaping 357 

community resistance to pathogen invasion51,62,63.  358 

  359 
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Methods 360 

Plant materials and bacterial strains 361 

Seeds of Arabidopsis (ecotype Columbia, Col-0) were sourced from laboratory stock. 362 

Fourteen bacterial commensals isolated from Arabidopsis roots, along with the 363 

detrimental strain Pseudomonas brassicacearum Root401, were generously provided 364 

by Prof. Paul Schulze-Lefert (Max Planck Institute for Plant Breeding Research, 365 

Cologne, Germany). Detailed information on the individual strains is available at At-366 

SPHERE (http://www.at-sphere.com/) 64. The pathogen strain Pseudomonas syringae 367 

pv. tomato DC3000 was generously provided by Prof. Alberto Macho (Shanghai Center 368 

for Plant Stress Biology, Chinese Academy of Sciences, China). Kanamycin resistance 369 

was introduced into both Pst DC3000 and P. brassicacearum Root401 by conjugative 370 

transfer of plasmid pMRE132 (Addgene plasmid # 118486) from the donor strain 371 

Escherichia coli S17. 372 

Phylogenetic tree construction 373 

Phylogenetic relationships among the bacterial strains used in this study were inferred 374 

from their 16S rRNA gene sequences. Multiple sequence alignment was performed, and 375 

phylogenetic trees were constructed using the MEGA65. The resulting trees were 376 

subsequently edited and visually refined with iTOL66. 377 

Plant growth and microbial inoculation  378 

Mono-association or synthetic community inoculation experiments were performed as 379 

previously described with minor modifications30. Individual bacterial strains from 380 

glycerol stock were incubated on half-strength tryptic soy broth (TSB, Sigma-Aldrich, 381 

USA) agar plates at 25°C for 5 days. A single colony of each strain was then cultured 382 

in half-strength TSB liquid medium at 25°C with shaking at 200 rpm for 2 days. On the 383 

day of inoculation, the bacterial cultures were subcultured at a 1:1 ratio for an additional 384 

5 hours. A 500 μL aliquot of each bacterial culture was centrifuged at 6,500 × g for 2 385 

minutes, washed twice with 10 mM MgCl2, and resuspended in 1 mL of MgCl2. Optical 386 

density at 600 nm (OD600) was measured using SynergyTM H1 microplate reader 387 

(BioTek, USA). Bacterial suspensions were then diluted with MgCl2 supplemented with 388 

0.005% Silwet-77 (Shanghai Yuanye, China) to a final OD600 of 0.01. For synthetic 389 

bacterial communities of 2, 4, 6, 8, 10, or 14 members, equal volumes of the prepared 390 
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bacterial suspensions were pooled together prior to inoculation.  391 

 392 

Arabidopsis seeds were surface-sterilized with 75% ethanol for 1 minute, followed by 393 

20% bleach for 15 minutes, and rinsed 5 times with sterile distilled water. Seeds were 394 

evenly sown on half-strength Murashige and Skoog (MS) (Sigma-Aldrich, USA) agar 395 

plates containing 0.5% agar and 1% sucrose. After 2 days of stratification at 4°C in the 396 

dark, the seeds were vertically grown in a growth chamber under a 16-h dark/8-h light 397 

cycle at 22°C for 4 days. Ten uniformly growing seedlings were then transferred to 398 

fresh half-strength MS plates. After an additional 6 days of growth, six uniformly 399 

growing 10-day-old seedlings were selected for microbial inoculation.  400 

 401 

A 10 mL aliquot of bacterial suspension was spread on the plates, ensuring that each 402 

seedling was completely submerged. After 5-min immersion, the bacterial suspension 403 

was discarded, and the plates were carefully dried. The seedlings were then cultured for 404 

another 5 days in the growth chamber. Subsequently, the seedlings were challenged 405 

with the kanamycin-labeled pathogen following the same procedure. Pathogen 406 

colonization on the seedlings was assessed 5 days post-invasion. 407 

Pathogen colonization measurement  408 

Colony-forming units (CFUs) were quantified as previously described with minor 409 

modifications 30,67. Briefly, after 5 days of pathogen invasion, individual seedlings were 410 

placed in pre-weighed sterile tubes containing metal beads. The tubes were reweighed 411 

to determine the fresh weight of the seedling. The samples were then homogenized 412 

using a TissueLyzer (Shanghai Cebo, China) at 30 Hz for 30 seconds. A 500 μL aliquot 413 

of 1 × PBS buffer was added to each tube, and the samples were serially diluted in a 414 

sterile 96-well plate. A 5 uL aliquot of the liquid sample was placed on the far left side 415 

of a half-strength TSB agar plate containing 50 μg/mL kanamycin. The plate was then 416 

slowly tilted to the right to allow the liquid to flow evenly, and once the liquid reached 417 

a certain point, the plate was slowly tilted to the left to redistribute any remaining liquid. 418 

