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Abstract

Continuous monoculture alters rhizosphere soil conditions and microbial community
structure, but the integrated soil biochemical, microbial, and metabolomic responses of
pepper (Capsicum annuum L.) rhizosphere soils remain insufficiently characterized. Here, we
compared uncropped/non-continuously cropped pepper soil (Y0) with soil under 10 years
of pepper monoculture (Y10) using soil physicochemical assays, enzyme measurements, 165
rRNA and ITS amplicon sequencing, untargeted UHPLC-Q Exactive HFX metabolomics,
and predictive functional profiling. Long-term monoculture markedly separated Y10
from YO in multivariate analyses. Y10 soils showed higher organic matter, available
nitrogen, available phosphorus, available potassium, and electrical conductivity in soil-
water extracts, whereas microbial biomass carbon and pH were lower. Soil enzyme profiles
also differed between treatments. Microbial alpha diversity declined under Y10, and
bacterial and fungal community structures were clearly separated between treatments. At
the taxonomic level, Acidobacteriota and several oligotrophic bacterial taxa were relatively
enriched in YO, whereas Proteobacteria, Bacteroidota, Chloroflexi, Bacillota, Pseudomonas,
Bacillus, and several fungal genus-level taxa increased in Y10. Untargeted metabolomics
revealed extensive remodeling of rhizosphere metabolites, with 413 up-regulated and
21 down-regulated differential metabolites in Y10. Differential metabolites were mainly
associated with carboxylic acids and derivatives, benzene and substituted derivatives, fatty
acyls, aromatic-compound transformation, sulfur metabolism, alkaloid biosynthesis, and
microbial metabolism. Correlation analyses further linked key microbial taxa with soil pH,
microbial biomass carbon, available nutrients, electrical conductivity, and enzyme activities.
These results indicate that long-term pepper monoculture is associated with coordinated
shifts in soil chemical status, microbial community composition, and metabolite profiles.
The study provides an integrated basis for understanding rhizosphere changes under
pepper continuous-cropping systems while recognizing that functional predictions and
metabolite annotations require experimental validation.

Keywords: Capsicum annuum L.; continuous-cropping obstacle; soil acidification; electrical
conductivity; extracellular enzymes; 16S rRNA sequencing; ITS sequencing; PICRUSt2;
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1. Introduction

Pepper (Capsicum annuum L.) is a high-value vegetable crop grown extensively in
intensive production systems worldwide. Across major pepper-producing regions, lim-
ited arable land, the expansion of protected cultivation, and sustained market demand
have driven repeated planting of the crop in the same fields. While continuous cropping
streamlines field management in the short term, long-term monoculture frequently leads
to soil degradation, elevated disease pressure, diminished plant vigor, and progressive
yield decline. This phenomenon is widely termed continuous cropping obstacle or soil sick-
ness [1,2]. Comparable issues have been documented across multiple horticultural crops,
where continuous monoculture alters soil physicochemical properties, enzyme activities,
nutrient cycling, and microbial community composition [2,3]. Accordingly, understanding
how long-term pepper monoculture reshapes the rhizosphere environment is critical for
developing sustainable strategies to alleviate cropping obstacles.

Rhizosphere microorganisms play a central role in plant nutrient acquisition, stress
tolerance, and disease suppression [4,5]. Beneficial bacterial and fungal taxa can promote
plant growth and inhibit pathogen proliferation, while pathogenic or opportunistic mi-
crobes tend to accumulate under repeated cultivation of the same host. Soil extracellular
enzymes further mediate the biochemical conversion of organic matter and nutrients in
the rhizosphere and are widely used as sensitive indicators of microbial metabolic activity
and soil functional status [6,7]. Therefore, changes in enzyme activities under continuous
cropping can provide an integrated signal of how repeated cultivation reshapes nutrient cy-
cling processes and microbial functioning in soil. Previous studies on pepper systems have
demonstrated that continuous cropping substantially alters bacterial and fungal community
structure. Long-term chili monoculture has been shown to shift dominant rhizosphere
microbial taxa and modify their associations with soil environmental variables [2]. In
hot pepper soils, extended continuous cropping reduces bacterial diversity and network
complexity, and alters predicted functions related to nitrogen, phosphorus, energy, amino
acid, and carbohydrate metabolism [8]. Fungal communities are also highly responsive to
pepper monoculture: long-term continuous cropping lowers soil pH and organic matter
content, shifts the relative abundances of major fungal phyla including Mortierellomycota,
Ascomycota, and Basidiomycota, increases the relative abundance of the plant-pathogenic
genus Fusarium, and depletes beneficial fungi such as Mortierella and Penicillium [9]. These
observations collectively suggest that shifts in both bacterial and fungal communities may
contribute to the onset and progression of pepper continuous cropping obstacles.

Beyond soil properties and microbial communities, rhizosphere metabolites serve
as a mechanistic link between plant roots and soil microorganisms. Root exudates and
other rhizosphere metabolites can function as nutrient sources, chemical signals, allelo-
chemicals, and antimicrobial compounds, thereby shaping microbial recruitment, pathogen
suppression, and plant-soil feedbacks [10,11]. Experimental evidence has confirmed that
root-exudate metabolites can drive plant-soil feedbacks by restructuring the rhizosphere
microbiota [12]. In pepper, recent work further indicates that specific secondary metabo-
lites such as flavonoids can simultaneously inhibit Phytophthora capsici and modulate
the pepper rhizosphere microbiome [13]. These findings underscore the importance of
examining rhizosphere metabolites in conjunction with microbial communities, rather than
treating soil chemistry and microbiota as independent components.

