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Background: Alkaline stress severely restricts rice growth and yield by disrupting ion balance, nutrient
uptake, and oxidative metabolism. Clarifying the molecular mechanisms of tolerance is vital for breeding
resilient varieties. This study explores transcriptional and metabolic adaptations in an alkali-tolerant
(Qijing 10, LD) and sensitive (Tengxi 138, WL) rice variety under alkaline stress.

Results: Transcriptomic analysis revealed 1297 differentially expressed genes (DEGs) in the sensitive
variety under alkaline stress (TWL), primarily enriched in pathways related to antioxidant enzyme syn-
thesis (e.g., peroxidase genes), transmembrane ion transport, and membrane lipid stabilization pathways.
In contrast, the tolerant variety (TLD) exhibited only 38 DEGs, suggesting transcriptional homeostasis
achieved via suppression of stress-related gene overactivation. Metabolomic profiling demonstrated
stable levels of key lipids (phosphatidic acid, galactolipids) and osmolytes (proline, betaine) in the toler-
ant variety under stress, whereas the sensitive variety accumulated lipid peroxidation products
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(malondialdehyde, MDA) and displayed dysregulated carbohydrate metabolic dysregulation. Integrated
multi-omics analysis indicated that the tolerant variety coordinated lipid metabolism gene modulation
with antioxidant metabolite accumulation, establishing dual barriers for ROS scavenging and membrane
protection. Conversely, transcriptional dysregulation in the sensitive variety led to metabolic collapse.
Conclusions: Alkaline tolerance in rice hinges on the synergistic modulation of stress-responsive genes
and metabolic networks to preserve redox equilibrium and membrane function. The tolerant variety’s
capacity to stabilize transcriptional activity and metabolic flux underlies its resilience. These results elu-
cidate key molecular and metabolic determinants of alkaline tolerance, offering strategic targets for
breeding rice cultivars adapted to alkaline environments.
How to cite: Wang ], Lang C, Ren Y, et al. Transcriptomic and metabolomic profiling reveals key mecha-
nisms of alkaline stress tolerance in rice. Electron ] Biotechnol 2025;78. https://doi.org/10.1016/j.ejbt.
2025.07.002.

© 2025 The Author(s). Published by Elsevier Inc. on behalf of Pontificia Universidad Catélica de Valpa-
raiso. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/

by-nc-nd/4.0/).

1. Introduction

Soil alkalinity is a major environmental challenge affecting glo-
bal crop production, particularly for rice (Oryza sativa), a staple
food source for nearly half of the world’s population [1,2]. While
rice is well adapted to slightly acidic paddy soils, exposure to alka-
line conditions can severely hinder its growth and productivity [3].
Alkaline stress disrupts ion homeostasis, reduces nutrient avail-
ability, and induces oxidative stress, collectively impairing key
physiological processes such as root development, photosynthesis,
and cellular metabolism [4,5]. Given the increasing prevalence of
soil alkalinization due to unsustainable agricultural practices, cli-
mate change, and anthropogenic activities, developing rice vari-
eties with enhanced tolerance to alkaline stress has become an
urgent priority for global food security and sustainable crop man-
agement [6,7].

Over the past decade, advances in high-throughput omics tech-
nologies, particularly transcriptomics and metabolomics, have rev-
olutionized our understanding of plant stress responses [7,8,9].
Transcriptomic analysis provides valuable insights into gene regu-
latory networks and stress-induced molecular pathways, including
those related to ion transport, antioxidant defense, and hormonal
signaling [10,11]. Meanwhile, metabolomics complements this by
mapping the biochemical landscape of stress adaptation, identify-
ing key metabolites involved in osmotic balance, reactive oxygen
species (ROS) scavenging, and energy homeostasis [12,13]. By inte-
grating these two approaches, researchers can construct a compre-
hensive framework linking transcriptional regulation to metabolic
reprogramming, uncovering the intricate molecular mechanisms
that underlie stress tolerance [14].

The ability to identify stress-responsive genes, metabolic path-
ways, and potential biomarkers is crucial for improving stress resi-
lience in rice [15]. Recent studies have highlighted the role of lipid
remodeling, amino acid metabolism, and secondary metabolite
biosynthesis in conferring tolerance to abiotic stressors, including
alkaline conditions [16,17,18]. However, the complex interplay
between transcriptional and metabolic responses under alkaline
stress remains insufficiently understood. A more in-depth explo-
ration of these adaptive mechanisms will provide critical insights
into how rice mitigates alkaline stress damage and maintains
physiological stability.

In this study, we employ an integrative transcriptomic and
metabolomic approach to systematically investigate the molecular
basis of alkaline stress tolerance in rice. By analyzing gene expres-
sion patterns and metabolite fluctuations in a tolerant and a sensi-
tive rice variety under alkaline conditions, we aim to elucidate key
regulatory networks and metabolic pathways that contribute to
stress adaptation. These findings will not only advance our funda-
mental understanding of plant-environment interactions but also
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provide a foundation for the development of genetically improved
rice cultivars with enhanced resilience to alkaline soils. In the face
of escalating climate change and soil degradation, leveraging
omics-driven strategies to engineer stress-tolerant crops repre-
sents a vital step toward sustainable agriculture and global food
security.

