UC Davis
UC Davis Previously Published Works

Title
Effects of Agricultural Management on Rhizosphere Microbial Structure and Function in
Processing Tomato Plants.

Permalink
https://escholarship.org/uc/item/083580td

Journal
Applied and Environmental Microbiology, 85(16)

ISSN
0099-2240

Authors

Schmidt, Jennifer E
Vannette, Rachel L
Igwe, Alexandria

Publication Date
2019-08-15

DOI
10.1128/aem.01064-19

Peer reviewed

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/083580tc
https://escholarship.org/uc/item/083580tc#author
https://escholarship.org
http://www.cdlib.org/

Accepted Manuscripf Posted Onl

i)
c
9]
£
c
[¢]

=
>
c

LU

Microbiology

pplied and

Microbiology

AEM Accepted Manuscript Posted Online 7 June 2019
Appl. Environ. Microbiol. doi:10.1128/AEM.01064-19
Copyright © 2019 American Society for Microbiology. All Rights Reserved.

Effects of agricultural management on rhizosphere microbial structure and function in processing

tomato
Running title: Management effects on tomato rhizosphere

Jennifer E. Schmidt®, Rachel L. Vannette®, Alexandria Igwe®, Rob Blundell®, Clare L. Casteel®, Amélie

C.M. Gaudin®

®Department of Plant Sciences, University of California at Davis, One Shields Avenue, Davis, CA 95616

®Department of Entomology and Nematology, University of California at Davis, One Shields Avenue,
Davis, CA 95616

‘Department of Plant Pathology, University of California at Davis, One Shields Avenue, Davis, CA
95616

#Corresponding author:
Email: agaudin@ucdavis.edu
Phone: 530-752-1212

Mailing address: Department of Plant Sciences
University of California Davis
1 Shields Avenue
Plant and Environmental Science Building
Davis CA 95616

1sanb Ag 6T0Z ‘Sz aunr uo /Hio wse war//:dny woll papeojumod


http://aem.asm.org/

(19)
=
&
O]
(1)
——
U2)
(0)
o
——
o
g
\9}
2]
>
(=
=
O
(1)
——
(O
(19)
O
9}
<(

Microbiology

Microbiology

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

Abstract

Agricultural management practices affect bulk soil microbial communities and the functions they carry
out, but it remains unclear how these effects extend to the rhizosphere in different agroecosystem
contexts. Given close linkages between rhizosphere processes and plant nutrition and productivity,
understanding how management practices impact this critical zone is of great importance to optimize
plant-soil interactions for agricultural sustainability. A comparison of six paired conventional-organic
processing tomato farms was conducted to investigate relationships between management, soil
physicochemical parameters, and rhizosphere microbial community composition and functions.
Organically managed fields were higher in soil total N and NO3-N, total and labile C, plant Ca, S, and Cu,
and other essential nutrients, while soil pH was higher in conventionally managed fields. Differential
abundance, indicator species, and random forest analyses of rhizosphere communities revealed
compositional differences between organic and conventional systems and identified management-specific
microbial taxa. Phylogeny-based trait prediction showed that these differences translated into more
abundant pathogenesis-related gene functions in conventional systems. Structural equation modeling
revealed a greater effect of soil biological communities than physicochemical parameters on plant
outcomes. These results highlight the importance of rhizosphere-specific studies, as plant selection likely
interacts with management in regulating microbial communities and functions that impact agricultural

productivity.

Importance

Agriculture relies in part on close linkages between plants and the microorganisms that live in association
with plant roots. These rhizosphere bacteria and fungi are distinct from microbial communities found in
the rest of the soil and are even more important to plant nutrient uptake and health. Evidence from field
studies shows that agricultural management practices such as fertilization and tillage shape microbial
communities in bulk soil, but little is known about how these practices affect the rhizosphere. We

investigated how agricultural management affects plant-soil-microbe interactions by comparing soil
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physical and chemical properties, plant nutrients, and rhizosphere microbial communities from paired
fields under organic and conventional management. Our results show that human management effects
extend even to microorganisms living in close association with plant roots and highlight the importance of

these bacteria and fungi to crop nutrition and productivity.

Introduction

Soil microbial communities mediate the provision of many ecosystem services by soils and are
increasingly recognized as fundamental regulators of plant and environmental outcomes of
agroecosystems. Agricultural practices such as nutrient inputs and tillage have been shown to shape bulk
soil microbial communities and functions across spatial and temporal scales (1-4). Comparisons of bulk
soil under different management strategies, i.e. organic (nutrients provided from sources other than
synthetic inputs) vs. conventional management have revealed effects on soil properties that in turn drive
variation in microbial communities at small and intermediate scales (5-8). Small-scale studies designed to
minimize environmental heterogeneity, such as long-term experiments on a single site, show strong
effects of management on soil physicochemical parameters (9, 10), microbial biomass (9), and habitat-
specific bacterial and fungal taxa (11). At an intermediate spatial scale, such as paired fields within a
region, contextual variables such as climate, soil type, and cropping system largely influence the soil
physicochemical parameters and microbial processes that differ between conventional and organic fields.
Organically managed processing tomato fields in California have higher levels of organic carbon,
microbial abundance and diversity, and N mineralization potential compared to conventional, while soils
under conventional management have higher inorganic N pools and salinity (7). However, these studies
often have not extended to the rhizosphere, and the studies that have done so have not found universal

predictors of rhizosphere community assembly across contexts and scales (4, 12-14).
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While bulk soil communities affect recruitment and assembly of rhizosphere microbial communities (15),
soil under the influence of plant roots represents a unique environment that must be studied separately
(16). The rhizosphere is a hotspot of interactions where dynamic relationships between plant roots and
soil microbial communities occur, allowing bacteria and fungi to break down and cycle organic matter
and release nutrients (17), promote plant growth via direct and indirect mechanisms (18), and suppress
pathogens (19). While linking agricultural management to large-scale outcomes such as nutrient fluxes or
ecosystem services requires analysis of bulk soil properties and processes, understanding the complex
relationship between management practices and plant nutrition and productivity necessitates shifting
focus to the rhizosphere (20). Some evidence suggests that management can affect the ecosystem-level
functions carried out by bulk soil microbial communities through impacts on microbial diversity (21), but
the unique chemistry and microbial communities found in the rhizosphere (22) are more closely linked to
plant outcomes of agricultural importance (23). Because rhizosphere soil is shaped by complex
interactions between plant and bulk soil processes, the effects of agricultural management on rhizosphere

communities and the functional implications are not always easy to predict.

The few studies that have addressed this question have concluded that differences in bulk soil microbial
and protist communities do carry over to some extent to rhizosphere communities (22, 24). However,
such studies have frequently been conducted on long-term research stations (22, 24), leaving open the
questions of scale and context. Do management effects on rhizosphere microbial communities extend to
an intermediate scale, such as paired fields within a region? If so, what soil properties are most closely
linked to microbial variation, and how do differences in rhizosphere microbial communities influence

plant health and productivity?