Although previous studies have reported changes in pepper rhizosphere microbial
communities under continuous cropping, most have focused on either bacterial /fungal
composition or selected soil properties. The distinctive feature of the present study is
the joint evaluation of soil physicochemical traits, extracellular enzyme activities, trace
elements, bacterial and fungal communities, predicted microbial functions, and untar-
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geted metabolite profiles from the same pepper production system. This design allowed
us to evaluate whether long-term monoculture is associated with coordinated changes
across soil chemistry, microbiota, and metabolic signatures rather than isolated shifts in
individual indicators.

2. Materials and Methods
2.1. Experimental Site, Cropping Treatments, and Rhizosphere Soil Sampling

The experiment was conducted at a pepper seed-industry demonstration base in
Shangguancao Village, Shixiang Town, Changge City, Xuchang, Henan Province, China
(113°52'44" E, 34°11'29” N). The pepper cultivar was Qixuan 115. Rhizosphere soils were
collected in June 2025 from two plots located within the same demonstration base. The
YO plot represented a newly established pepper plot without a history of continuous
pepper cropping, whereas the Y10 plot had been continuously cultivated with pepper
for 10 years. The two plots had the same soil type and were managed under comparable
fertilization and irrigation practices; the main treatment difference was the duration of
pepper monoculture. Complete historical records of fertilizer inputs, pesticide applications,
residue management, liming, and baseline soil properties before establishment of the Y10
system were not available, and this limitation is considered when interpreting the results.

Rhizosphere soil was collected from the main-root zone using an S-shaped sampling
strategy. For each biological replicate, rhizosphere soils adhering to roots from five pepper
plants were gently separated and homogenized to form one composite sample. The sampled
plants were distributed along the S-shaped transect to reduce local spatial autocorrelation,
although exact inter-plant distances were not recorded. Three biological replicates per
group were used for soil physicochemical properties, enzyme activities, and mineral-
element analyses, whereas six biological replicates per group were used for 165 rRNA /ITS
amplicon sequencing and untargeted metabolomics. After sampling, rhizosphere soils were
placed into cryotubes, immediately frozen in liquid nitrogen, transported to the laboratory
on dry ice, and stored at —80 °C until molecular and metabolomic analyses. Subsamples
for chemical assays were processed according to the requirements of each assay.

2.2. Soil Physicochemical Properties, Extracellular Enzyme Activities, and Mineral Elements

Soil physicochemical properties were determined using standard soil-analysis pro-
cedures. Soil organic matter (OM) was measured by potassium dichromate oxidation;
microbial biomass carbon (MBC) was determined by the chloroform fumigation-extraction
method [14,15]; available nitrogen (AN) was determined by alkaline hydrolysis diffu-
sion [16]; available phosphorus (AP) was determined by molybdenum-antimony colorime-
try; and available potassium (AK) was determined after ammonium acetate extraction.
Soil pH and electrical conductivity (EC) were measured in soil-water extracts using a cali-
brated pH meter and conductivity meter, respectively [17,18]. Instrument calibration and
quality-control procedures followed the testing laboratory’s standard operating protocols.

Four extracellular enzyme activities were quantified because they represent key micro-
bial and nutrient-cycling processes in soil: dehydrogenase (S-DHA) for microbial oxidative
activity, acid phosphatase (S-ACP) for phosphorus cycling, urease (S-URE) for nitrogen
transformation, and sucrase/invertase (S-SUC) for carbon turnover. S-URE activity was
assayed using urea as the substrate; S-DHA activity was measured using triphenyltetra-
zolium chloride reduction; S-ACP activity was measured using disodium phenyl phosphate
as the substrate; and S-SUC activity was determined using sucrose as the substrate. Enzyme
activities were calculated on a dry-soil-mass basis and expressed as U g-1 soil according to
the assay definitions used by the testing laboratory.
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Soil Ca, Mg, Fe, Zn, and Cu contents were determined after complete digestion of
air-dried soil samples using a mixed-acid digestion procedure suitable for total mineral-
element determination [19-21]. Digested solutions were brought to a fixed volume with
ultrapure water, filtered when necessary, and analyzed using calibrated elemental-analysis
instrumentation. Blank samples and standard solutions were included for quality control.

2.3. DNA Extraction, Amplicon Library Construction, and Sequencing

Total soil DNA was extracted from rhizosphere soil using the TTANamp Soil DNA
Kit (DP336; TTANGEN Biotech (Beijing) Co., Ltd., Beijing, China) according to the man-
ufacturer’s instructions. DNA quality was assessed using agarose gel electrophoresis
and spectrophotometry; DNA samples with an A260/A280 ratio greater than 1.5, as de-
termined by NanoDrop (Thermo Fisher Scientific, Waltham, MA, USA), were used for
library construction. The bacterial 165 rRNA V3-V4 region was amplified using primers
341F (5'-CCTACGGGNGGCWGCAG-3') and 806R (5'-GACTACHVGGGTATCTAATCC-
3’). The fungal ITS2 region was amplified using the ITS3/ITS4 primer pair ITS3 (5'-
GCATCGATGAAGAACGCAGC-3') and ITS4 (5'-TCCTCCGCTTATTGATATGC-3'). Am-
plicon libraries were sequenced on an Illumina platform (Illumina Inc., San Diego, CA,
USA) by the sequencing service provider.