2. Materials and methods
2.1. Experimental materials

The experimental materials used in this study included the
alkali-tolerant rice variety Qijing 10 (denoted as LD) and the
alkali-sensitive rice variety Tengxi 138 (denoted as WL), alkali-
treated group of Qijing 10 (TLD) and alkali-treated group of Tengxi
138 (TWL). These varieties were used as the parental lines to con-
struct an F2:3 population, consisting of 482 individuals.

All plant materials were obtained from the Heilongjiang Acad-
emy of Agricultural Sciences. The parental lines and F2:3 popula-
tion were cultivated at the experimental base of the academy
during the 2022-2023 growing seasons. Seeds were pre-soaked
and germinated in early April each year. Germinated seeds were
sown in nursery beds between April 22 and April 24, followed by
dry seedling raising, and subsequently transplanted into the field
from May 20 to May 24. The experiment utilized a randomized
block design with single-row plots, a row length of 2 m, row spac-
ing of 30 cm, and hill spacing of 10 cm, with three replicates per
treatment. To examine the response of different genotypes to alka-
line stress, an alkaline treatment pool and a control pool were
established, where all experimental materials were evenly divided
and planted under the respective conditions.

2.2. Alkaline stress treatment

To simulate alkaline stress conditions, a NaHCOs3 solution with
an electrical conductivity (EC) of 6 ds/m (~66 mM NaHCOs) was
used for irrigation, which corresponds to moderate-to-high alka-
line conditions commonly observed in saline-alkali paddy soils of
northeastern China. This concentration was selected based on pre-
vious studies that demonstrated its effectiveness in inducing alkali
stress responses in rice. The pH of the treatment solution was
maintained between 9.5 and 9.7 throughout the experimental per-
iod [19,20,21]. The control group received normal water irrigation.
Alkaline stress treatment commenced at the tillering stage and
continued until full maturity. To maintain a stable alkaline envi-
ronment, the salt concentration in the treatment pool was moni-
tored at 6:00, 12:00, and 20:00 daily. If fluctuations occurred due
to rainfall or drought, appropriate adjustments were made through
drainage or re-irrigation to restore the target concentration. Agro-
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nomic management, including fertilization, pest control, and weed
management, was performed in accordance with standard field
cultivation practices to minimize external interference and ensure
experimental accuracy [20,22].

2.3. Transcriptomic analysis

2.3.1. RNA isolation and qualification

The TRIzol extraction method (Invitrogen, CA, USA) was
employed to isolate RNA, followed by treatment with RNase-free
DNase I (Takara, Kusatsu, Japan) to ensure removal of DNA contam-
inants. RNA quality was confirmed through several steps: 1% agar-
ose gels were used to assess degradation and contamination, a
NanoDrop spectrophotometer (Thermo Scientific, DE, USA) mea-
sured RNA concentration and purity, and the Agilent 2100 Bioana-
lyzer (Agilent Technologies, CA, USA) evaluated RNA integrity [23].

2.3.2. Library preparation for transcriptome sequencing

Each sample was prepared using 1.5 pg of RNA and the NEB-
Next® Ultra™ RNA Library Prep Kit for llumina® (NEB, USA). mRNA
was purified, fragmented, and converted to ¢cDNA, which was
blunt-ended, adenylated, and ligated with NEBNext Adapters.
cDNA fragments of 200-250 bp were selected and subjected to
USER Enzyme treatment, followed by PCR amplification. The
libraries were purified, quality-checked on the Agilent Bioanalyzer
2100, and sequenced on an Illumina Novaseq 6000 platform (Bei-
jing Allwegene Technology Co., Beijing, China) to generate
paired-end 150 bp reads [24,25].

2.3.3. Data analysis

We processed raw fastq reads through Perl scripts to obtain
clean data by removing adapters, poly-N sequences, and low-
quality reads, and calculated metrics like Q20, Q30, GC-content,
and duplication level. Differential expression analysis used the
DESeq package with a negative binomial model and adjusted
p-values (Benjamini-Hochberg, p < 0.05). GO enrichment of differ-
entially expressed genes (DEGs) was analyzed with GOseq to cor-
rect for gene length bias, and KEGG pathway enrichment was
performed using KOBAS, identifying significant pathways in the
DEGs [26,27,28].

2.4. Metabolomic analysis

2.4.1. Metabolites extraction

After removing the sample from the -80°C freezer, it was
slowly thawed at 4°C. A specified volume of sample was combined
with a chilled MeOH:CAN mixture (2:2:1, v/v/v) containing an
internal standard and two steel beads. This mixture was ground
at 60 Hz for 120 s and then sonicated for 10 min. Following incu-
bation at -20°C for 1 h, the mixture was centrifuged at
13,000 rpm and 4°C for 15 min, and the supernatant was freeze-
dried. For LC-MS/MS analysis, the dried sample was reconstituted
in a CAN solution (1:1, v/v), vortexed for 30 s, sonicated for
10 min, and centrifuged again. The final supernatant was trans-
ferred to vials for injection. A pooled QC sample was prepared by
mixing 10 pl from each sample.

