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Abstract:

Trehalose metabolism is a key component of insect physiological homeostasis, yet its
regulation by long non-coding RNAs (IncRNAs) remains poorly understood. To
characterize the IncRNAs associated with trehalose metabolism, we analysed
Spodoptera frugiperda transcriptomes in trehalose-6-phosphate synthase (SfTPS)
and trehalase (SfTreh) silenced, together with glucose- and trehalose-feeding
treatments. Sequence-structure analysis, along with co-expression network analysis
identified hub IncRNAs associated with protein coding transcripts. Functional
annotations of co-expressed mRNAs highlighted SFTRET as one of the key regulatory
targets. Co-expression, genomic localization, expression correlation and RNA-RNA
interaction prediction integration prioritized key candidates of IncCRNA-SfTRET
association. Silencing of selected IncRNAs deregulates SFTRET1 expression and
larval growth. Altered accumulation of trehalose metabolism related metabolites was
observed following candidate IncRNA silencing. Collectively, these findings identify
candidate IncRNAs associated with SFTRET1 expression, trehalose homeostasis, and
larval growth in S. frugiperda, providing an integrative framework for understanding

IncRNA-associated regulation of insect carbohydrate metabolism.
Keywords:

Long non-coding RNA, Trehalose, Transporter, Spodoptera frugiperda
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Introduction

Trehalose is the major circulating sugar in insect haemolymph and functions as both
an immediately mobilizable energy reserve and stress protectant (Tang et al. 2018;
Huang et al. 2021; Tellis et al. 2023). Trehalose can constitute approximately 90% of
the circulating haemolymph sugar, underscoring its central role in systemic energy
allocation during growth, molting, flight, diapause, and stress adaptation (Tang et al.
2018; Wang et al. 2021; Huang et al. 2021; Yang et al. 2024). Trehalose is synthesised
primarily via the trehalose-6-phosphate synthase/trehalose-6-phosphate phosphatase
(TPS/TPP) pathway and is subsequently hydrolysed by trehalase (TREH), releasing
glucose for cellular energy production. Trehalose is transported from its site of
biosynthesis, the fat body, to energy-demanding tissues like muscle, reproductive
organ and brain through trehalose transporters (TRETs). Across insect species,
functional perturbation studies consistently show that TPS and TREH genes form a
metabolic-developmental axis linking carbohydrate balance to chitin homeostasis,
molting success, and fitness. TPS or TREH silencing leads to abnormal phenotypes,
lethality or delayed development, altered trehalose and glucose content, reduced
chitin synthesis, and dysregulation of chitin-pathway genes in Leptinotarsa
decemlineata, Acyrthosiphon pisum, Nilaparvata Ilugens, Mythimna separata,
Frankliniella occidentalis, and Hyphantria cunea (Shi et al. 2016; Wang et al. 2021;
Zhou et al. 2022; Yang et al. 2023; Zheng et al. 2024; Wu et al. 2025).

In Spodoptera frugiperda (S. frugiperda), one of the most destructive
agricultural pests worldwide, trehalose metabolism is increasingly recognized as an
important determinant of carbohydrate homeostasis, development, reproduction, and
adaptation to environmental stress. RNAi-mediated suppression of trehalose
biosynthesis and degradation disrupts the trehalose-glucose balance and adversely
affects larval survival and development, demonstrating the physiological importance
of maintaining trehalose homeostasis (Yang et al. 2024). Pharmacological inhibition
or RNAi-mediated suppression of trehalase disrupts trehalose utilization and
carbohydrate homeostasis, resulting in developmental abnormalities, altered
physiological performance, and reduced survival under environmental stress,
highlighting the importance of regulated trehalose metabolism in S. frugiperda (Zhong
et al. 2023; Barbole et al. 2024; Gokulanathan et al. 2024).

Broader regulatory analyses further indicate that trehalose metabolism is

governed by tissue-specific gene expression, substrate availability, feedback
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regulation by pathway intermediates and products, and neuroendocrine control
coordinating trehalose production, uptake, and degradation according to nutritional
and developmental state (Tellis et al. 2023). Although the protein-coding enzymes of
this pathway have been increasingly characterized, the upstream regulatory logic that
coordinates trehalose synthesis, hydrolysis, transport, and developmental deployment
remains incompletely resolved (Tang et al. 2018; Tellis et al. 2023). Current models
indicate that transcription factors, endocrine signals, pathway feedback, and tissue-
specific dynamics shape trehalose metabolism (Tellis et al. 2023; Mohite et al. 2026).
This makes it plausible that non-coding regulators fine-tune the pathway, particularly
under developmental or nutritional perturbation.