2.4. Amplicon Sequence Processing, Taxonomic Annotation, Diversity Analysis, and
Functional Prediction

Raw paired-end reads were quality-filtered using Trimmomatic v0.36 and PEAR
v0.9.6 [22,23]. Reads were trimmed using a 50 bp sliding window with an average quality
threshold of Q20; reads shorter than 120 bp or containing ambiguous bases were discarded.
Paired-end reads were merged using FLASH v1.20 and PEAR v0.9.6, with a minimum
overlap length of 10 bp and a maximum mismatch rate of 0.1 [23,24]. Barcodes and primer
sequences were trimmed, and chimeric sequences were filtered out using VSEARCH
v2.7.1 [25]. All subsequent bioinformatic processing was performed using the QIIME2
pipeline (version 2019.7), and high-quality sequences were clustered into operational
taxonomic units (OTUs) at 97% sequence similarity using a UPARSE/VSEARCH-based
workflow [25,26]. This OTU-based approach was chosen to maintain consistency with
the service provider’s original analysis workflow and to ensure direct compatibility with
the STAMP differential-abundance tables used in this study; although amplicon sequence
variant (ASV) approaches can provide higher nucleotide-level resolution, the OTU-based
workflow enables direct comparison with the precomputed taxonomic and functional out-
puts provided by the sequencing service. For taxonomic assignment, a uniform confidence
threshold of 0.7 was applied: representative bacterial 16S rRNA gene sequences were anno-
tated against the SILVA SSU rRNA database (Release 138.1) [27], and representative fungal
ITS sequences were annotated against the UNITE database [28]. Taxonomic composition
was summarized at the phylum and genus levels for subsequent analysis.

Alpha diversity was assessed using the observed OTUs and Shannon indices. For beta
diversity, principal coordinate analysis (PCoA) based on the distance matrix generated by
the sequencing analysis pipeline was constructed to visualize the differences in microbial
community structure between the Y0 and Y10 groups. Given that this study involved only
two field conditions from a single demonstration base, the PCoA patterns were interpreted
as descriptive evidence of community separation rather than definitive proof of causal
treatment effects. Differentially abundant taxa between the two cropping regimes were
identified via nonparametric statistical analysis, and the differences in relative abundance
were visualized using STAMP-style comparisons [29]. For functional inference, bacterial
functional profiles were predicted from 16S rRNA gene data using PICRUSt2 with annota-
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tion against KEGG pathways [30,31], while fungal functional guilds were assigned based
on ITS sequence data using FUNGuild [32].

2.5. Untargeted Metabolomic Profiling of Rhizosphere Soil

Untargeted metabolomic profiling was conducted with six biological replicates per
group. For each sample, approximately 50 mg of rhizosphere soil was weighed into
a centrifuge tube, and 400 pL of 70% methanol extraction solution containing internal
standards was added. Samples were vortexed for 3 min, sonicated in an ice-water bath for
10 min, vortexed again for 1 min, and incubated at —20 °C for 30 min. After centrifugation
at 12,000 rpm and 4 °C for 10 min, the supernatant was collected and subjected to a second
centrifugation step at 12,000 rpm and 4 °C for 3 min. The final supernatant was transferred
to sample vials for instrumental analysis.

Quality control samples were prepared by pooling equal aliquots from all samples
and were injected at regular intervals throughout the analytical run to monitor instrument
stability and data reproducibility. Chromatographic separation was performed using
an ultra-high-performance liquid chromatography system coupled to a Q Exactive HFX
mass spectrometer (UHPLC-Q Exactive HFX; Thermo Fisher Scientific, Waltham, MA,
USA). Separation was achieved using a Waters ACQUITY Premier HSS T3 column (Waters
Corp., Milford, MA, USA). The mobile phase consisted of 0.1% formic acid in water
(phase A) and 0.1% formic acid in acetonitrile (phase B). The column temperature was
maintained at 40 °C, the flow rate was set to 0.4 mL min~!, and the injection volume was
4 uL. Mass spectrometric data were acquired in both positive and negative electrospray
ionization modes.

Untargeted metabolomics analysis was performed using a UHPLC-Q Exactive HFX
platform (Thermo Fisher Scientific, Waltham, MA, USA). Raw mass spectrometry data
were converted to mzXML format using ProteoWizard (version 3.0) and processed with
XCMS R package (version 3.8.3, Bioconductor 3.10) for peak extraction, peak alignment,
and retention time correction [33,34]; peak areas were further corrected for signal drift,
subjected to normalization, and features with more than 50% missing values within each
group were excluded from downstream analysis. Quality-control samples were used
throughout the analytical run to monitor instrument stability and analytical reproducibility.
Metabolite annotation was conducted by matching accurate mass, retention time, isotope
patterns, and MS/MS fragmentation information against in-house and public metabolite
databases, with additional support from reaction-network-based annotation strategies
where appropriate [35]; the KEGG and HMDB databases were employed for metabolite
pathway annotation and chemical classification [36], and unless confirmed by authentic
reference standards, all metabolite identifications were considered putative annotations.
Differential metabolites between the Y0 and Y10 groups were screened using combined
thresholds: variable importance in projection (VIP) > 1 derived from the multivariate model,
fold change > 1.5 or <1/1.5, and p < 0.05. Finally, KEGG pathway enrichment analysis was
performed to identify metabolic pathways altered by continuous cropping and to prioritize
pathways that may be closely linked to soil microbial metabolism.

2.6. Statistical Analysis and Visualization

All statistical analyses were performed using R (version 4.4.1) and associated packages
unless otherwise specified. Before two-group comparisons, the normality of residuals
and homogeneity of variance were assessed using Shapiro-Wilk and Levene-type tests
where applicable. Soil physicochemical properties, enzyme activities, and mineral el-
ements were compared between Y10 and Y0 using Student’s ¢-test when assumptions
were met. For amplicon and metabolomic analyses, p-values and corrected values were
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interpreted according to the output of each analysis pipeline. Spearman correlation analy-
sis was used to explore associations among soil variables and key microbial genus-level
taxa. Because soil properties were measured using three biological replicates per group
whereas sequencing used six biological replicates per group, correlation heatmaps should
be interpreted as exploratory associations rather than as confirmatory evidence of direct
microbial-environmental interactions.