2.4.2. UHPLC-MS-MS analysis

UHPLC analyses were performed using a Shimadzu LC-30 sys-
tem paired with a TripleTOF 5600 + QTOF mass spectrometer
(SCIEX) by Beijing Allwegene Technology Co., Ltd. Separation
was conducted on an Acquity UHPLC system (SCIEX) using a
Waters ACQUITY UPLC T3 column (100 mm x 2.1 mm, 1.7 pm,
Waters), with the column oven set to 50°C. The flow rate was
maintained at 0.3 ml/min. Solvent A (0.1% formic acid in water)
and solvent B (0.1% formic acid in ACN) comprised the mobile
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phases. Gradient conditions were as follows: 0-0.5 min, 5% B;
0.5-2.5 min, ramped from 5% to 70% B; 2.5-7.5 min, 70-100%
B; 7.5-9.0 min, 100% B; 9.0-9.5 min, 100-5% B; 9.5-12 min, 5%
B. The high-resolution Triple TOF 5600 + mass spectrometer col-
lected metabolic analytes in both positive and negative ionization
modes. The instrument settings were as follows: Ion Source Gas1
and Gas2 at 50 psi, Curtain Gas at 35 psi, Source Temperature at
500°C, and an IonSpray Voltage Floating of 5500 V (positive) and
—4500 V (negative). Declustering Potential (DP) was + 80 V, with
TOF MS scans covering an m/z range of 60-1200 Da and product
ion scans spanning 25-1200 Da. Accumulation times were set to
0.25 s for TOF MS scans and 0.03 s for product ion scans. Second-
ary spectra were obtained using Information Dependent Acquisi-
tion (IDA) in High Sensitivity mode, with a Collision Energy (CE)
of 30 V + 15 [29,30]. Metabolite identification was conducted
using ultra-high-performance liquid chromatography coupled
with tandem mass spectrometry (UHPLC-MS/MS) in data-
dependent acquisition (DDA) mode. Both primary MS and sec-
ondary MS/MS spectra were acquired for each sample. Accurate
mass matching (mass error <10 ppm) and fragmentation pattern
matching were performed against a comprehensive in-house
spectral database established by the service provider, as well as
publicly available metabolite databases including the Human
Metabolome Database (HMDB), METLIN, and KEGG. According to
the guidelines of the Metabolomics Standards Initiative (MSI),
the confidence level of metabolite identification in this study cor-
responds primarily to Level 2, indicating putatively annotated
compounds based on MS/MS spectral similarity to reference spec-
tra in databases. For a subset of key metabolites, where both
retention time and fragmentation ion patterns matched those of
reference standards, the confidence level can be considered Level
1, representing confirmed identification. Metabolites lacking MS/
MS spectral data or those with ambiguous matches were excluded
from downstream biological interpretation.

2.4.3. Data analysis

After detecting X peaks, X metabolites were retained for analy-
sis. Features detected in less than 50% of samples were removed,
missing values were imputed with half the minimum, and internal
standard normalization was applied. Features with RSD > 30% were
excluded. The data were processed in MetaboAnalyst for PCA and
OPLS-DA, with PCA showing data distribution and OPLS-DA
enhancing group separation, calculating R? (variance explained)
and Q? (predictive power). Model validation was conducted with
a 200-time permutation test, and VIP scores identified significant
variables. Metabolites with VIP > 1, p < 0.05, and Fold Change
>1.5 or <0.67 were deemed significant, with pathway analysis per-
formed via KEGG and MetaboAnalyst [31,32,33]. Metabolite Anno-
tation Validation: Putative metabolites were filtered using the
following criteria: (1) MS/MS spectral match score > 80% against
authentic standards; (2) Presence in plant metabolite databases
(PlantCyc, RiceCyc); (3) Biological relevance to abiotic stress. Com-
pounds lacking plant endogenous evidence (e.g., triclosan) were
excluded from functional analysis.

3. Results

3.1. Transcriptome analysis of differential gene expression under alkali
stress

To investigate the transcriptional response to alkali stress, we
performed RNA-seq analysis of an alkali-tolerant rice variety (Qij-
ing 10) and an alkali-sensitive variety (Tengxi 138) under control
and alkali stress conditions. Differential gene expression analysis
revealed distinct transcriptional patterns between these groups,
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with notable differences observed in the TLD vs. TWL and LD vs.
TLD comparisons.

Volcano plot analysis (Fig. 1A) showed that in the TLD vs. TWL
comparison, 1297 differentially expressed genes (DEGs) were iden-
tified, with 654 upregulated and 643 downregulated. This suggests
substantial transcriptional divergence between the tolerant and
sensitive varieties in response to alkali stress. In contrast, in the
LD vs. TLD comparison, only 38 DEGs were detected (32 upregu-
lated, 6 downregulated), indicating that Qijing 10 maintains a rel-
atively stable transcriptional state under alkali stress. The
hierarchical clustering heatmap (Fig. 1B) further supported this
observation, showing clear separation between TWL and TLD,

TLDvs LD TLD vs TWL
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while LD and TLD exhibited greater transcriptomic similarity. Venn
diagram analysis (Fig. 1C) identified 829 core DEGs shared across
comparisons, which likely play key roles in the response to alkali
stress. Notably, 68% of Qijing 10-specific DEGs exhibited consis-
tently high expression under both control and stress conditions,
suggesting a pre-adaptive transcriptional mechanism that con-
tributes to its alkali tolerance.