Long non-coding RNAs (IncRNAs) are a strong candidate regulatory layer in
this context because insect ncRNA research increasingly shows that non-coding
transcripts participate in post-transcriptional and network-level control of complex
phenotypes (Muthu Lakshmi Bavithra et al. 2023; Xiao et al. 2024). LncRNAs are
generally defined as transcripts longer than 200 nucleotides with no protein-coding
potential and can regulate gene expression through diverse mechanisms, including
chromatin remodelling, transcriptional regulation, RNA processing, transcript stability,
and interactions with proteins. In insects, IncRNAs have been implicated in
detoxification, cuticle-associated responses, and insecticide resistance, and can act
through broader ceRNA-like regulatory networks involving miRNAs and metabolic
effector genes (Rahman et al. 2024; Xiao et al. 2024; Meng et al. 2025). Genome-
wide analyses have revealed large and functionally diverse INncCRNA repertoires in
insects, including 8,394 IncRNAs in Helicoverpa armigera, with hundreds associated
with detoxification-related functions, and thousands of IncRNAs in Tribolium
castaneum associated with metabolic processes such as glycolysis, the tricarboxylic
acid cycle, and amino-acid metabolism, suggesting broader roles for insect IncRNAs
in detoxification and cellular energy homeostasis (Yang et al. 2021; Rahman et al.
2024). Furthermore, accumulating evidence has implicated IncRNAs in development,
immunity, environmental adaptation, and insecticide resistance (Satyavathi et al.
2017; Xiao et al. 2024). Taken together, these findings support the broader hypothesis
that IncRNAs can integrate physiological state with gene expression programs
relevant to metabolism, development, and adaptation, even though their role in
trehalose homeostasis, and especially in the regulation of trehalose transport, remains

largely unexplored in S. frugiperda.
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In the present study, we performed an integrative transcriptomic analysis to
investigate INncRNAs associated with trehalose metabolism in S. frugiperda under
RNAi-mediated silencing of trehalose pathway genes and glucose- and trehalose-
feeding conditions. By combining high-throughput RNA sequencing, differential
expression analysis, secondary structure stability prediction, genomic
characterization, and coexpression network analysis, we identified high-confidence
IncRNAs potentially involved in carbohydrate metabolism, especially the TRET.
Candidate IncRNAs showing co-expression with TRET were further functionally
evaluated by RNAi-mediated silencing to examine their effects on TRET expression
and insect development. This study provides new insights into IncRNA-mediated
regulation of trehalose metabolism and establishes a foundation for future
investigations into RNA-based strategies for sustainable management of S.

frugiperda.

Materials and Methods
RNA-Seq datasets

The RNA-seq datasets analyzed in this study were generated as part of independent
experiments conducted in our laboratory and are publicly available in the NCBI
Sequence Read Archive (SRA). Two transcriptome datasets were analyzed: (i) an
RNA interference (RNAI) dataset comprising Spodoptera frugiperda larvae subjected
to dsRNA-mediated silencing of SfTPS and SfTreh, together with their respective
L4440 control groups, and (ii) a sugar-feeding dataset comprising larvae fed glucose,
trehalose, or an artificial diet as the control. Total RNA was isolated from each
treatment group, and paired-end RNA sequencing libraries were prepared and
sequenced on the lllumina platform. The resulting raw sequencing reads were used

as the input for all downstream bioinformatic analyses performed in the present study.

RNA-seq data processing and transcriptome reconstruction

Raw paired-end RNA-seq reads of dsSfTPS-dsSfTreh and sugar-fed (glucose and
trehalose) transcriptome were first subjected to quality assessment using FastQC
(Andrews et al. 2010) to evaluate per-base sequence quality, GC content, adapter
contamination, and duplication levels. Adapter sequences and low-quality bases were
removed using Trim Galore (v0.6.10) (Krueger et al. 2023), generating high-quality

trimmed reads for downstream analysis.
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Clean reads were aligned to the Spodoptera frugiperda reference genome
(GCF_023101765.2) using the splice-aware aligner HISAT2 (v2.2.1) (Kim et al. 2019).
Genome indices were constructed using exon and splice-site information extracted
from the corresponding genome annotation to facilitate accurate alignment across
exon-exon junctions. The resulting alignments were sorted and converted into BAM

format for each sample for downstream transcript assembly.