A regional-scale study of paired organic and conventional processing tomato fields in Northern California
was conducted to i) characterize impacts of agricultural management on rhizosphere microbial
community composition in California processing tomato agroecosystems at an intermediate spatial scale,

ii) identify how taxonomic shifts affected predicted metabolic and ecological functions carried out by
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these communities, and iii) explore the effects of management-induced microbial variation on crop
nutrition and productivity. To address the first objective of identifying variation in rhizosphere microbial
communities, we employed three complementary approaches: differential abundance, indicator species,
and random forest analyses. Differential abundance analysis of microbial communities adapts RNA-seq
methodology used for gene expression to identify taxa whose abundance varies significantly among
groups of samples (25). Indicator species analysis, an alternative approach, detects taxa preferentially
associated with a given habitat or sample group based on a combination of specificity and fidelity rather
than relative abundance alone (26). Random forest analysis (27), a machine learning method, approaches
the microbe-sample group linkage from the opposite direction than the differential abundance and
indicator species approaches, identifying key taxa whose abundance can be used to assign samples to the

appropriate group.

The second objective, determining whether agricultural management induces shifts in rhizosphere
microbial functions, was addressed using phylogeny-based trait prediction. This method predicts
metagenomic data such as genes involved in key agroecological functions from 16S amplicon sequencing
data (28). Structural equation modeling (SEM), a statistical technique to test hypothesized relationships
among variables (29), was used to address our final objective of exploring linkages between soil
properties, microbial communities, and plant nutrition and productivity. We hypothesized that rhizosphere
community structure and function would differ between conventional and organic systems and that

divergent microbial communities would relate to variation in plant traits within and between fields.
Results
Site and management drive variation in soil and plant variables

Site had a stronger influence on bulk soil and plant variables than management category (organic vs.
conventional) (site R?=0.54, p=0.001; management R?=0.17, p=0.001) and the site x management

interaction was significant (R>=0.09, p=0.001). Two principal components (PCs) explained 41.99% (PC1)
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and 21.93% (PC2) of variation among samples, respectively (Figure 1). Samples tended to cluster
primarily by site along PC1, which was affected by numerous plant and soil nutrients, and secondarily by
management within each site. PC2 was primarily influenced by plant Cu, Mg, and Mn as well as soil Mg

and NOs-N (Figure 1, Table 1).

Management system significantly affected soil physicochemical variables (p<0.001). Soil parameters that
were higher in organically managed fields included total N (p<0.001), C (p<0.001), NOs-N (p=0.008),
Olsen-extractable P (p=0.008), K (p=0.0087), Na (p<0.001), organic matter (OM) (p=0.0022), and
permanganate-oxidizable carbon (PoxC) (p<0.001), while pH was higher in conventionally managed
fields (p=0.044). Soil physicochemical properties were highly correlated with one another (Table 2).
Magnesium was correlated with only NO3-N, cation exchange capacity (CEC) and pH, but other
macronutrients and key soil properties tended to vary together. Management also affected plant nutrients
(p<0.001), many of which were correlated with one another (Table 3). Concentrations of Ca (p=0.0004),

S (p<0.001), and Cu (p<0.001) were all higher in plants from organically managed fields.
Rhizosphere microbial community composition responds to management practices

The species composition of both bacterial and fungal rhizosphere communities varied according to site
and management (Figure 2), and these effects were also observed when phylogenetic relatedness of
bacterial communities was considered (Figure S1 in the supplementary material). Tests of multivariate
homogeneity of group dispersions (betadisper function of the vegan package) showed that dispersions did
not differ among sites or management types (both p>0.05). Management influenced rhizosphere microbial
communities, but to different extents depending on the site identity (Figure 2, site x management
interaction bacteria R?=0.12, p<0.01; fungi R?=0.10, p<0.01). Management accounted for the greatest
proportion of variation (53%) in bacterial communities at the MR site (R? = 0.53, p=0.02), slightly more
than at the PF site (R?=0.43, p=0.02) and nearly three times as much as at the RR site (R?=0.19, p=0.01).
Fungal communities were also affected by management, which accounted for 22% of variation at the MR

site (R?=0.22, p=0.02), 38% at the RR site (R*=0.38, p=0.01), and 43% at the PF site (R?=0.43, p=0.02).
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Bacterial diversity was affected by the site x management interaction (p<0.001). The Shannon index was
higher in organically managed fields than conventionally managed fields at all sites except the MR site
(Table 4). Fungal diversity was affected by site (p<0.001) and management (p<0.001), but not the
interaction. Fungal diversity was higher in organically managed fields at all sites, and higher at the PF site

than RR or MR (Table 4).

Forty-eight bacterial amplicon sequence variants (ASVs) differed in abundance between the rhizospheres
of conventionally and organically managed plants at the a=0.01 level (Figure 3a). ASVs more abundant
in organically managed rhizospheres included two members of the genus Pseudomonas, while ASVs
more abundant in conventionally managed rhizospheres included six members of the genus
Flavobacterium and three members of the genera Devosia and Lysobacter. An ASV belonging to the
genus Pseudomonas had the highest relative abundance in organically managed fields, and an ASV
belonging to the genus Chryseobacterium had the highest relative abundance in conventionally managed

fields.

Nineteen fungal ASVs differed in abundance between management systems at the p=0.01 level, only one
of which was more abundant in conventionally managed fields (Figure 3b). ASVs more abundant in
organically managed plant rhizospheres included three members of the genus Holtermanniella, three
members of the genus Mucor, and two members of the genus Pyrenochaetopsis. The ASV more abundant
in conventionally managed rhizospheres was identified as Plectosphaerella cucumerina. Mucor hiemalis

was most abundant in organic systems relative to conventional.

Since system management has a strong impact on multiple soil properties, we conducted redundancy
analysis (RDA) with forward selection to identify which soil physicochemical properties have the greatest
influence on rhizosphere bacterial and fungal community composition. After site and management, Ca
was the most significant driver of both bacterial and fungal community composition. Bacterial community

composition also responded to Mg levels, while fungi were significantly influenced by Na and K.
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Indicator species of rhizosphere communities differ between systems

Indicator species analysis showed 57 system-specific bacterial ASVs: 35 with the conventional system
and 22 with the organic system (Table S3). Members of the genera Flavobacterium (8), Pedobacter (4),
Lysobacter (3), and Pseudomonas (3) had by the greatest number of sequences in the conventional system
and Pseudomonas (4) in the organic system. Fewer fungal indicator taxa were discovered, with only four
fungal ASVs associated with the conventional system but 17 with the organic system. The four ASVs
associated with the conventional system came from different genera, while Holtermanniella (6) and
Mucor (4) were the most represented indicator genera in the organic system. Fifteen of the 78 taxa
identified by indicator species analysis were also differentially abundant. Because the IndVal index
represents the probability of finding a given species in the environment of interest, taxa with a high
relative abundance in the environment will generally score high on the fidelity component of the IndVal
index. This was the case for Flavobacterium in the conventional system and Pseudomonas,

Holtermanniella, and Mucor in the organic system.