Microbial alpha diversity, beta diversity, taxonomic composition, differentially abun-
dant taxa, functional prediction profiles, and metabolomic data were analyzed following
the corresponding bioinformatic and metabolomic workflows described above. Spearman
correlation analysis was performed to assess associations between key bacterial or fungal
genera and soil physicochemical variables, enzyme activities, and mineral elements. Hier-
archical clustering was applied to both microbial taxa and environmental variables for the
correlation heatmaps. Figures were generated using R (version 4.4.1)-based visualization
workflows, including the ggplot2 package where applicable [37,38].

3. Results
3.1. Long-Term Continuous Cropping Altered Soil Nutrient Status, Salinity, pH, and
Biological Activity

Long-term pepper monoculture was associated with broad shifts in soil physico-
chemical properties and enzyme activities (Figure 1 and Supplementary Table S1). PCA
based on soil phenotypic indicators separated Y10 from YO primarily along PC1, which
explained 88.4% of the total variation (Figure 1A). Hierarchical clustering of extracellular
enzyme activities also grouped samples according to cropping history, indicating distinct
enzyme-activity profiles between Y0 and Y10 (Figure 1B).

Compared with Y0, Y10 soils had higher OM, AN, AP, AK, and EC values, whereas
MBC and pH were lower (Figure 1C). The increase in EC refers to electrical conductivity
measured in soil-water extracts and is therefore described as an indicator of higher soluble-
ion concentration rather than direct evidence of salinity stress. Mineral element patterns
showed lower Ca, Mg, Fe, Zn, and Cu contents in Y10 than in YO (Figure 1D).

Together, these results show that the 10-year monoculture system differed from the
non-continuously cropped system in soil acidity, microbial biomass, nutrient availability,
EC, mineral elements, and enzyme profiles.

3.2. The Rhizosphere Metabolome Was Pronouncedly Reprogrammed After 10 Years of
Continuous Cropping

Untargeted metabolomics revealed pronounced differences in rhizosphere metabo-
lite profiles between Y0 and Y10 (Figure 2). Metabolite-class annotation showed that
the detected features were mainly assigned to carboxylic acids and derivatives, benzene
and substituted derivatives, fatty acyls, organooxygen compounds, organo-nitrogen com-
pounds, prenol lipids, indoles and derivatives, pyridines and derivatives, and related
classes (Figure 2A).

Principal component analysis of metabolomic profiles separated most Y10 samples
from YO samples, indicating that long-term monoculture was associated with a distinct
rhizosphere metabolite composition (Figure 2B). Differential-metabolite screening identified
434 differential metabolites, including 413 metabolites with higher abundance in Y10 and
21 metabolites with lower abundance in Y10 relative to YO (Figure 2C).
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Figure 1. Effects of long-term pepper monoculture on rhizosphere soil properties and enzyme activi-
ties. (A) Principal component analysis (PCA) of soil physicochemical, enzyme, and element indicators.
(B) Hierarchical clustering heatmap of extracellular enzyme activities. (C) Boxplots of OM, MBC,
AN, AP, AK, pH, and EC. (D) Radar plot of Ca, Mg, Fe, Zn, and Cu. Soil physicochemical, enzyme,
and element analyses were performed with three biological replicates per group (1 = 3). Asterisks
indicate significant differences between Y0 and Y10 based on t-tests (** p < 0.01, *** p < 0.001).

The heatmap of differential metabolites showed clear treatment-related clustering,
with most differential features showing higher relative abundance in Y10 than in YO
(Figure 2D). Among the metabolites with the largest positive log2 fold changes were
vildagliptin, 3,4,3,4-bis(O,O-methylene)ellagic acid-related features, crambescidin 359, and
several aromatic or heterocyclic compounds. Metabolites with the strongest negative
log2 fold changes included clozapine, quinolinone-related compounds, octyl gallate, hy-
podemapyrazine, and related features (Figure 2E and Supplementary Table S2). These
metabolite names are reported according to database annotations and should be considered
putative unless confirmed by authentic standards.
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Figure 2. Untargeted metabolomic profiling of pepper rhizosphere soils under Y0 and Y10 conditions.
(A) Chemical-class distribution of annotated metabolites. (B) PCA score plot of metabolomic pro-
files. (C) Volcano plot of differential metabolites. (D) Heatmap of differential metabolites. (E) Top
differential metabolites ranked by log2 fold change. Untargeted metabolomics was performed with
six biological replicates per group (1 = 6).

3.3. KEGG Enrichment Linked Continuous-Cropping-Responsive Metabolites to Microbial and
Aromatic Compound Metabolism

To further examine the functional context of altered metabolites, KEGG pathway
analysis was performed for differential metabolites between Y10 and YO (Figure 3). Path-
way ranking highlighted microbial metabolism in diverse environments, degradation of
aromatic compounds, biosynthesis of alkaloids derived from shikimate, indole alkaloid
biosynthesis, sulfur metabolism, caffeine metabolism, oxidative phosphorylation, biosyn-
thesis of terpenoids and steroids, and xenobiotic-related pathways (Figure 3A).