3.2. GO and KEGG enrichment analysis of differentially expressed genes

To gain insights into the functional significance of the DEGs,
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Gen-
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Fig. 1. Transcriptome profiling and clustering analysis of differentially expressed genes (DEGs) under alkaline stress. (A) Volcano plots illustrating the distribution of
DEGs in the comparisons of TLD vs. LD (left) and TLD vs. TWL (right). Each dot represents a gene, with red and green dots indicating significantly upregulated and
downregulated genes, respectively, based on thresholds of |log,FoldChange| > 1 and adjusted p-value < 0.05. These results highlight distinct transcriptional responses
between control and stress conditions (TLD vs. LD), and between tolerant and sensitive genotypes under stress (TLD vs. TWL). (B) Hierarchical clustering heatmaps of DEGs
across different conditions, indicating transcriptomic variation among the LD, TLD, WL, and TWL groups. (C) Venn diagram illustrating the overlap of DEGs across different
comparisons (TLD vs. LD, TWL vs. WL, LD vs. WL, and TLD vs. TWL). A total of 829 genes were commonly differentially expressed across multiple comparisons. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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omes (KEGG) enrichment analyses were performed. GO enrich-
ment analysis (Fig. 2A) revealed significant enrichment of genes
related to oxidative stress response, hydrogen peroxide metabo-
lism, and salt stress regulation, consistent with known stress adap-
tation mechanisms.

The GO term enrichment bar plots (Fig. 2B, Fig. S1A) illustrate
distinct differences between the tolerant and sensitive varieties.
In the TLD vs. TWL comparison, genes associated with antioxidant
defense, ion transport, and membrane stability were significantly
enriched, suggesting that Qijing 10 employs an active transcrip-
tional strategy to mitigate alkali-induced stress. In contrast, genes
involved in stress response signaling and secondary metabolite
biosynthesis showed greater enrichment in TWL, potentially
reflecting a compensatory response to alkali-induced damage.
KEGG enrichment analysis (Fig. 2C, Fig. S1B) further highlighted
key metabolic and signaling pathways involved in alkali stress
adaptation. The fatty acid metabolism, plant hormone signal trans-
duction, and flavonoid biosynthesis pathways were prominently
enriched in the TLD vs. TWL group, consistent with the metabolo-
mic findings that suggested lipid metabolism and antioxidant
defense play crucial roles in alkali tolerance. The pathway enrich-
ment scatter plots reveal that amino acid metabolism pathways,
particularly those related to proline and glutamate metabolism,
were more active in the tolerant variety, likely contributing to
osmotic balance and redox homeostasis.

3.3. Transcription factor family distribution analysis of differentially
expressed genes

Transcription factors (TFs) play a crucial role in modulating
stress responses by regulating downstream gene expression
[34,35]. To explore transcriptional regulatory mechanisms under
alkali stress, we analyzed the distribution of differentially
expressed TF families and their associated metabolic pathways.
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KEGG classification analysis (Fig. 3A) showed that DEGs were
predominantly enriched in pathways related to amino acid meta-
bolism, carbohydrate metabolism, and plant hormone signal trans-
duction. These pathways are central to stress adaptation,
influencing osmotic regulation, energy metabolism, and signaling
cascades. The involvement of butanoate metabolism and biosyn-
thesis of secondary metabolites suggests that metabolic adjust-
ments in response to alkali stress are at least partially
transcriptionally regulated.

The pathway enrichment bubble plots (Fig. 3B, Fig. S1C) further
highlight significant transcriptional regulation in key stress-related
metabolic pathways. Notably, in the TLD vs. TWL comparison,
genes involved in proline and glutamate metabolism, flavonoid
biosynthesis, and fatty acid metabolism were significantly
enriched, suggesting that alkali-tolerant varieties utilize a more
refined transcriptional response to maintain cellular homeostasis.

Transcription factor family distribution analysis (Fig. 3C)
revealed that WRKY, MYB, NAC, and bHLH families were among
the most enriched TF groups. The WRKY family, known for its role
in stress-responsive transcriptional regulation, was predominantly
upregulated in the tolerant variety, suggesting its involvement in
antioxidant defense and ion transport regulation. Similarly, the
MYB and NAC families, which regulate flavonoid biosynthesis
and secondary metabolite production, exhibited distinct expres-
sion patterns between TLD and TWL, reflecting divergent transcrip-
tional responses to alkali stress.

Overall, these findings indicate that transcriptional regulation
under alkali stress involves both metabolic reprogramming and
stress signal transduction, with specific TF families coordinating
adaptive responses in the tolerant variety. The observed transcrip-
tional stability in Qijing 10 may be attributed to pre-existing regu-
latory mechanisms that facilitate a more controlled response to
alkali-induced stress, in contrast to the extensive reprogramming
observed in Tengxi 138.
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showing significantly enriched KEGG pathways in the TLD vs. TWL comparison, with color indicating the adjusted p-value and bubble size representing the number of
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DEGs annotated to that family.