Finally, the plates were incubated at 25°C for two days until single colonies appeared. 419 

Pathogen colonization on the seedlings was determined based on the CFU count.  420 

Binary inhibition assay 421 

The assay was performed as previously described68 with minor modifications. 422 

Individual bacterial colonies were cultured in half-strength TSB liquid medium at 25°C 423 

for 48 h with shaking (200 rpm) for 2 days. Bacterial suspensions were adjusted to an 424 

optical density at 600 nm (OD600) of 0.1 using fresh medium. For pathogen lawn 425 

preparation, bacterial suspensions were standardized to OD600 = 1.0, and 2.5 mL of the 426 

suspension was mixed with 25 mL of half-strength TSB agar (pre-cooled to 42°C) and 427 
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poured into sterile Petri dishes. Subsequently, 2.5 μL aliquots of attacker strains were 428 

spotted onto the agar surface. Plates were incubated at ambient temperature (25°C) for 429 

72 h, after which inhibition zones were documented photographically.   430 

LASSO Regression 431 

All datasets were fitted to the equation (1) truncated at the first and second order using 432 

LASSO regression. Both leave-one-out and random ten-fold cross-validation methods 433 

were applied to estimate regression parameters and ensure robust model performance. 434 

Models were implemented using the lasso function in MATLAB 2023b and executed 435 

on a personal computer. The regularization parameter λ was selected using the 436 

minimum 1-SE criterion across cross-validations69. To fit the datasets, all available data 437 

points were initially used to train the linear regression model. The resulting R² values 438 

and regression coefficients were analyzed to evaluate overall model performance. 439 

 440 

To assess potential overfitting, 50 independent test sets were randomly sampled from 441 

the full datasets. Data were first divided into seven groups based on inhibition strength, 442 

and one data point from each group was randomly selected to form a test set of seven 443 

points. For each test set, 50 training sets of varying sizes were randomly selected from 444 

the remaining data. We randomly generated 50 test sets and perform LASSO regression 445 

with training sets with various set sizes. LASSO regression was then performed on each 446 

training set with 10-fold cross-validation, and model performance was evaluated using 447 

R² values on both the corresponding training and test sets. Model performance was 448 

evaluated by calculating R² values on both the training and test sets. To further assess 449 

potential prediction bias related to community composition, training and test sets were 450 

also split according to SynComs groupings. 451 

Calculation of epistatic effects 452 

To evaluate whether the combined effect of two species deviates from a simple additive 453 

model, we define the epistatic effects 𝛿𝑖𝑗 as follows: 454 

𝛿𝑖𝑗 = 𝐷𝑖𝑗 − (𝐷𝑖 + 𝐷𝑗 − 𝐷0) 455 

Where 𝐷𝑖𝑗 is the invasion resistance of the community containing both strain 𝑖 and 456 

𝑗, 𝐷𝑖 and 𝐷𝑗  are the invasion resistances contributed by strain 𝑖 and 𝑗 individually, 457 

and 𝐷0 is the residual resistance predicted by the LASSO model when 𝑥𝑖 = −1 ,  458 

representing the resistance to pathogen invasion in the absence of any species. Using 459 

the coefficients obtained from the LASSO regression model, 𝐷0 can be calculated as: 460 

𝐷0 = 𝛽0 − ∑ 𝛽𝑖 + ∑ 𝛽𝑖𝑗 461 

For communities consisting of one or two strains, the invasion resistance is calculated 462 

as follows: 463 
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For a single strain 𝑖: 464 