A heatmap of representative metabolites from these candidate pathways showed
treatment-dependent abundance patterns (Figure 3B). Several aromatic compounds and sec-
ondary metabolites, including benzene, ethylbenzene, benzaldehyde, 4-hydroxybenzaldehyde,
4-hydroxyphenyl acetate, allantoin-related compounds, DOPA, dictamnine, and fumaric
acid, contributed to the separation between Y0 and Y10. These results suggest that long-
term pepper monoculture was associated with broad changes in pathways related to
microbial metabolism and secondary-metabolite turnover.
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Figure 3. KEGG pathway analysis and candidate metabolite patterns of differential metabolites.
(A) KEGG pathway scatter plot showing pathway ranking by rich factor, metabolite number, and
p-value. Red labels indicate candidate pathways selected for further visualization. (B) Heatmap of
representative differential metabolites from selected pathways. Six biological replicates per group
were used (1 = 6). Perform a KEGG pathway enrichment analysis, sort the results by p-value, and
select the top 20 pathways with the lowest p-values to create a bubble plot.

Together, the KEGG enrichment and selected-metabolite heatmap showed that the
metabolomic shift induced by long-term continuous cropping was not restricted to a
single compound class. Instead, the response involved multiple pathways associated
with microbial metabolism, aromatic compound transformation, sulfur metabolism, and
secondary metabolite biosynthesis.

3.4. Bacterial and Fungal Diversity Declined Under Continuous Cropping and Was Accompanied
by Distinct Community Separation

Amplicon sequencing showed that long-term pepper monoculture was associated
with reduced microbial richness and diversity and with clear shifts in bacterial and fungal
community structure (Figure 4 and Supplementary Table S3). For bacteria, the Venn
diagram showed 3965 shared OTUs between Y0 and Y10, with 1820 unique to YO and 1026
unique to Y10 (Figure 4A). Observed OTUs and Shannon diversity were both lower in
Y10 than in YO (Figure 4B). The bacterial PCoA showed a clear separation between Y0 and
Y10 along PCoA1, which explained 70.15% of the variation, while PCoA2 explained 8.48%
(Figure 4C and Supplementary Table S3).

For fungi, 346 OTUs were shared between Y0 and Y10, with 423 unique to YO and
153 unique to Y10 (Figure 4D). Fungal observed OTUs and Shannon diversity were also
lower in Y10 than in YO (Figure 4E). The fungal PCoA separated Y10 from YO along
PCoA1, which explained 56.24% of the variation, while PCoA2 explained 11.00% (Figure 4F
and Supplementary Table S3). These patterns indicate that long-term monoculture was
associated with lower within-sample diversity and altered between-sample community
structure in both bacterial and fungal assemblages.
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Figure 4. Alpha and beta diversity of bacterial and fungal communities in pepper rhizosphere soils.
(A) Bacterial Venn diagram. (B) Bacterial observed OTUs and Shannon diversity. (C) Bacterial PCoA.
(D) Fungal Venn diagram. (E) Fungal observed OTUs and Shannon diversity. (F) Fungal PCoA.
Amplicon sequencing was performed with six biological replicates per group (n = 6). Asterisks
indicate significant differences between Y0 and Y10 (** p < 0.01, *** p < 0.001).

3.5. Continuous Cropping Changed the Dominant Bacterial and Fungal Taxa in Pepper
Rhizosphere Soil

The relative-abundance profiles showed distinct changes in bacterial and fungal tax-
onomic composition under long-term monoculture (Figure 5). At the bacterial phylum
level, Proteobacteria, Acidobacteriota, Chloroflexi, Bacteroidota, Actinobacteriota, Gem-
matimonadota, Patescibacteria, Myxococcota, and Bacillota (formerly Firmicutes) were
the dominant groups (Figure 5A). Compared with Y0, Y10 showed a higher relative abun-
dance of Proteobacteria, Bacteroidota, Chloroflexi, Patescibacteria, and Bacillota, whereas
Acidobacteriota and several other groups were relatively lower.

At the bacterial genus or genus-level taxon level, RB41, Pseudomonas, LWQS, Nitrospira,
Steroidobacter, A4b, Bacillus, and other taxa contributed substantially to the community
composition (Figure 5B). RB41, Nitrospira, Bryobacter, and several Acidobacteriota-related
genus-level taxa were more abundant in YO, whereas Pseudomonas, Bacillus, A4b, LWQS,
AKYG1722, and selected other taxa were more abundant in Y10.

At the fungal phylum level, Ascomycota was the dominant phylum in both groups,
followed by uncultured fungi, Mortierellomycota, Chytridiomycota, Basidiomycota, and
other low-abundance phyla (Figure 5C). Y10 showed a higher relative abundance of As-
comycota and Chytridiomycota but a lower relative abundance of Mortierellomycota than
Y0. At the fungal genus or genus-level taxon level, major taxa included Botryotrichum,
Chaetomium, Cephalophora, Ascolobus, Alternaria, Fusarium, Aspergillus, lodophanus, and re-
lated taxa (Figure 5D). Several taxa, including Botryotrichum, Fusarium, Aspergillus, Al-
ternaria, and other genus-level taxa that contain species with saprotrophic, opportunistic, or
plant-associated lifestyles, showed higher relative abundance in Y10, whereas unidentified
Pyronemataceae genera and Mortierella-related taxa were more abundant in YO.
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Figure 5. Relative abundance of bacterial and fungal taxa in pepper rhizosphere soils. (A) Bacterial
phylum-level composition. (B) Bacterial genus or genus-level taxon composition. (C) Fungal phylum-
level composition. (D) Fungal genus or genus-level taxon composition. Values are group mean
relative abundances based on six biological replicates per group (1 = 6). Genus-level labels include
formally named genera and unresolved genus-level taxa.

3.6. Differential Taxa Revealed Continuous-Cropping-Associated Microbial Signatures

Non-parametric differential-abundance analysis further identified taxa that differed
between Y0 and Y10 (Figure 6). At the bacterial phylum level, Acidobacteriota, uncultured
bacteria, Nitrospirota, Myxococcota, and Methylomirabilota were higher in Y0, whereas
Proteobacteria, Bacteroidota, Chloroflexi, Patescibacteria, and Bacillota were higher in Y10
(Figure 6A).