Random forest (RF) analysis was used to identify ASVs that could be used to discriminate between
management systems. ASVs belonging to the genera Lysobacter and Gibellulopsis had the greatest
impact on the mean decrease in accuracy and mean decrease in Gini coefficient of the random forest
model (Figure S2 in the supplementary material). Substantial overlap was observed between the results of
RF analysis and differential abundance analysis. Eleven of the twenty most significant ASVs from the RF
analysis had also been identified through differential abundance analysis, although ASVs such as
Gibellulopsis that had a significant impact on the RF model only slightly differed in abundance between

systems (Figure 3).

Management induces changes in predicted rhizosphere bacterial functions

Of the total number of genes predicted, 4.8% (169) differed in abundance between the rhizosphere of

organic and conventional plants. Of those genes, 79 were more abundant in the organic system and 90
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were enriched in the conventional system. Functions corresponding to cellular processes including
quorum sensing, biofilm formation, and chemotaxis showed the greatest difference between systems, with
only two peroxisome functions upregulated in the organic system and 31 upregulated in the conventional
system (Figure 4). Genes with the highest relative abundance in the organic system were distributed
across a variety of functions, including ABC transporters (12), two-component systems (8), biosynthesis
of siderophores (5), starch and sucrose metabolism (5), and type | polyketide structures (5). A component
of the trcR/trcS two-component regulatory system, trcR (K07672), was up-regulated by the greatest ratio
in organic systems. Genes with greater relative abundance in the conventional system tended to be
associated with biosynthesis of amino acids (19), two-component systems (18), quorum sensing (10),

ABC transporters (9), and biofilm formation (9) (Figure 4).

Structural equation modeling identifies key linkages among plant, soil, and microbial variables

Hypothetical links between bulk soil physicochemical parameters, plant nutrition, rhizosphere microbial
communities, and plant biomass were tested using structural equation modeling (SEM) across
management systems (Figure 5a). Bacterial and fungal communities were represented by two vectors each
(PC1B, PC2B, PC1F, PC2F) that were derived from principal components analysis shown in Figure 2.
Plant biomass was most strongly positively correlated with plant P, which in turn was most strongly
correlated with fungi from the PC2F vector (Figure 5b). The taxa that contributed most to PC2F were
Vishniacozyma victoriae and an unidentified Solicoccozyma sp. Neither of these species were identified in
the differential abundance analysis (Figure 3b). Fungi from the PC1F vector had a slight positive
influence on plant Na and included ASVs classified as Alternaria sp., Cryptococcus aerius, and
Plectosphaerella cucumerina. PC1B, the first principal component of bacterial communities, was
negatively correlated with shoot C:N ratio; the three ASVs with the greatest contribution to this
component were a strain of Pseudomonas and two strains of Stenotrophomonas. The second principal

component of bacterial communities (PC2B) was slightly positively correlated with plant biomass, P, Na,

1sanb Ag 6T0Z ‘Sz aunr uo /Hio wse war//:dny woll papeojumod


http://aem.asm.org/

(19)
=
&
O]

(1)

——

U2)

(0)
o

——

o
g

\9}

2]

>

(=
=
O

(1)

——

(O

(19)

O

9}
<(

Microbiology

Microbiology

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

and C:N ratio; four of the five ASVs with the greatest contribution to this component were classified as

Pseudomonas sp.

The final SEM had a y? test statistic of 1.907 with 3 degrees of freedom, giving a x*/v ratio of 0.64, root
mean square error of approximation (RMSEA) of 0.000 (90% confidence interval 0.000<x<0.195),
comparative fit index (CFI) of 1.000, Tucker Lewis index (TLI) of 1.062, and standardized root mean
square residual (SRMR) of 0.016. A low x*/v ratio indicates a good model, although this test statistic does
not perform well with small sample sizes (30). The CFl and TLI model indices perform well with small
sample sizes and are above acceptable threshold (0.95 for a good model (31)). An SRMR less than 0.08

generally indicates that a model fits the data well (32).

Discussion

Our objectives were to explore how management practices implemented in organic and conventional
tomato production systems shape rhizosphere microbial composition, infer how taxonomic shifts affected
microbe-mediated functions, and identify linkages between management-induced shifts in soil
physicochemical parameters, rhizosphere microbial communities, and plant nutrition and productivity. In
support of our hypotheses, we identified specific taxa that differed in abundance between management
systems and predicted the functional implications of those shifts in community composition (Figure 3,
Figure 4, Figure S2). Some differentially abundant taxa were confirmed as indicator species that could be
used to distinguish communities between management systems. More importantly, phylogeny-based trait
prediction showed that management-induced differences in rhizosphere bacterial community composition
translated into agriculturally relevant outcomes, particularly with regard to plant nutrition and pathogen-
related functions such as quorum sensing and biofilm formation(33, 34) (Figure 4, Figure 5). Although
our techniques could not examine the contribution of fungi to predicted function, it is likely that observed

compositional shifts in fungal communities increase divergence in functional outcomes between systems.
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Bacterial diversity was higher in the rhizospheres of organically managed plants at all sites except MR,
and fungal diversity was higher in the organic system across sites, consistent with other studies finding
increased microbial diversity under organic management (2, 7, 35-37). Numerous bacterial ASVs
belonging to the genus Pseudomonas, which contains members known to possess plant-growth-promoting
properties (18, 19), had a higher relative abundance in organic systems (Figure 3a). Sixteen of the 17
differentially abundant fungal ASVs were found at higher abundance in the rhizosphere of plants growing
in the organic system; these included numerous members of the genera Holtermanniella and Mucor
(Figure 3b). Holtermanniella is a small, cold-tolerant genus of potentially parasitic fungi (38) that
includes species able to metabolize diverse carbon compounds and generate unique fatty acid profiles
(39). Mucor are a genus of starch decomposing fungi (40) that are capable of metabolizing a wide range
of complex carbohydrates (41). Although a long-term comparison of conventional and organic
management found no difference in the relative abundance of Mucor sp. in bulk soils (42), potential shifts
in the rhizosphere have not been shown. In addition, predicted potential community functions also
differed between soils under different management systems. Although our approach relies on predicted
potential (DNA-based) functions rather than genomic or transcriptomic information from the strains
found at these sites, tax4fun performs well in comparison with shotgun metagenomic data from soils (28),
suggesting that broad patterns may be informative. Bacterial community shifts in the rhizospheres of
organically managed plants were associated with a higher abundance of predicted genes involved in
starch and sucrose metabolism and biosynthesis of siderophores, which can increase the availability of
micronutrients such as iron (Figure 4). Other enzymes with high relative abundance in the organic system
catalyze reactions involved in the metabolism of tyrosine, carotenoids, and other complex organic

compounds (Figure 4).