𝐷𝑖 = 𝐷0 + 2𝛽𝑖 − 2 ∑ 𝛽𝑖𝑘

𝑘

 465 

For a pair of strains 𝑖 and 𝑗: 466 

𝐷𝑖𝑗 = 𝐷0 + 2𝛽𝑖 + 2𝛽𝑗 − 2 ∑ 𝛽𝑖𝑘

𝑘

− 2 ∑ 𝛽𝑗𝑘

𝑘

+ 4𝛽𝑖𝑗 = 𝐷𝑖 + 𝐷𝑗 − 𝐷0 + 4𝛽𝑖𝑗 467 

Finally, the epistatic effect 𝛿𝑖𝑗 is calculated as: 468 

𝛿𝑖𝑗 = 𝐷𝑖𝑗 − (𝐷𝑖 + 𝐷𝑗 − 𝐷0) = 4𝛽𝑖𝑗. 469 

This approach allows us to assess whether the interaction between strains 𝑖 and 𝑗 in 470 

a community deviate from an additive model of pathogen resistance, using the 471 

coefficients derived from the LASSO regression model. 472 

Generalized Lotka-Volterra (gLV) Model Simulation 473 

To assess whether a generalized Lotka-Volterra (gLV) model can capture the 474 

experimentally observed invasion resistance patterns, we simulated a community of 15 475 

bacterial species, where species 𝑖 = 0  represents the pathogen, and species 𝑖 =476 

1 to 14  represent the symbiotic (non-pathogenic) community members. The 477 

population dynamics were governed by the following gLV equations: 478 

𝑑𝑥𝑖

𝑑𝑡
= 𝑥𝑖 (𝛾𝑖 + ∑ 𝑎𝑖𝑗𝑥𝑗

𝑗

),  479 

where 𝑥𝑖 is the abundance of species 𝑖, 𝛾𝑖 is the intrinsic growth rate of species 𝑖, 480 

𝑎𝑖𝑗 (when 𝑖 ≠ 𝑗) accounts for the direct impact that species 𝑗 has on the population 481 

change of species 𝑖. We set 𝛾𝑖~𝒩(1, 0.22), with the invader’s growth rate fixed at 482 

𝛾0 = 1. 483 

 484 

To explore different ecological interaction regimes, we systematically varied the mean 485 

𝜂 ∈ [−0.5,0.1]  and standard deviation 𝜎 ∈ [0.02,0.4] of the pairwise interaction 486 

where 𝑎𝑖𝑗~ − |𝒩(𝜂, 𝜎2)| . Self-interaction terms 𝑎𝑖𝑖 = −1  were fixed to prevent 487 

unbounded growth. The effects of pathogen on other species were fixed as 𝑎0𝑖 = −0.3，488 

For each (𝜂, 𝜎)  pair, simulations were repeated three times with different random 489 

seeds. 490 

 491 

We simulated pathogen abundance under various scenarios to evaluate invasion 492 

resistance across different levels of species richness. In total, 345 community 493 

compositions were examined, including all 14 single-species drop-out communities (n 494 

= 14), the full 14-member community (n = 1), and 30 randomly sampled communities 495 
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for each richness levels of 2-12 species (n=330). 496 

 497 

The log-transformed final abundance of the pathogen was regressed using a 2-order 498 

LASSO model. Model was trained using 10-fold cross-validation, and the performance 499 

was evaluated by R² between predicted and simulated log-abundances. All simulations 500 

and analyses were performed using MATLAB R2023b on a standard personal computer.  501 

 502 

Data availability 503 

All source data of this study are available along with the code on GitHub: 504 

https://github.com/JacobZuo/Invasion-Resistance. 505 

 506 

Code availability 507 

All code for simulation and scripts used to generate figures are available on GitHub 508 

https://github.com/JacobZuo/Invasion-Resistance. 509 
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 747 

Figure 1. Profiling the functional landscape of synthetic communities (SynComs) 748 

in protecting plants from pathogen invasion in planta. 749 

A. Phylogenetic tree of the strains selected for constructing SynComs.  750 

B. Each row represents a strain, and each column represents a community design. The 751 

blocks indicate the presence (1) or absence (0) of the corresponding strain in each 752 

community. Synthetic communities (S₂–S₁₄) consisting of 2 to 14 strains were 753 

constructed. A total of 67 distinct communities were evaluated. 754 

C. Overview of the experimental workflow. 10-day-old Arabidopsis seedlings were 755 

first inoculated with different synthetic bacterial communities. Five days later, 756 

pathogens were introduced to simulate invasion. After an additional five days of 757 

cultivation, seedling fresh weight and pathogen colonization, measured as colony-758 

forming units (CFU), were quantified. 759 

D. Resistance to Pst DC3000 invasion across synthetic communities of varying 760 

diversity. Each data point represents the mean and the standard deviation (𝑛 ≥ 3 761 

replicates) of a specific community. The boxplot displays the median and interquartile 762 

range of invasion resistance among communities with the same number of species. 763 
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 764 