3.4. Metabolomic profiling reveals differential metabolic responses to
alkali stress in rice

In this study, untargeted metabolomics analysis based on
UHPLC-MS/MS was performed to investigate metabolic changes
in the alkali-tolerant rice variety Qijing 10 (LD) and the alkali-
sensitive variety Tengxi 138 (WL) before and after alkali stress
treatment (TLD and TWL, respectively). A total of 1093 metabolites
were detected. Principal component analysis (PCA), orthogonal
partial least squares discriminant analysis (OPLS-DA), and hierar-
chical clustering heatmap analyses were applied to systematically
evaluate metabolic variations across different samples, aiming to
elucidate the metabolic basis of alkali tolerance in rice [36].

PCA revealed distinct metabolic profiles among the treatment
groups. Along PC1 (28.4% variance explained) and PC2 (23.4% vari-
ance explained), the alkali-treated groups (TLD and TWL) exhibited
clear separation from their respective controls (LD and WL), sug-
gesting significant metabolic alterations induced by alkali stress.
Additionally, QC samples clustered tightly, confirming the reliabil-
ity and stability of the dataset. Notably, the metabolic profile of
TLD was more similar to LD, whereas TWL exhibited a greater
degree of metabolic perturbation compared to WL, indicating a
stronger metabolic homeostasis regulation in the alkali-tolerant
genotype (Fig. 4A). The hierarchical clustering heatmap further
corroborated the PCA results, revealing distinct metabolic cluster-
ing patterns among samples. Biological replicates within the same
treatment group exhibited high similarity, whereas significant dif-
ferences were observed between alkali-treated and control groups.
In particular, the metabolic profiles of TWL and WL differed mark-
edly, suggesting that alkali stress induced more extensive meta-
bolic reprogramming in the sensitive variety. Conversely, Qijing
10 retained metabolic characteristics similar to its control condi-
tion, indicating potential adaptive metabolic mechanisms that mit-
igate the impact of alkali stress (Fig. 4B). To further explore
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metabolic variations, pairwise OPLS-DA analyses were performed.
The OPLS-DA model comparing LD and TLD demonstrated signifi-
cant separation along the T-score (24.5%) and orthogonal T-score
(32.5%) axes, indicating that alkali stress induced extensive meta-
bolic remodeling in Qijing 10, possibly involving osmotic regula-
tion, antioxidant metabolism, and energy metabolism. Similarly,
the WL vs. TWL comparison exhibited pronounced separation
along the T-score (24.7%) and orthogonal T-score (27.0%) axes, sug-
gesting that the alkali-sensitive variety (Tengxi 138) experienced
more severe metabolic perturbations under alkali stress. Further-
more, direct comparison between TLD and TWL revealed signifi-
cant metabolic differences along the T-score (29.0%) and
orthogonal T-score (31.3%) axes, highlighting distinct metabolic
adaptation strategies between the tolerant and sensitive genotypes
(Fig. 4C, Fig. S2A).

3.5. Identification and characterization of differential metabolites in
alkali-tolerant and sensitive rice varieties

In this study, UHPLC-MS/MS-based untargeted metabolomics
analysis was performed in combination with OPLS-DA and univari-
ate statistical analysis to systematically investigate the metabolic
adaptations of salt-alkali-tolerant and salt-alkali-sensitive rice
varieties under alkaline stress. Key differential metabolites associ-
ated with alkaline stress response were identified based on the
OPLS-DA model, with selection criteria including a variable impor-
tance in projection (VIP) score > 1, p-value < 0.05, and fold change
>1.5 or <0.67. To ensure biological relevance, the analysis focused
on two key comparisons: LD vs. TLD (metabolic changes in the
salt-alkali-tolerant variety Qijing 10 before and after alkaline
stress) and TLD vs. TWL (differences in metabolic adaptation
between salt-alkali-tolerant and salt-alkali-sensitive varieties
under alkaline stress), aiming to elucidate the core metabolic char-
acteristics underlying salt-alkali tolerance. VIP score ranking
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revealed key metabolites in LD vs. TLD, including maltotriose, 2,2-
dichloro-1,1-ethanediol, and momordicoside I, which are primarily
involved in carbohydrate metabolism, antioxidant defense, and
osmotic regulation (Fig. S2B). The significant changes in these
metabolites suggest that the salt-alkali-tolerant variety may
enhance its ability to regulate osmotic balance and mitigate reac-
tive oxygen species (ROS) accumulation under alkaline stress. In
TLD vs. TWL, the most highly ranked VIP metabolites included
alangicine, folinic acid, diosmin, and phloroglucinol carboxylic
acid, indicating distinct metabolic differences in alkaline stress
adaptation between the tolerant and sensitive varieties (Fig. 5A).
Volcano plot analysis further highlighted the overall impact of
alkaline stress on metabolite profiles. In LD vs. TLD, a total of 65
significantly differentially expressed metabolites were identified,
with 27 upregulated and 38 downregulated (Fig. S2C). These find-
ings suggest that the salt-alkali-tolerant variety undergoes exten-
sive metabolic remodeling to maintain homeostasis and enhance
adaptation to stress. In contrast, TLD vs. TWL revealed 102 differ-
entially expressed metabolites, with 28 upregulated and 74 down-
regulated (Fig. 5B), indicating that the salt-alkali-sensitive variety
exhibits a greater degree of metabolic imbalance under alkaline
conditions. Fold change bar plots further illustrated the specific
trends in metabolite changes. In LD vs. TLD, metabolites such as
D-erythro-MAPP, O-desmethylquinidine glucuronide, and 2,2-
dichloro-1,1-ethanediol were significantly upregulated (Fig. S2D).
In TLD vs. TWL, metabolites including penicillin G, catalposide,
and alangicine were upregulated in the salt-alkali-tolerant variety,
while diosmin, neocustoside C, and fumonisin FP1 were signifi-
cantly downregulated in the salt-alkali-sensitive variety (Fig. 5C).
These metabolic alterations may be closely associated with the
physiological mechanisms underlying salt-alkali tolerance. To fur-
ther investigate the dynamic patterns of metabolite changes across
different experimental groups, K-means clustering analysis was
performed, classifying differential metabolites into four major
clusters (Fig. 5D). One cluster (Cluster 2) exhibited significant
upregulation following alkaline stress, suggesting its potential role
in stress adaptation, whereas another cluster (Cluster 1) showed a
decline after alkaline stress, which was partially recovered in the
salt-alkali-sensitive variety, possibly reflecting a compensatory
metabolic response. Additionally, hierarchical clustering analysis
revealed distinct metabolic patterns among the experimental
groups. The metabolic differences between LD and TLD suggest
that the salt-alkali-tolerant variety undergoes substantial meta-
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bolic remodeling in response to alkaline stress, while the pro-
nounced differences between TLD and TWL further emphasize
the critical influence of genetic background on metabolic
adaptation.