Rhizosphere diversity was generally lower under conventional management, and community composition
and functions were notably different. ASVs belonging to the genera Flavobacterium, Devosia, and

Lysobacterium had higher relative abundances in the conventional system. The Flavobacterium genus has
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been found elsewhere to increase in abundance in response to six years of intensive organic vegetable
production (43), suggesting that individual species within the genus may respond differently to
conventional and organic management. Members of Lysobacterium have been shown to degrade complex
aromatic compounds (44). Plectosphaerella cucumerina, a known pathogen that causes rots on a variety
of horticultural species (45), was the only fungal ASV found to be more abundant in the conventional
system. Perhaps due to the greater abundance of this pathogen, functions upregulated in the conventional

system included genes related to quorum sensing and biofilm formation (Figure 4).

Management practices and sites had strong influence on soil chemical properties, which in turn affected
bacterial and fungal community composition. Forward selection revealed that the two kingdoms
responded to different sets of soil physicochemical parameters: bacterial community composition was
affected by Ca and Mg, while fungal community composition was affected by Ca, Na, and K. These
predictors are notably different from variables commonly accepted as important for microbial community
composition, such as organic matter (46, 47), pH (48, 49), and N. The failure of organic matter and N to
predict microbial community structure is surprising at first glance, given that scarce C and N availability
can limit rates of microbial growth and functions such as mineralization, and that the abundance of N-
cycling microbial taxa often varies with C and inorganic N species. However, this result is consistent with
multiple studies showing no effect of N on microbial community composition (50-52). Agricultural
management might outweigh the effects of variation in these parameters, since Ca and Mg were not
affected by management. It may also be that low variation in organic matter, pH, and soil N within the
context of this study reduced the ability of these parameters to explain variation in community

composition (Table S2 in the supplementary material).

Soil Ca and Na have similarly appeared elsewhere as significant predictors of microbial community
composition. In another comparison of management systems, soil Ca was higher in soils receiving
organic amendments than synthetic amendments and was among the parameters correlated with microbial

community composition (53). Ca was also a primary driver of microbial community composition in a
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multi-year study of a soil amended with composted tannery sludge (54). Salinity frequently drives
variation in microbial community composition, especially in irrigated systems, although most commonly
when a stronger salinity gradient is present due to environmental filtering based on salinity tolerance (55—

57).

SEM tied together this observed variation in microbial community composition with soil and plant
variables and tested a hypothetical model linking plant and soil biological and physicochemical
parameters with plant biomass (Figure 5). Management was not retained in the final model, suggesting
that management effects were indirect and captured by other included variables at these sites. Other
studies have similarly found that soil type and physicochemical parameters affect microbial community
composition and catabolic functions more than long-term agricultural management practices (58). Within
this study, it appears that rhizosphere microbial communities were more closely linked to differences in

bulk soil properties created by management systems than to the management practices themselves.

SEM revealed a greater relative influence of rhizosphere biological communities than bulk soil
physicochemical characteristics on plant nutrient content and biomass (Figure 5). A strong indirect
linkage was observed between microbial communities and plant biomass: fungal community composition
was strongly positively correlated with plant P, which in turn strongly correlated with shoot biomass
(Figure 5). The link between plant P and fungal communities is particularly striking given the absence of
sequences belonging to the phylum Glomeromycota, which contains mycorrhizal fungi (data not shown).
The lack of mycorrhizal sequences may be partly explained by choice of amplicon or primer bias (59).
Since the length of the amplified region differs for mycorrhizae compared to the more abundant
Ascomycota and Basidiomycota (60); it is unlikely that mycorrhizae were truly absent from all samples.
Nonetheless, even non-mycorrhizal fungi can improve plant P status through solubilization,
mineralization, and direct transfer of phosphate (61). Genera such as Aspergillus and Penicillium release
organic acids that can solubilize phosphate, potentially rendering it available for direct uptake by plants or

mycorrhizae (62).
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PC2B was slightly positively correlated with plant Na and PC1B was negatively correlated with C:N
ratio. The correlation between bacterial community composition and plant Na could be the direct effect of
microbial interference in plant metabolism, or changes in soil parameters could foster unique microbial
communities and also increase plant Na. While limitations of the measured data do not allow us to
distinguish between these explanations in this context, microbial influence on plant Na has been reported
elsewhere; certain bacterial strains are capable of plant tissue-specific regulation of sodium transporters
that increases salt tolerance in Arabidopsis (63), while other bacterial strains reduce salt accumulation in
salinity-stressed plants (64). A negative correlation with C:N ratio indicates that the bacterial populations
improved plant N content, a result that could be due to increased N availability via N fixation or

mineralization of organic matter.

This study identified rhizosphere microbial taxa and functions affected by agricultural management and
illuminated unexpected linkages between soil, microbes, and crop nutrition and productivity, but
compelling questions remain. Organic certification encompasses a diverse set of management practices
and variation in cover crop species, green manure inputs, or crop rotation complexity and duration likely
lead to diverse effects on soil microbes. To translate the broad, extensive conventional-organic literature
into tangible recommendations, future studies should focus on causal relationships between specific
inputs or techniques and key soil physicochemical parameters. This could be achieved in part by
employing SEM with a much larger dataset (a sample size of at least 200 (65) and data satisfying the
requirement of multivariate normality (66)) to allow the incorporation of additional variables (e.g. crop
genotype, N fertility source and rate, tillage) and improve the predictive power of the model. Such
analysis would add nuance to the results of this study and enable the development of management
systems that foster agricultural productivity by maximizing beneficial plant-soil-microbe interactions in

the rhizosphere.

Our results add an additional layer of complexity to previous investigations of the effects of agricultural

management on microbial communities. Others have noted the importance of scale in determining how
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soil properties relate to microbial community composition or function, as geographic scale alters the
relative importance of factors such as environmental heterogeneity and distance that influence microbial
distribution (67, 68). We emphasize the importance of integrating plants and rhizosphere processes into
these discussions of microbial biogeography, particularly at intermediate scales, as plants exert strong
influence on rhizosphere communities and may modulate management effects on rhizosphere
communities. Management of plant-microbe-soil interactions in the rhizosphere is a critical step toward
building more resource-efficient and resilient agricultural systems, and our study indicates that soil
management has strong and consistent effects on landscape-level variation in the rhizosphere composition

and predicted function.