Figure 2. Predicting the invasion resistance of SynComs to plant pathogen Pst 765 

DC3000 by LASSO regression.  766 

A,B. Scatter plots showing the predicted values for the first-order (A) and second-order 767 

(B) regression fits obtained via LASSO regression with leave-one-out cross-validation. 768 

Vertical error bars indicate the standard deviation across experimental replicates. 769 

C. The predictive performance of the LASSO regression model increases with the size 770 

of the training set. Fifty test sets were generated by randomly selecting 7 data points 771 

from the full dataset. For each test set, 50 random training sets of varying sizes were 772 

drawn from the remaining data, and a second-order LASSO regression was fitted with 773 

10-fold cross-validation (see Methods). The mean R² was calculated separately for the 774 

training and test sets. Box plots show the distribution of these mean R² values across 775 

the 50 test sets. 776 
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 778 

Figure 3. The strength of individual strains to resist Pst DC3000 invasion can be 779 

inferred by the first-order coefficients in LASSO regression.  780 

A. Coefficients of the first-order terms in regression analysis for both first-order and 781 

second-order approximations. The boxplot displays the median and interquartile range 782 

(1st and 3rd quartiles) across 100 repeat LASSO regressions with random 10-fold cross-783 

validation splits. 784 

B. Ability of a single species to resist invasion by the pathogen Pst DC3000. The 785 

boxplot shows the median and interquartile range (1st and 3rd quartiles) based on n ≥ 786 

6 replicates from two experimental batches. 787 

C Scatter plots showing the prediction of the ability of individual species to resist 788 

pathogen invasion for the second-order obtained via LASSO regression, respectively. 789 

Vertical error bars indicate the standard deviation across experimental replicates. 790 

D. Difference in invasion resistance of co-cultures predicted by LASSO regression 791 

versus additive expectations. Blue indicates that invasion resistance is lower than the 792 

additive expectation, meaning that co-inoculation of the two strains results in higher 793 

invasion than expected. Orange indicates the opposite, where invasion resistance is 794 

higher than the additive expectation. 795 
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 797 

Figure 4. Profiling the functional landscape of invasion resistance to plant 798 

pathogen Pseudomonas brassicacearum Root401. 799 

A. Resistance to P. brassicacearum Root401 invasion across 91 synthetic communities 800 

of varying sizes. Each data point represents the mean resistance ability of a specific 801 

community, with error bars showing the standard deviation across replicates. The 802 

boxplot displays the median and interquartile range (1st and 3rd quartiles) in resistance 803 

among communities with the same species number. 804 

B. Scatter plots showing the predicted values obtained via second-order LASSO 805 

regression. Vertical error bars indicate the standard deviation across experimental 806 

replicates. 807 

C. Coefficients of the first-order terms in regression analysis for both first-order and 808 

second-order approximations. The boxplot displays the median and interquartile range 809 

(1st and 3rd quartiles) across 100 repeat LASSO regressions with random 10-fold cross-810 

validation splits. 811 

D. Difference in invasion resistance of co-cultures predicted by LASSO regression 812 

versus additive expectations. Blue indicates that invasion resistance is lower than the 813 

additive expectation, meaning that co-inoculation of the two strains results in higher 814 

invasion than expected. Orange indicates the opposite, where invasion resistance is 815 

higher than the additive expectation. 816 
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 819 

Figure 5. Predicting invasion resistance of simulated communities in the 820 

generalized Lotka-Volterra model. 821 

A. Boxplot showing the resistance to pathogen invasion across communities of varying 822 

species richness, as predicted by gLV model simulations (Methods). Different colors 823 

indicates different mean interactions strength (𝜇).The boxplot represents the median 824 

and interquartile range (1st and 3rd quartiles) of resistance values among communities 825 

with the same species number. 826 

B. Heatmap displaying the mean R² values of second-order LASSO regression applied 827 

to simulation data generated from the gLV model under varying mean interaction 828 

strengths (𝜇) and interaction variabilities (𝜎). Each value reflects the average R² from 829 

three independent gLV simulations. Diverged data points were excluded from the 830 

LASSO analysis. 831 
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