Reference-guided transcript assembly and expression quantification were performed
using StringTie v2.1.4 (Pertea et al. 2015) following the HISAT-StringTie transcriptome
reconstruction framework (Pertea et al. 2016). Sample-specific assemblies were
merged to generate a unified transcript annotation set, which was subsequently used
for re-quantification across all samples. Gene- and transcript-level expression
matrices were generated using the prepDE.py script from the StringTie package,
producing count tables suitable for downstream statistical and differential expression

analyses in R.

Identification of IncRNAs from Spodoptera frugiperda dsSfTPS—dsSfTreh and

sugar-fed transcriptome

Long noncoding RNAs (IncRNAs) were identified from the Spodoptera frugiperda
dsSfTPS—dsSfTreh and sugar fed (glucose and trehalose) transcriptomes using a
stringent multi-step computational pipeline. Transcript sequences were extracted from
the assembled GTF file using gffread with the corresponding S. frugiperda reference
genome (Pertea and Pertea 2020). To obtain high-confidence candidates, transcripts
were filtered to retain only those with 22 exons and a minimum length of 2200 bp using
SeqgKit (Shen et al. 2016). Coding potential of the filtered transcripts was evaluated
using three independent tools: the deep learning-based IncRNA_Mdeep (Fan et al.
2020), the support vector machine-based CPC2 (Kang et al. 2017), and the intrinsic
sequence composition-based CNCI (Sun et al. 2013). Only transcripts consistently

classified as noncoding by all three approaches were retained as candidate IncRNAs.

Potential protein-coding contamination were further excluded by searching
candidate sequences against the curated UniProt Swiss-Prot database using
DIAMOND (Buchfink et al. 2015) with an E-value cutoff of <1 x 10-°. Known structural
and housekeeping RNA contaminants such as rRNA and tRNA were removed by

performing covariance model searches using Infernal cmscan against the Rfam
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database (Nawrocki and Eddy 2013; Kalvari et al. 2021) with an E-value threshold of
<1 x 10°°. To identify and remove potential protein-coding transcripts from the high-
confidence IncCRNA dataset, predicted open reading frames (ORFs) were generated
from the IncRNA sequences using TransDecoder (Haas et al. 2013), producing
putative protein sequences. These proteins were then scanned against the Pfam-A
database (Mistry et al. 2021) using hmmscan (Eddy 2011) to detect conserved protein
domains. Transcripts with significant Pfam domain hits (independent E-value <1 x 10
3) were considered likely protein-coding and were extracted from the Pfam output.
These putative coding transcripts were subsequently removed from the original
IncRNA set using SeqKit. The resulting transcripts were retained as high-confidence
IncRNAs for downstream analyses. Expression profiles of the identified IncRNAs were
obtained by matching their transcript IDs to the corresponding transcript-level count

matrices.
Differential expression analysis of IncRNAs and protein-coding genes

Differential expression analyses were performed independently for high-confidence
IncRNAs and protein-coding genes within the dsSfTPS/dsSfTreh RNAI and sugar-fed
(glucose and trehalose) transcriptomes. Raw transcript- and gene-level count
matrices, respectively, were analysed using DESeq2 (version 1.42.0) in R (Love et al.
2014). Low-abundance features were removed by retaining IncRNAs or genes with a
total raw count >10 across all samples within the corresponding dataset. DESeq2
normalization, dispersion estimation, and differential expression testing were

performed using DESeq() with a design formula of ~ condition.