Overall, our findings suggest that the salt-alkali-tolerant variety
enhances its alkaline stress tolerance through regulation of carbo-
hydrate metabolism, strengthening of antioxidant defenses, and
modulation of osmoprotectant accumulation, whereas the salt-
alkali-sensitive variety exhibits greater metabolic fluctuations
under similar stress conditions.

3.6. Metabolic pathway enrichment analysis of differential metabolites
under alkali stress

To further investigate the metabolic changes and potential bio-
logical significance of different alkali-tolerant rice varieties under
alkaline stress conditions, we performed metabolic pathway
enrichment analysis on the identified differential metabolites and
visualized key metabolic pathways. Metabolite clustering analysis
(Fig. 6A) revealed distinct overall distribution patterns of metabo-
lites among different treatment groups, with significant metabolic
profile changes observed particularly in the alkali-tolerant variety
(TLD) and the sensitive variety (TWL) after alkali treatment. This
suggests that alkaline stress induces varying degrees of metabolic
reprogramming, necessitating further pathway enrichment analy-
sis to elucidate the functional implications of these changes.

KEGG pathway enrichment analysis indicated significant alter-
ations in multiple metabolic pathways under alkaline stress condi-
tions. In the LD vs. TLD comparison (Fig. S3A), the most enriched
pathways were primarily associated with fatty acid degradation,
glutathione metabolism, and fatty acid elongation, which may con-
tribute to the alkali-tolerant variety’s adaptation through
enhanced lipid metabolism and antioxidant defense mechanisms.
In contrast, the TLD vs. TWL comparison (Fig. 6B) revealed signifi-
cant enrichment of metabolic pathways related to membrane sta-
bility and stress responses, such as alpha-linolenic acid
metabolism, anthocyanin biosynthesis, and carotenoid biosynthe-
sis, suggesting that alkali-tolerant varieties may improve tolerance
by modulating membrane lipid composition and antioxidant meta-
bolism. Further pathway classification analysis demonstrated that
most differential metabolites were enriched in metabolism-related
pathways, particularly lipid metabolism, amino acid metabolism,
and secondary metabolic pathways. In the LD vs. TLD group
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(Fig. S3B), metabolites were primarily concentrated in fatty acid
degradation, flavonoid biosynthesis, and terpenoid backbone
biosynthesis, whereas the TLD vs. TWL group (Fig. 6C) exhibited
greater involvement in fatty acid biosynthesis and arginine and
proline metabolism. These pathway alterations likely play crucial
roles in determining alkali stress tolerance among different rice
varieties. Moreover, KEGG classification analysis further elucidated
the distribution of differentially expressed metabolites across
metabolic pathways. The classification results showed that the
majority of significantly altered metabolites were involved in pri-
mary metabolism, particularly fatty acid metabolism, secondary
metabolite biosynthesis, and cellular environmental responses.
Notably, the LD vs. TLD group (Fig. S3C) exhibited enrichment in
lipid and flavonoid metabolism, whereas the TLD vs. TWL group
(Fig. 6D) displayed distinct metabolic pathway involvement,
including responses to oxidative stress and membrane structural
modifications. These findings suggest that the alkali-tolerant vari-
ety may possess enhanced metabolic plasticity to mitigate the
detrimental effects of alkaline stress.

42

In all, this study utilized KEGG pathway enrichment and classi-
fication analyses to reveal the key metabolic adaptation mecha-
nisms of alkali-tolerant rice varieties under alkaline stress. The
significant changes observed in major metabolic pathways, such
as fatty acid metabolism, glutathione metabolism, and flavonoid
biosynthesis, provide critical insights for further elucidating the
physiological regulatory mechanisms underlying alkali tolerance
in rice.