At the bacterial genus or genus-level taxon level, RB41, bacteria25, Nitrospira, Bryobacter,
Subgroup 25, Subgroup 7, SWB02, and AKAU4049 were higher in YO, whereas Pseudomonas,
LWQS8, A4b, AKYG1722, Chryseolinea, Bacillus, Subgroup 10, S0134 terrestrial group, and
Algoriphagus were higher in Y10 (Figure 6B).
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Figure 6. Differential-abundance analysis of bacterial and fungal taxa between YO0 and Y10. (A) Bacte-
rial phyla. (B) Bacterial genus or genus-level taxa. (C) Fungal phyla. (D) Fungal genus or genus-level
taxa. Bars indicate the difference between group proportions; blue bars indicate higher relative
abundance in Y0, and red bars indicate higher relative abundance in Y10. p-values are shown next to
each taxon according to the STAMP output. Six biological replicates per group were used (1 = 6).

For fungi, Mortierellomycota, Ascomycota, Basidiomycota, Aphelidiomycota, and
Zoopagomycota were higher in Y0, whereas Chytridiomycota was higher in Y10
(Figure 6C). At the fungal genus or genus-level taxon level, Chaetomium, Mortierella, Entero-
carpus, Leucothecium, Cheilymenia, Ascolobus, and Solicoccozyma were higher in YO, whereas
Botryotrichum, Cephalophora, lodophanus, Aspergillus, Fusarium, Schizothecium, Acremonium,
Microascus, Neocosmospora, Alternaria, Stachybotrys, and Mycothermus were higher in Y10
(Figure 6D). These results identify the taxa most strongly associated with long-term mono-
culture, but they do not establish pathogenicity or functional roles.

At the fungal genus level, unidentified Pyronemataceae genera showed the largest
Y0-associated difference, with a difference between proportions of 32.63% (p = 0.002;
Figure 6D). Chaetomium, Enterocarpus, Leucothecium, Cheilymenia, and Solicoccozyma were
also significantly more abundant in Y0. Mortierella and Ascobolus showed higher mean
proportions in YO0, but their differences were not significant. In contrast, Botryotrichum was
the most strongly enriched fungal genus in Y10, with a difference of 14.13% (p = 0.002).
Cephaliophora, lodophanus, Aspergillus, Fusarium, Schizothecium, Acremonium, Microascus, Neo-
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cosmospora, Alternaria, and Mycothermus were also significantly enriched in Y10. Together,
these differential taxa indicate that long-term continuous cropping selected for distinct
bacterial and fungal assemblages, with Y10 characterized by enrichment of several bacte-
rial genera such as Pseudomonas and Bacillus and fungal genera including Botryotrichum,
Fusarium, Aspergillus, Neocosmospora, and Cephaliophora.

3.7. Predicted Microbial Functions Shifted Toward Transport, Degradation, and
Pathogen-Associated Fungal Guilds Under Continuous Cropping

Predictive functional profiling was used to explore potential functional differences
associated with the bacterial and fungal communities (Figure 7). PICRUSt2-based
KEGG pathway prediction indicated that pathways including lipopolysaccharide biosyn-
thesis, biosynthesis of vancomycin-group antibiotics, betalain biosynthesis, thiamine
metabolism, branched-chain amino-acid biosynthesis, selenocompound metabolism, lipoic-
acid metabolism, and aminoacyl-tRNA biosynthesis were predicted to be higher in Y0
(Figure 7A). In contrast, bacterial chemotaxis, synthesis and degradation of ketone bodies,
geraniol degradation, caprolactam degradation, ABC transporters, limonene and pinene
degradation, and flagellar assembly were predicted to be higher in Y10.

PICRUSt2 KEGG Pathway Abundance (Top 15) FUNGuild Functional Guild Abundance (Top 15)

‘0 ) Y10 Yo ® Yo
b B Diff.  P-value

15 2 25 3 0 10 20 30 40

Mean relative abundance (%) Mean relative abundance (%)

Figure 7. Predicted bacterial and fungal functional profiles. (A) PICRUSt2-predicted KEGG pathway
abundance. (B) FUNGuild-predicted fungal functional guild abundance. Points indicate group mean
relative abundance; lines connect Y0 and Y10 values for the same pathway or guild. Six biological
replicates per group were used for amplicon sequencing (n = 6). Feature predictions represent
potential features only.

FUNGuild-based prediction indicated that several saprotrophic or mixed trophic
guilds differed between groups (Figure 7B). Guilds with higher predicted abundance in Y0
included dung saprotroph-ectomycorrhizal-soil saprotroph-wood saprotroph, undefined
saprotroph, and endophyte-litter saprotroph-soil saprotroph-undefined saprotroph. Sev-
eral plant-pathogen- or animal-pathogen-associated mixed guilds, dung saprotroph-soil
saprotroph, unassigned guilds, and complex mixed guilds were higher in Y10. Because
FUNGuild predictions are based on taxonomic assignment and guild databases, these
results should be regarded as functional potential, and mixed or unassigned guilds should
be interpreted cautiously.

Fungal functional guild prediction using FUNGuild also revealed clear differences
between Y0 and Y10 (Figure 7B). Several saprotrophic or mixed trophic guilds were more
abundant in YO. The largest Y0-associated difference was observed for the dung saprotroph-
ectomycorrhizal-soil saprotroph-wood saprotroph guild, which was 32.63% higher in
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YO0 than in Y10 (p = 0.002). The endophyte-litter saprotroph-soil saprotroph-undefined
saprotroph guild was also significantly higher in YO0 (difference = 8.71%, p = 0.004), while
undefined saprotroph and other saprotrophic guilds showed higher mean abundance in YO
but were not all statistically significant.