Materials and Methods

Sample collection

Samples were collected from 6 paired fields under conventional and organic management on Yolo Silt
Loam during the 2017 growing season (details of sites and management practices can be found in Table
S1 in the supplementary material). Plant and soil samples were collected ~ 6 weeks after transplanting on
the same date at paired fields. Samples were taken from six locations per field (two on the exterior
margins of the field and four internal). At each location, two entire plants were excavated and shoot and
root samples were separated by clipping at the base of the shoot. A bulk soil sample was collected from
the upper 10 cm of soil immediately adjacent to each plant. Roots were separated from bulk soil, stored in
paper bags and transported to the lab on ice. Twelve root fragments from each plot (6 from each
individual plant) were pooled and rhizosphere soil was collected using a shaking wash in an 0.9%
NaCl/0.01% Tween 80 (v/v) solution followed by centrifugation. Because this volume of soil was
insufficient for full textural and nutrient analysis, we assumed that rhizosphere soil characteristics such as
texture, organic matter, etc. would be similar to the parameters measured for the corresponding bulk soil.
Shovels and other sampling implements were cleaned thoroughly between samples. The remaining roots

and shoots were dried at 60°C and weighed.
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Plant and soil analysis

Dried bulk soil samples and aboveground dried biomass were homogenized and analyzed for total
nitrogen (N) and carbon (C) via combustion analysis (69). Soil nitrate was measured using a flow
injection analyzer (70), soil extractable phosphorus (P) was determined according to Olsen and Sommers
(71), and other soil nutrients were measured using ICP-AES (72). Soil organic matter content was
determined via the loss-on-ignition method (73). Soil pH was measured on a saturated paste extract. Bulk

soil properties can be found in Table S2 in the supplementary material.

Dried aboveground biomass was ground thoroughly to pass a 2 mm sieve. Plant leaf samples were
analyzed for N, P, K, Ca, Mg, Mn, Fe, Cu, B, and Zn at the Agricultural Analytical Services Lab of
Pennsylvania State University. Total N was analyzed via combustion (74), and concentrations of the

remaining elements were determined via hot block acid digestion (75).

Microbial community analysis

DNA was extracted from rhizosphere samples using the MoBio PowerSoil Kit (Qiagen). At least 5 ng of
DNA from each sample was sent for library prep and sequencing using MiSeq at Dalhousie IMR

facility. The V4-V5 region of the 16S rRNA region was sequenced to characterize bacterial communities
and the ITS region of the rRNA gene was sequenced to characterize fungal communities (76,

77). Negative controls were also extracted and submitted, but no reads were recovered. All statistical
analyses were carried out using R software (78). Reads were error-corrected and assembled into amplicon
sequence variants (ASVs) using DADA2 v.1.8 (79), with taxonomy assigned using SILVA v.128 for
bacteria (80) and UNITE database (2017 release) for fungi (81). Taxa without a taxonomic assignment, or
assigned to Archaea, mitochondria, or chloroplasts were removed from this dataset. Those not assigned to
the kingdom Fungi were removed from the fungal dataset. Sequence abundance was rarefied to 15,310

sequences per sample for bacteria and 13,000 per sample for fungi and all samples approached saturation.
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Sequencing data is available in the NCBI SRA data repository under the project accession number

PRINAS539989.

Non-metric multidimensional scaling (NMDS) was used to ordinate samples in two-dimensional space
(ordinate function of the phyloseq package using method = “NMDS ). Two outliers were removed from
this and subsequent analyses in order to minimize the stress function. A second NMDS ordination was
performed based on weighted UniFrac distances (distance function of phyloseq package with “wunifirac”
command) to determine whether phylogenetic distance among samples was affected by site and
management. Shannon diversity was calculated for each sample using the estimate_richness function

(measures = “Shannon”) of the phyloseq package.

Differential abundance of microbial taxa

Differential abundance of bacterial and fungal in the rhizosphere of plants grown in organically and
conventionally managed systems was carried out using the DESeq2 package (25). Although applying this
analysis to compositional datasets obtained from sequencing microbial communities has been critiqued
(82), the method has been shown to be effective when library sizes are similar across groups and sample
size is small (<50 samples per group) (83), as was the case here. Sequences occurring in fewer than three
samples were filtered out prior to the analysis to avoid bias due to rare taxa (filter_taxa function of
phyloseq package). Dispersions were fit to the mean intensity using a gamma-family GLM by setting the
parameter fitType= “parametric” and significance was assessed using the Wald test with a significance

threshold of a=0.01.

Indicator species analysis

Indicator species analysis was conducted to identify specific rhizosphere microbial taxa that were
associated with the conventional or organic system using the indicspecies package (84). Briefly, the
Indicator Value (IndVal) index was calculated for each ASV-system combination as the product of

specificity and fidelity indices (84). The highest IndVal index for each ASV was tested for significance
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with 999 permutations (multipatt function of indicspecies package using duleg = TRUE and control=

how(nperm=999). A Bonferroni correction was used to control the family-wise error rate at o = 0.01.
Random forest analysis

We complemented the indicator species analysis with a random forest approach, which identifies bacterial
and fungal ASVs that could be used to classify samples by management system through a machine
learning algorithm. Random forest analysis was conducted using the randomForest package (27). The
dataset was split into subsets for training (70% of observations) and validation (30% of observations).
Model parameters were adjusted to minimize the error rate, but the default parameters for ntree (ntree =
500) and mtry (mtry = \p, with p representing the number of model parameters) resulted in the lowest
error rate (6.52%). The classification accuracy was calculated to be 95%, indicating high prediction
accuracy. ASVs with the greatest contribution to the classification algorithm were identified according to
the highest scores for mean decrease in accuracy or mean decrease in the Gini coefficient (importance

function of randomForest package).
Phylogeny-based functional trait prediction

We determined potential shifts in rhizosphere microbial functions with management and soil properties
using functional trait prediction of 16S communities with the themetagenomics package (85). Briefly, this
package implements Tax4Fun (28) to predict functions from the KEGG Orthology database that are
associated with provided abundance tables, sample metadata, and phylogenetic information. Phylogeny is
assigned according to the SILVA rRNA database project (80). To identify functions that differed in
abundance between systems, predicted functions were subjected to differential abundance analysis using
the DESeq?2 package. Parameters were identical to those described previously and the significance

threshold was set at 0=0.01.