4. Discussion

Alkaline stress is a major abiotic factor that affects crop growth
and productivity by disrupting cellular homeostasis, nutrient
uptake, and metabolic stability. Understanding how different rice
varieties respond to such stress at both the transcriptomic and
metabolomic levels is crucial for identifying adaptive mechanisms
and potential targets for breeding stress-tolerant cultivars
[37,38,39]. In this study, we performed a comprehensive transcrip-
tomic and metabolomic analysis to compare the responses of an



J. Wang, C. Lang, Y. Ren et al.

A

[

Ennched KEGG Pathways(Top 20)

Cutin, suberine and wax biosynthesis
One carbon pool by folate

Linoleic acid metabolism
alpha-Linolenic acid metabolism
Efferocytosis

Biotin metabolism

C5-Branched dibsic acid metabolism
Tropane, piperidine and pyridine alkaloid biosynthesis
Steroid biosynthesis

Fatty acid biosynthesis

Anthocyanin biosynthesis

Arginine and proline metabolism
D-Amino acid metabolism
Biosynthesis of unsaturated fatty acids
Arachidonic acid metabolism

Purine metabolism

Metabolic pathways

Biosyntnesis of secondary metabolites

Electronic Journal of Biotechnology 78 (2025) 35-45

KEGG Pathway Barplot (TLDvsTWL)

g

Raw_p
120

0
050

025

w03

ZIvN0
£IMN0

Statistics of

Pathway Enrichment (TLDvsTWL)
One carbon pool by folate .
Cutin, suberine and wax biosynthesis .
Linoleic acid metabolism .
alpha-Linclenic acid metabolism .
Efferocytosis . Hits_number
® 25
® 50
® 75
® 100
® 25

Biotin metabolism .
C5-Branched dibasic acid metabolism .
Tropane. piperidine and pyridine alkaloid biosynthesis .
Steroid biosynthesis. .
Fatty acid biosynthesis .
Anthacyanin biosynthesis .
D-Amino acid metabolism .
Arginine and proline metabolism .
Biosynthesis of unsaturated faity acids .
Arachidonic acid metabolism .
Purine metabolism .

Metabolic pathways |

Biosynthesis of secondary metabolites

Impact

5 0
Compound Number

KEGG classification (TLDvsTWL)

Effeocytoss

Metabolic pethways 1

Biosynthesis of seconcary metabolites

Purine metabolem{ | 1

Arachidonic acid metabolsm

I

Biosynthesis of unsaturated fatty acas{ | 1
D-Aming ackd metabolsm { | 1

Arginine and proine metaboliem{ | |
Anthocysnin biosyntresis { | 1

Fatty acid biosynthess | | 1 Metabalsm

Steroid bicaynthesis {

C5-Branched dibasc ackd metabolsm

Biotin metabolsm

Tropane, piperidine ard pyridine alkzloid bicsynthesis
One carbon pool by folate

Linolec acid metabolem

alpha-Linolen acid metabolism

Cutin, suberine and wax bicsyntesis

Annotated Metabolites

Fig. 6. Metabolomic analysis of differentially accumulated metabolites (DAMs) and pathway enrichment in TLD vs. TWL. (A) Heatmap of differentially accumulated
metabolites across all sample groups (CKLD, CKWL, TLD, TWL), showing hierarchical clustering based on abundance patterns. (B) KEGG pathway bar plot presenting the
number of annotated DAMs involved in each significantly enriched pathway. Pathways are arranged by enrichment significance, with color scale indicating the corresponding
—log1o(p-value). (C) Bubble plot showing KEGG pathway enrichment analysis, with impact scores and statistical significance (p-value). (D) KEGG classification of annotated

metabolites, categorizing them into primary metabolic and cellular processes.

alkali-tolerant rice variety (Qijing 10) and an alkali-sensitive vari-
ety (Tengxi 138) under control and alkali-stressed conditions,
revealing fundamentally distinct adaptation strategies. While Qij-
ing 10 maintains metabolic homeostasis through coordinated reg-
ulation, Tengxi 138 exhibits fragmented responses characterized
by transcriptional hyperactivity and metabolic instability. This
dichotomy mirrors observations in salt-sensitive versus salt-
tolerant crops, suggesting conserved principles of stress resilience
across abiotic challenges.

One of the most significant findings of this study is that the
alkali-tolerant variety employs well-regulated metabolic strategies
to cope with stress. Metabolomic analysis showed that lipid meta-
bolism, oxidative stress defense, and osmotic regulation play key
roles in alkali tolerance. Specifically, the KEGG enrichment analysis
revealed that fatty acid degradation and biosynthesis pathways
were more active in the tolerant variety under stress. Fatty acid
metabolism is essential for maintaining membrane integrity and
fluidity under abiotic stress [40]. Recent studies further demon-
strate that polyamine-modified lipids (e.g., phenolamides) can sta-
bilize membranes under salinity by interacting with phospholipids,
as shown in tomato [41]. This aligns with our finding that lipid
remodeling in Qijing 10 enhances cellular protection, possibly
through similar mechanisms. Supporting this, transcriptomic anal-
ysis identified upregulation of genes involved in lipid metabolism,
including ACX and KCS family genes, which contribute to fatty acid
B-oxidation and elongation [42]. These findings suggest that lipid
metabolism is a critical factor in alkali stress adaptation. Another