3.8. Soil Environmental Gradients Were Closely Associated with Key Bacterial and Fungal Genera

Spearman correlation analysis was used to explore associations between key genus-
level taxa and soil variables (Figure 8). For bacteria, taxa that were higher in Y10, including
Pseudomonas, Bacillus, A4b, Chryseolinea, AKYG1722, LWQS8, and the 50134 terrestrial group,
tended to correlate positively with AP, AK, EC, OM, and AN and negatively with MBC,
pH, Ca, Mg, and several enzyme activities (Figure 8A). In contrast, taxa higher in Y0,
including RB41, Bryobacter, bacteria25, SWB02, Subgroup 25, AKAU4049, Nitrospira, and
related genus-level taxa, showed the opposite pattern.
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Figure 8. Spearman correlation heatmaps linking key microbial genus-level taxa with soil physic-

Chaetomium

Enterocarpus

ochemical properties and enzyme activities. (A) Bacterial genus-level taxa. (B) Fungal genus-level
taxa. Red indicates positive correlations and blue indicates negative correlations. Asterisks indicate
nominal significance levels from Spearman correlation analysis. Because soil variables were measured
with three biological replicates per group and sequencing was performed with six biological replicates
per group, these correlations should be interpreted as exploratory associations. Asterisks indicate
significant correlations: * p < 0.05, ** p < 0.01.

For fungi, several Y10-associated genus-level taxa, including Botryotrichum, Fusar-
ium, Aspergillus, Acremonium, Schizothecium, Microascus, Neocosmospora, Alternaria, and
Cephalophora, tended to correlate positively with AP, AK, EC, OM, and AN but nega-
tively with S-URE, S-ACP, S-DHA, S-SUC, MBC, pH, Ca, and Mg (Figure 8B). In contrast,
Y0-associated taxa, including Leucothecium, Cheilymenia, Solicoccozyma, Chaetomium, and
Enterocarpus, showed positive correlations with MBC, pH, Ca, Mg, and enzyme activities
and negative correlations with AP, AK, EC, OM, and AN. These correlation patterns are
exploratory and should not be interpreted as evidence of direct causation.

Fungal genera showed a similarly structured correlation pattern (Figure 8B). Several
Y10-associated fungal genera, including Schizothecium, Acremonium, Aspergillus, Botry-
otrichum, Mycothermus, Fusarium, lodophanus, Neocosmospora, Alternaria, Microascus, and
Cephaliophora, were positively correlated with AP, AK, EC, OM, and AN. These genera
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were negatively correlated with soil enzyme activities, MBC, pH, Ca, and Mg. Fusarium,
Aspergillus, Neocosmospora, Cephaliophora, and Botryotrichum showed particularly consistent
positive associations with the nutrient- and salinity-enriched conditions observed in Y10.

4. Discussion

Long-term pepper monoculture was associated with a distinctive soil chemical profile
characterized by lower pH and MBC but higher OM, available nutrients, and EC in soil-
water extracts. These patterns are consistent with the accumulation of fertilizer-derived
nutrients and soluble ions under intensive cultivation, but the present field comparison
cannot separate monoculture duration from the cumulative effects of fertilization history
and other long-term management inputs.

One noteworthy feature of our results was the increase in OM in Y10 soils. This
pattern differs from some long-term pepper continuous-cropping studies in which soil OM
declined with increasing cropping years [9]. However, OM accumulation under continuous
cropping can occur when fertilization, crop residue input, or root-derived carbon deposition
exceeds microbial decomposition. In our study, higher OM in Y10 occurred together with
lower MBC and reduced enzyme activities, implying that the accumulated organic matter
may have been less efficiently transformed into microbial biomass. Therefore, the increase
in OM should not be interpreted as an improvement in soil health. Rather, it may reflect
an imbalance between carbon input and microbial turnover under acidified and high-EC
conditions. This interpretation is supported by studies in garlic and other continuous-
cropping systems, where acidification and altered enzyme activities were closely linked to
microbial community deterioration and cropping obstacles [3].

The untargeted metabolomics results further indicate that long-term pepper contin-
uous cropping strongly altered the rhizosphere chemical environment. PCA separated
Y10 from YO samples, and the volcano plot showed that most differential metabolites
accumulated in Y10. The dominant metabolite classes included carboxylic acids and deriva-
tives, benzenoids, fatty acyls, organooxygen compounds, organonitrogen compounds,
and prenol lipids, while KEGG enrichment highlighted pathways related to microbial
metabolism in diverse environments, aromatic compound degradation, alkaloid biosynthe-
sis, sulfur metabolism, and indole alkaloid biosynthesis. Root exudates and rhizosphere
metabolites can function as microbial substrates, signals, allelochemicals, or antimicrobial
compounds, thereby shaping plant—soil feedbacks [10-12]. The enrichment of aromatic
compound degradation pathways and secondary metabolite-related pathways in our study
is consistent with the idea that continuous cropping changes both metabolite input and
microbial metabolic demand in the rhizosphere.

Several key metabolites identified in enriched pathways, including DOPA, dictamnine,
phenylacetaldehyde, benzaldehyde, 4-hydroxyphenyl acetate, allantoinic acid, and fumaric
acid, may be relevant to the altered rhizosphere state. Phenolic and aromatic compounds
are often involved in plant-microbe interactions and can influence microbial recruitment or
inhibition [10,12]. In pepper, recent work has shown that the flavonoid apigenin can simul-
taneously suppress Phytophthora capsici and reshape the pepper microbiome, illustrating
how specific metabolites may connect pathogen pressure and microbiome assembly [13].
Although our metabolomics data do not prove that the detected metabolites directly caused
microbial shifts, the coordinated changes in metabolite profiles, KEGG pathways, and
microbial communities suggest that metabolite-mediated selection may be an important
component of pepper continuous cropping obstacles.