Principal component analysis of plant and soil variables
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Principal component analysis (PCA) was used to reduce the dimensions of the multivariate dataset
containing scaled soil and plant variables, visualize samples in two-dimensional space, and calculate
factor loadings (prcomp function of stats package). Outliers for individual soil and plant variables were
identified with Grubb’s test (grubbs.test function of outliers package) and removed from the dataset prior
to PCA. The multivariate homogeneity of group dispersions (betadisper function of vegan package) was
tested to determine whether variances differed among sampling sites. The effect of management on soil
and plant variables was tested with multivariate analysis of variance (MANOVA) using the manova

function of the stats package (78).
Permutational multivariate analysis of variance

Permutational multivariate analysis of variance was used to test the effect of the interaction between site
and management on microbial community composition (adonis function of vegan package), separately for
bacteria and fungi. If the interaction was significant, the magnitude of the management effect was then
tested within each site. If the interaction was not significant, PERMANOVA was used to test the relative
magnitude of site and management effects. Redundancy analysis (RDA) was conducted to identify soil
physicochemical properties with the greatest influence on rhizosphere microbial community composition.
Parameters that significantly explained variation in bacterial or fungal community composition were

identified using forward selection (ordistep function of vegan package).
Structural equation modeling (SEM)

SEM was used to test a hypothetical model linking soil, plant, and microbial variables that affect shoot
biomass (Figure 5a). Parameters included in the model were chosen using forward selection of a linear
model with shoot biomass as the response variable and all other soil, microbial, and plant parameters as
independent variables (step function of stats package) (78). The model was established using the sem
function of the lavaan package (86) and visualized with the semPlot package (87). The model was then

refined by sequentially removing variables with poor explanatory power (R?<0.50). Management (organic
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vs. conventional) was originally included as a variable but was ultimately removed because management
significantly and consistently decreased the fit statistics for the model, perhaps because the variables

retained in the model were good indicators of management differences.

Although the variables identified by forward selection (soil Na, soil Ca, plant P, plant C:N, plant Na)
were not consistent with a hypothesis of multivariate normality, sample size was too small to permit the
exclusion of outliers. The first two principal components of microbial species composition, which
accounted for 31% and 15% of bacterial variation (PC1B and PC2B respectively) and 26% and 21% of
fungal variation (PC1F, PC2F respectively), were used to represent microbial communities in the model
(Figure 5). The maximum likelihood (ML) method was used to estimate model fit test statistics. The
goodness of fit of the model was tested using standard model fit indices: the ratio of the chi-square
statistic to degrees of freedom (x*/v), Root Mean Square Error of Approximation (RMSEA), Comparative

Fit Index (CFI), Tucker-Lewis Index (TLI), and Standardized Root Mean Square Residual (SRMR) (88).
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Figure Legends

Figure 1: PCA of soil and plant variables measured in six processing tomato fields. Soil
physicochemical parameters and plant variables separated primarily by site along PC1, which explained
42% of variation. Samples separated secondarily by management within site, and a significant site x

management interaction was observed.

Figure 2: NMDS ordination of microbial communities sampled from the rhizosphere of processing
tomatoes. Non-metric dimensional scaling based on Bray-Curtis dissimilarity matrices revealed that A)

bacterial and B) fungal communities separated primarily by site and secondarily by management.

Figure 3: Differentially abundant microbial taxa. A) 48 bacterial and B) 19 fungal taxa differed in
abundance between conventional and organic management systems at the a=0.01 level. Colored bars
represent the natural logarithm of abundance of each taxa and gray bars represent the ratio of abundance
in the organic system to abundance in the conventional system. Multiple strains or species within genus

are shown. NA indicates that sequences could not be identified at the genus level.

Figure 4: Differentially abundant functions. Phylogeny-based trait prediction revealed 169 functional
genes that differed in abundance between the two systems at the a=0.01 level, 79 of which were more

abundant in the organic system and 90 in the conventional system.

Figure 5: Structural equation model linking soil, plant, and microbial variables. A) A hypothetical
model linking soil, microbial, and plant parameters was tested using structural equation modeling. B) The
final SEM showed that microbial communities had a strong but indirect effect on plant biomass through a
positive correlation between fungal community composition and plant P. Soil Ca and Na affected fungal
communities more strongly than bacterial communities. Red represents soil variables, blue represents

microbial variables (principal components 1 and 2 extracted from PCA of bacterial and fungal

communities, respectively), and green represents plant variables. Dashed lines represent fixed parameters.

Table 1. Factor loadings of scaled soil and plant variables contributing to PC1 and PC2.
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Table 2. Correlations among soil physicochemical properties based on the Pearson correlation coefficient.

* = p<0.05, ** = p< 0.01, *** = p<0.00L1.

Microbiology

N C NO;-N P K Na Ca Mg CEC oM pH PoxC
N 1.00 0.96*** 0.46*** 0.66*** 0.84*** 0.79*** 0.64*** -0.04 0.37**  0.82*** 0.25 0.84***
Cc 1.00 0.26 0.50%**  0.90*** 0.71*** 0.76*** -0.02 0.45%**  0.90***  0.41**  0.89***
NO3-N 1.00 0.62***  0.32* 0.56***  0.22 -0.44*%**  -0.24 0.06 -0.29* 0.21
P 1.00 0.57***  0.55*** 0.36**  0.13 0.35**  0.43**  0.12 0.35%*
K 1.00 0.63***  0.88*** 0.02 0.55%**  0.85%**  0.61***  0.79***
Na 1.00 0.53***  -0.13 0.23 0.55%**  0.22 0.59***
Ca 1.00 -0.11 0.48***  0.76***  0.60***  0.67***
Mg 1.00 0.81***  0.25 0.51***  -0.06
CEC 1.00 0.68***  0.79***  0.36**
oM 1.00 0.55%**  0.76***
pH 1.00 0.34**
PoxC 1.00
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Table 3. Correlations among plant variables based on the Pearson correlation coefficient. * = p<0.05, ** = p< 0.01, *** = p<0.001. =]
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Table 4. Alpha diversity of bacterial and fungal communities by site and management. VValues reported are Shannon index + standard error.

MR RR PF

Conv. Org. Conv. Org. Conv. Org.
16S 350+0.14 290+009 272+0.05 299+0.08 328+0.08 3.58+0.07
ITS 2.60+£0.08 2.62+0.18 2.68+0.08 3.12+0.06 289016 3.32+0.07

Microbiology
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Applied and Environmental
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Applied and Environmental

Microbiology

Microbiology

Pseudomonas Seq52 1
Sphingobacterium Seq35 A
ronobacter Seq37
Acinetobacter Seq64 -
Glutamicibacter Seq106 -
Kaistia Seq132

NA Seq58 -

) NA Seqg5
Plantibacter Seq119 4
Pantoea Seq57 4

Brucella Seq154 4
Pseudomonas Seq2 -
Pseudarthrobacter Seg4 -
Variovorax Seq31 -
Phyllobacterium Seq46 -
Ensifer Seq134 4
Pseudomonas Seq1 -
Stenotroshqmonas Seq19
ariovorax Seq34 -
Pseudomonas Seq15 4
Xenophilus Seq78 -
Devosia Seq85 -
Lysobacter Seq71 -
Devcﬁlﬁ Seqb2

Se?1 81
Pseudoxanthomonas Seq118 -
Lysobacter Seq95 -
Sphingobium Seq168 4
Flavobacterium Seq44 -
Devosia Seq305 1
Sphl_nﬂopyms Seq92 A
Algoriphagus Seq108 A
Polaromonas Seq222 4
Stenotrophomonas Seq21
Flavobacterium Seq70 -
Chryseobacterium Seq208 -
Hydrogenophaga Seq172
lavobacterium Seq232 -
Flavobacterium Seq257 -
Flavobacterium Seg24 -
Lysobacter Seq191
edobacter Se?SQ .