key adaptive mechanism observed in the tolerant variety was
enhanced antioxidant defense. The GO and KEGG analyses revealed
significant enrichment in glutathione metabolism, flavonoid
biosynthesis, and hydrogen peroxide decomposition pathways.
Increased expression of genes encoding antioxidant enzymes, such
as glutathione peroxidase and ascorbate peroxidase, suggests that
Qijing 10 can efficiently neutralize ROS generated under alkali
stress. This aligns with previous studies showing that antioxidant
systems play a crucial role in stress tolerance by mitigating oxida-
tive damage. Additionally, flavonoid biosynthesis, regulated by
MYB transcription factors, was more active in the tolerant variety,
suggesting a role in ROS scavenging and secondary metabolite-
mediated defense [43,44,45,46]. Osmotic regulation through
amino acid metabolism was another prominent feature of alkali
tolerance in Qijing 10. The transcriptomic and metabolomic results
showed significant enrichment in proline, glutamate, and arginine
metabolism under alkali stress. Proline accumulation has been
widely reported as a protective strategy against osmotic stress,
serving as an osmoprotectant and stabilizing cellular structures
[47,48]. The upregulation of P5CS and OAT genes, which regulate
proline biosynthesis, further supports the role of osmotic regula-
tion in stress adaptation.

In contrast to the well-coordinated metabolic adjustments
observed in Qijing 10, the alkali-sensitive variety (Tengxi 138)
exhibited signs of metabolic-transcriptional decoupling under
stress. The KEGG enrichment analysis indicated that sugar metabo-
lism, amino acid metabolism, and secondary metabolite biosynthe-
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sis pathways were highly affected. However, metabolite accumula-
tion patterns were inconsistent, suggesting that the sensitive vari-
ety undergoes a more disruptive metabolic response rather than a
regulated adaptation. Transcriptomic analysis of TWL vs. WL
revealed the upregulation of several stress-responsive transcrip-
tion factors, including NAC and bZIP, which are known to be
involved in abiotic stress responses [49,50]. However, unlike in Qij-
ing 10, these transcriptional changes did not correlate with a stable
metabolic adjustment, implying that Tengxi 138 relies on rapid
gene expression shifts rather than sustained metabolic regulation.
This aligns with studies suggesting that stress-sensitive plants
often activate a broad, but less efficient, transcriptional response
to environmental challenges [51].

A key advantage of this study is the integration of transcrip-
tomic and metabolomic data. This approach mirrors advances in
stress metabolomics, where gene clusters (e.g., polyamine trans-
porters and modifying enzymes) are increasingly linked to
metabolite-mediated tolerance [41]. Our identification of co-
regulated lipid/antioxidant pathways in Qijing 10 extends this
framework to alkali stress, highlighting conserved metabolic mod-
ules across stress types, which allows us to establish direct links
between gene expression changes and metabolic adaptations
[52,53,54]. Pathway enrichment analysis demonstrated that tran-
scriptional regulation directly influenced metabolic stability in
the tolerant variety. For example, in the fatty acid metabolism
pathway, transcriptomic data showed upregulation of ACX and
KCS genes, which corresponded to an increased abundance of
lipid-related metabolites in the metabolomic data. Similarly, glu-
tathione metabolism and flavonoid biosynthesis were upregulated
at both the transcriptional and metabolic levels, reinforcing the
role of antioxidant defense in alkali tolerance. In contrast, while
the sensitive variety displayed increased expression of stress-
responsive genes, these transcriptional changes did not lead to a
stable metabolic adaptation. For instance, secondary metabolite
biosynthesis genes were upregulated, but the metabolomic data
indicated fluctuations in metabolite accumulation, suggesting inef-
ficient metabolic control. This highlights a fundamental difference
between tolerant and sensitive varieties: the tolerant variety exhi-
bits a more synchronized transcriptomic and metabolomic
response, while the sensitive variety relies on transcriptional acti-
vation without sustained metabolic reinforcement [55,56].

This study provides valuable insights into the molecular basis of
alkali tolerance in rice and offers potential targets for breeding
stress-resilient cultivars. The identification of key metabolic path-
ways, such as lipid metabolism, antioxidant defense, and osmotic
regulation, provides a foundation for future functional studies
aimed at improving stress tolerance. Additionally, the discovery
that WRKY, MYB, and NAC transcription factors regulate stress-
related metabolic pathways highlights the potential for targeted
genetic modifications to enhance alkali tolerance.

While our untargeted metabolomics approach provides broad
coverage of metabolic changes, it carries inherent limitations in
distinguishing endogenous metabolites from environmental con-
taminants. Compounds such as triclosan and digitoxin, though
detected, were excluded from biological interpretation after con-
sulting rice-specific metabolite databases (e.g., RiceCyc) and con-
firming their absence in prior literature. Future targeted
metabolomics focusing on stress-related metabolite classes (e.g.,
polyamines, phenolic compounds) could provide more definitive
quantification of these functional components.
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