The microbial diversity results support this interpretation. Both bacterial and fungal
richness and Shannon diversity were significantly reduced in Y10 soils, and PCoA revealed
strong separation between Y0 and Y10 communities. Declines in microbial alpha diver-
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sity and changes in beta diversity have been reported in hot pepper continuous-cropping
soils [8], and reduced microbial diversity is often associated with lower functional redun-
dancy and weaker resistance to soil-borne pathogens [4,5]. In our study, the reduction in
fungal diversity was particularly pronounced, suggesting that fungal communities may
be highly sensitive to the altered soil and metabolite environment caused by long-term
pepper monoculture. This agrees with previous work showing that long-term continuous
pepper cropping simplified fungal interaction networks and shifted fungal community
composition [9].

At the taxonomic level, continuous cropping reorganized both bacterial and fungal
communities. In bacteria, Y10 soils were enriched in Proteobacteria, Bacteroidota, Chlo-
roflexi, Patescibacteria, and Firmicutes, whereas YO soils had higher relative abundances
of Acidobacteriota, Nitrospirota, Myxococcota, and Methylomirabilota. The enrichment
of Proteobacteria and Bacteroidota in Y10 may reflect a shift toward more copiotrophic or
stress-responsive taxa under nutrient-rich and metabolite-rich rhizosphere conditions. In
contrast, the reduction in Nitrospirota and several Y0-enriched genera such as Nitrospira,
RB41, and Bryobacter may indicate weakened nitrification potential and loss of taxa asso-
ciated with more stable soil environments. Previous studies on hot pepper also reported
that continuous cropping changed bacterial diversity, community composition, and pre-
dicted functions related to nitrogen, phosphorus, energy, amino acid, and carbohydrate
metabolism [8]. Thus, the bacterial community shift observed here is consistent with a
transition from a diverse and functionally balanced rhizosphere toward a more disturbed
and selectively filtered community.

The observed taxonomic shifts should be interpreted in the context of genus-level
ecological potential rather than direct evidence of disease causation. For example, Pseu-
domonas and Bacillus include both beneficial and opportunistic members, whereas Fusar-
ium, Alternaria, Aspergillus, Neocosmospora, and related fungal genera include species
with diverse saprotrophic, endophytic, opportunistic, or pathogenic lifestyles. Because
no pathogenicity assay, disease index, or yield assessment was included, the present data
indicate community redistribution rather than confirmed pathogen accumulation.

Similarly, PICRUSt2 and FUNGuild results should be considered predictions of func-
tional potential. These tools are useful for generating hypotheses about nutrient cycling,
chemotaxis, transport, degradation pathways, and fungal trophic guilds, but the predicted
functions require validation by metagenomics, metatranscriptomics, enzyme assays, isola-
tion experiments, or targeted functional-gene quantification.

The metabolomic results further suggest that long-term monoculture was associated
with broad changes in rhizosphere chemical composition, especially aromatic compounds,
alkaloid-related metabolites, sulfur-related metabolites, and microbial-metabolism-related
pathways. Because metabolite annotations in untargeted LC-MS are putative unless con-
firmed with authentic standards, the listed compounds should be treated as candidate
markers for future targeted validation rather than definitive chemical diagnoses.

Taken together, our results support a conceptual model in which long-term pepper con-
tinuous cropping first alters the soil biochemical environment, particularly by decreasing
pH and MBC while increasing EC and available nutrients. These changes are accompa-
nied by the accumulation of differential rhizosphere metabolites, including aromatic and
secondary-metabolism-related compounds, which may further impose selective pressure
on microbial communities. Under this combined environmental and metabolic filtering,
bacterial and fungal diversity decline, beneficial or functionally stable taxa are reduced,
and potential pathogenic or opportunistic taxa become enriched. The resulting microbial
community may have lower functional redundancy, altered nutrient-cycling capacity, and
greater disease risk, thereby reinforcing continuous cropping obstacles.
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Several limitations should be considered. First, the comparison involved two field
conditions within a single demonstration base rather than independently replicated fields,
so the results are best interpreted as an observational comparison of two cropping histories.
Second, baseline soil conditions and complete historical records of fertilizer, pesticide,
residue, liming, and tillage inputs were not available. Third, soil variables were measured
with three biological replicates per group, whereas sequencing and metabolomics used
six biological replicates per group; therefore, cross-omics correlations are exploratory.
Fourth, yield, disease severity, root symptoms, pathogen isolation, and pathogenicity tests
were not performed. Finally, functional predictions and metabolite annotations require
experimental validation.

5. Conclusions

In conclusion, 10 years of pepper monoculture was associated with coordinated shifts
in rhizosphere soil chemistry, enzyme activity, microbial diversity, microbial taxonomic
composition, predicted functional potential, and metabolite profiles. Y10 soils showed
lower pH, MBC, microbial diversity, and several mineral elements but higher OM, avail-
able nutrients, and EC in soil-water extracts. Bacterial and fungal communities shifted
toward distinct genus-level taxa, and metabolomic profiles indicated extensive remod-
eling of aromatic, alkaloid-related, sulfur-related, and microbial-metabolism-associated
compounds. These findings provide an integrated view of soil biochemical and micro-
bial changes associated with long-term pepper monoculture and support future work on
crop rotation, balanced fertilization, organic amendments, microbiome management, and
targeted validation of microbial and metabolite indicators.

Supplementary Materials: The following supporting information can be downloaded at: https:
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