NA Seq

ASV

03 -

Dyadobacter Seq86 -
Flavobacterium Seq102 -
Pedobacter Seq68 -
Pseudoxanthomonas Seq45 -
Chryseobacterium Seq36 -

o
5.

-5
log(Abundance)

Mucor ASV 34 1
Holtermanniella ASV 28 -
Holtermanniella ASV 39 4
Cryptococcus ASV 75 4
Cryptococcus ASV 62 4
Pyrenochaetopsis ASV 115 4
NA ASV 94

Mucor ASV 65 -

Holtermanniella ASY 2 A

)  Plectosphaerella ASV 33
Filobasidium ASV 25 1
Didymella ASV 175
Gibellulopsis ASV 46 -
Mucor ASV 13 1
Pyrenochaetopsis ASV 85 A
Powellomyces ASV 181 A
Papiliotrema ASV 17 -
Gibberella ASV 23 -
Plectosphaerella ASV 20 A

10

I
o+
I o

lanf Ahiindanca)

o

.Conventional
.Organic
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Applied and Environmental

Microbiology

Microbiology

Function

Cellular Processes

I&]BS%% eroXisome
BroXiSome
35 quorum sensing
32 - quorum sensing
31: quorum sensing
33 quorum sensing
34 quorum sensing
K117 rs qluc-rum ?eb 1:',’?
cle - caulo
1301%%'?unorum sensmg b
KO01657 : biofilm formation - gseudomonas aeruginosa -
bacterial chemotaxis
6 : apoptosis - fly
3407 : bacterial chemotaxis
K02455: bloflm furmatlon vibrio cholerae -
03 3408 : bagenal cﬂemo}ams b
erial chemaotaxis
K02453 : biofilm ?orma%on - vlabrlo -:Wtﬂerae b
K00575 : bactenal chemotaxis
K03413 : bactenial chemotaxis
K02456 : biofilm formation - vibrio cholerae -
KO01658 - quorum sensing
K01658 : blaflm formatlon pseudomonas aerugmosa
biofilm formation - vibrio chiolerae

Kpiss Belim amaien-vie crogise-

K10943 : biofilm formation - vibrio cholerae
K10941 : piofilm formation - vibrio cholerae
K10941 : biofilm formation - pseudomonas aeruginosa
1218 - quorum sensing -
uorum sensing -

K1
K10909 : biofilm formatlonq vibrio cholerae
K01444 : lysosome

T
o
o

. ;

o w

= & &
. >

Ratio organic:conventional

cell growth and death cellular community - prokaryotes
cell motility transport and catabolism
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Environmental Information Processing

KO07672 : two-component system -
KO07656 : two-component system -
K14699 - abctransporters
K14698 : abctransporters q
K07682 : two-component system -
K07655 : two-component system
K10201 : abc transporters
K10202 : abctransporters
K07695 : two-component system -
K10241 : abctransporters
KO7671 : two-component system -
K10008 : abctransporters
KO7776 : two-component system
K00232 : camp signaling pathway 1
KO07654 : two-component system
K10233 : abctransporters 1
K16014 : abctransporters
K10232 : abctransporters
K10234 - abctransporters
K10548 : abctransporters
K10561 : abctransporters
K02001 : abc transporters
KO07657 : two-component system -
K00901 : phospholiFase d signaling pathway 1
K00901 :phus&hatidyinositol signaling system
03408 : two-component system -
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K03407 : two-component system -
K04079 : pi3k-akt signaling pathway 1
K11085 : abctransporters

K01467 : two-component system -
K02455 : bacterial secretion system
K03408 : two-component system
K03412 : two-component system 1
K02453 : bacterial secretion system
K00575 : two-component system
K15577 : abc transporters

K03413 : two-component system -
K02456 : bacterial secretion system 1
K15578 : abc transporters

K02454 : bacterial secretion system 1
K11004 : bacterial secretion system 7
K11004 : abctransporters A

K15576 : abc transporters

K07665 : two-component system -
KO07636 : two-component system -
K02584 : two-component system -
K10943 : two-component system
K07787 : two-component system
K02667 : two-component system
K07798 : two-component system
K10941 : two-component system -
K06857 : abc transporters

K09697 : two-component system -
K09697 : abc transporiers 1

KO05773 : abctransporters

K10909 : two-component system -

Function

Microbiology

Applied and Environmental
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Ratio organic:conventional
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membrane transport signal transduction
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Genetic Information Processing

K10843 : nucleotide excision repair 1

K10843 : basal transcription factors

K 3: proteasome

. K03432: proteasome

- K14164 : aminoacyl-irna biosynthesis 1

K04079 : protein processing in endoplasmic reticulum -
K03654 : rna degradation 1

Function

T T
= o™
o o

Ratio organic.conventional

Microbiology
0.4

Applied and Environmental
-0.21

folding, sorting and degradation transcription
replication and repair translation
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Metabolism

K00545 : tyruslne metabollsm
K00545 slerq‘ld hgrmloneb 0SynN! ! |
KO&%]2025 n\froﬁ)ﬁJgWe ég'agé‘ ‘15 5
K00622 : drug metabol ta
K14215: ter] eno\S%acfbgh"eeb%i l}ﬁesls
tty acid me
Ines&s

K03922:u|osyn(§|eslso unsaf a

K16046 : steroid uegradanon

0190¢ acid degp ?g ——
ol

04793 blosynmes\solslderuphurng upnuﬁn osomal
791 : biosynthesis of siderophore rglég nnbosomal pepllues

K1K214661649I|m?nene and plnene ge b E
i ﬂs F“Fe’?oﬁﬁ Hé%?aé’ah

Kigis: SSFS SR SHEFSES metagelism
K01208 ; star n ind Sucros: metanu

e lism

rorsShaty g presphcaigion

doa fqela(e Dlosyn(heﬁsalﬁ

K12503 Ferpenouﬁi s %lgsyrq esis
K13787 tery penom nackbone biosyn

K10187: sesqmterpenm‘é annstZrllerpgnn“‘mosfynqﬁesls
KO methan

K04787 : biosynthesis of siderophore group 05 AQ R o %Ivfes
K04790 : bios: nthes\solslger%mpnwma"uﬁmr?mpny” eaenollsm
v E{'%Igﬁf pe P&‘ures

K00271 : val K1\5 bmgyn e5|s d
-
KQ&W DI'K yn e so ansamy c{ns
K03343" ar&mme and prnln & metso ulsm

505 MENAne Metasale
5602 blosynlhesls of al

K é’?{ e\ sykenFestruzi{ngg
iméne

=
S

K10817 ge i pﬂl ketide structures
mi es

K108 bosimnsie f s gl ansp.ngla;eygggg"h'i i

" T e el
K14371: bi th £12. K11£ 3« e i pulﬁkehde strucllures
iosynthesis of %ﬂ § Efeuﬂmegcgl IIQSE"S]

tty
Kuoz%oobiggymveﬁalshﬁ'o em%'arcl me%m{)cllsm I

metabolism
e

K00875 ; pentose anJ(qucurona?e |nlercuntverslcns
K04788 blosynmeswsolslderophwegrou nonribosomal peptides
K00613 &)ﬁ%qs serine andl reol |ne metabalism
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inine and prolin olism
K15320 b\osynthes\s ufenedly biotics
K15372 - h nl urine me% g ism

B3fanine meta olism

K11263 :valine, leucing and Isoleucine
*95132 guvaemea u|sm
probancale metapoism
K11263 glyoxylaie and dicarl uxvlalem t Dolis

}5‘1526%3 laWacuP DIOS:! qﬁ'e'%?s] -

K|6101263 carbon metabo"sm
K00276 : fropane, plpendm}%oaonug ngne a%fgfelfb%es nﬁ gfg

K0027E1K gqycme serine an: dmreunlne meta! |s
K0027£1§e7t7-a\an|ne metabolis
UgBQIS porphyrin an a’:?loﬁ)pmﬁ m%@gg Iﬁm
Pyt e A A G
K01754  glycine, serine andmreunl;ne tagcllsm
K01754 ‘%IOS n(hgglrs% an;‘nlnaﬂglsén
Klé %yn‘Avale metabcllém
QE?? PR m lﬁﬂlsn’{

K01679 : carbon fixation pathways in pi

K007E gIOS n‘wsn%m? metabolls&n
histidine metabolism

ine m
ﬁﬂgalg g|os nmes|s o}ammu acigs

losynthesis of amino acias

K01940  ar |n|ne biosynthesis

K01940 : alanine, aspartate and g%g meg glgm
K01733: glycine, s55ne and threoring metaoolis sm
nthesis of amino acids

K00052 : valine, e anﬂsoleucfne BBEItRests
K00052 : ¢&-|

Function

Microbiology

K000
ST mzs.%%"cfa%'m"rs's

0X0C:
K01703: vﬁlneqeucme an%[lso eucine biosyn! egls

Applied and Environmental

K01703 £5eh e dlb Sncmacl br'T'\’(éS b'gﬁ ;
R A O Synhe S 2] S0 3tis
Ki 1'{(00%1%—0}(0%! rclli(hygclatl) t bullsm
RoBTAg iing Sios nlﬁesus
K0080O : phenylalaning, 2<Jexucar vrloph nan mos ke
phen KIS B imeEIeh Anmin 5&
53006]'035% arginin bos i ss
i i i

K00930 : 2: ox&:ar 93 cacled meta r!:

KO, icotinate and njc e DIDS{I’\I" sm E—
%5495‘ porpl yrﬁ\ anc‘ %‘foropﬁ i me aga I
9 : biofin metabollsm

K02160 carbanﬁﬁl 123!‘1 sm ruk%rgF(es

K01657 : phenylal et blods mr‘ Sh b |h
phenylalanine Jyrosige and| Wﬁ'uglsan'alr%slxn %‘sg
K01735 : phenylalanine, rosme and tryj Ftuph blosynlhesls

36 735 Dlogynineste of aming aci

1 ‘guvcerup ospholipid meta allsm —
eetsip mechnion —
K02506( g5os uli esslls [ arr?man Uaclscig
K02501 : histidine metabolism

K°25°‘ Eb%sgvé‘ esd?.r?e?n"é{‘%uﬁ's‘iﬁ
0432 aIROE‘ s

K004, g arach? oRIc 508 m FE“H?%
7 nitrogen metaucllsm

K155 nw en meta) olism
536 arglmne tan

K01658 : phenyla\anlne%&sﬁg d lxmcghan blosfmﬁesjg

K01912 nenyla\anlne metabolis
76 en me% go |sm
18 ne metaoolism

K00018 : glyoxylate and dlcarbnxyla(e metabol
K00018 : glycine, seri hreonine me%ag |sm
carbon metaolism
K12251 arglmne and proline metabolism

K00568 - dru %gog] Sfula(eﬁlosgnmesls
K15894 - amino sugar an e £la0o

otide sugar m
aurosporine bios lh sls
K01654 : amino sugar A t‘f@sugar mervrb ofie
K15918 Iglqurla(e and dlcarbnxyla(e metab
y

K15918 glycine, ndlhreu ine mel
¢ ﬁié’éﬁ@ Iy Cerop %Eul.sm —
ps (ca(rb 7 metabolism
»938830" Eon %&‘t‘%"F A
30030 bios! nln|e5|s o&am acids.
PR ﬁé’é‘%%%’ Mannode mebsln
flrazine degraga
K00500 : phenylalanine, I&rosme andter ophan biosynthesis
k09280 L 'a‘gl"s'”eé"ﬁr?é’“"sé's“
%BE Ps?veu usg}!o Fa%u
K00983 ammosugavandnucleot esug r metaboli:
00486 l lo han me%g ism
9 . fructose and n 0s€ metabolism
ko412 pemculm and cephalosporin biosynthesis
K01444 other glycan degradation

- o - ©
S =1 S =)

Ratio organic:conventional

amino acid metabolism ghycan biosymitosis and metzbolm Emsizbolem of terpencids and polytoides
biosynthesis of other secondary metaboites ipid metabolism ucleotide metaboiism

carbohydrate metabolism metahoiam of Gofactors and viamins Noverview

energy metabolism metabolism of other amino acids  xenobiotics biodegradation and metaboiism

Applied and Environmental
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Organismal Systems

K00232 : ppar signaling pathway

K08598 : plant-pathogen interaction - —

K08598 : nod-like receptor signaling pathway
K04079: signaling pathway

K04079 : progesterone-mediated oocyte maturation
K04079 : plant-pathogen interaction —

K04079 : nod-like receptor signaling pathway
K04079 : estrogen signaling pathway

K04079 : cell differentiation

K04079 : antigen processing and presentation
K00432 : thyroid hormone synthesis 1

Function

Microbiology

T
(=]
o

Ratio organic:conventional

0.2 1

Applied and Environmental
-0.2 1

endocrine system environmental adaptation immune system
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