Pairwise comparisons comprised dsSfTPS vs control, dsSfTreh vs control, and
dsSfTPS vs dsSfTreh for the RNAI transcriptome, and glucose vs control, trehalose
vs control, and glucose vs trehalose for the sugar-fed transcriptome. Log2 fold-change
estimates for both IncRNAs and protein-coding genes were stabilized using
the apegim method implemented through IfcShrink() (Zhu et al. 2019), P values were
adjusted for multiple testing using the Benjamini—Hochberg false discovery rate
procedure (Benjamini and Hochberg 1995). IncRNAs and protein-coding genes with
an adjusted P< 0.05 and |[log2 fold change| >1 were considered differentially

expressed.
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Expression patterns of differentially expressed IncRNAs and protein-coding
genes were visualized using variance-stabilizing transformation (VST)-normalized
expression values, followed by row-wise Z-score scaling and hierarchical clustering
using Euclidean distance and complete linkage in ComplexHeatmap (Gu et al. 2016).
Volcano plots were generated using ggplot2 (Wickham 2016). Shared and
comparison-specific differentially expressed features within each transcriptome were
visualized using VennDiagram (Chen and Boutros 2011), whereas intersections
across multiple comparisons were examined using UpSet plots generated
with ComplexUpset (Gu et al. 2016).

Exon-number distributions of high-confidence IncRNAs were determined
independently for the dsSfTPS—dsSfTreh RNAI and sugar-fed transcriptomes using
their corresponding StringTie-assembled GTF annotations. Exon features associated
with each IncRNA were extracted and counted per transcript. IncRNAs were classified
into five groups containing 2, 3, 4, 5, or 26 exons, and their distributions were

compared between transcriptomes.
Prediction of IncRNA subcellular localization

The subcellular localization of candidate IncRNAs was predicted using IncLocator
(Cao et al. 2018), a machine learning-based predictor for INcRNA localization. The
nucleotide sequences of INcRNAs were used as input, and localization probabilities
were determined for the nucleus, cytoplasm, ribosome, cytosol, and exosome. The
compartment with the highest probability score was assigned as the final localization
site of each IncRNA. The distribution of IncRNAs among different cellular

compartments was visualized using ggplot2 in R (version 4.4.2).
Structural stability analysis of IncRNAs

A total of 114 differentially expressed (DE) IncRNAs, comprising 100 from the
dsSfTPS—-dsSfTreh RNAI transcriptome and 14 from the sugar-fed transcriptome,
were subjected to secondary structure analysis. RNA secondary structures and
thermodynamic parameters were predicted using RNAfold implemented in
ViennaRNA package (version 2.7.2)(Lorenz et al. 2011). Partition function calculations
were performed using RNAfold -p -d2 —noLP to obtain minimum free energy (MFE;
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kcal/mol), ensemble free energy (kcal/mol), centroid free energy (kcal/mol), MFE
frequency (%), and ensemble diversity. As thermodynamic parameters are inherently
dependent on transcript length, all energy values were normalized by sequence length
(in nucleotides) to enable accurate cross-transcript comparisons. The normalized
metrics calculated included MFE_norm (kcal/mol/nt), Ensemble_norm (kcal/mol/nt),
Centroid_norm (kcal/mol/nt), and Diversity_norm (per nucleotide). Additionally, the
Energy _gap was computed as the difference between Ensemble Free Energy and
MFE, representing the thermodynamic separation between the most stable structure
and the ensemble average. To classify structurally stable IncRNAs, a two-dimensional
stability framework was constructed by plotting MFE_norm against Diversity _norm.
This integrative approach enabled simultaneous evaluation of thermodynamic stability
and conformational variability. Transcripts exhibiting highly negative MFE_norm
values along with low Diversity _norm values clustered in the lower-left quadrant of the
plot and were considered structurally stable candidates. Threshold cutoffs of < -0.2
kcal/mol/nt for MFE_norm and < 0.2 per nucleotide for Diversity _norm were applied to
define strong thermodynamic stability and low structural diversity. INcRNAs satisfying

both criteria were classified as possessing stable and dominant secondary structures.

Pseudoknot prediction and structural refinement

Pseudoknot-containing secondary structures of structurally stable IncRNAs were
predicted using IPknot++ (Version 2.3.1) (Sato and Kato 2022), which predicts
maximum expected accuracy (MEA) RNA secondary structures including
pseudoknots based on base-pairing probabilities (Sato et al. 2011). To address length-
dependent computational complexity, two models were applied: IncRNAs <500 nt were
analyzed using the McCaskill partition function with ViennaRNA parameters, while
IncRNAs >500 nt were processed using the LinearPartition-V (Ipv) model (Zhang et al.
2020) with ViennaRNA parameters for efficient approximation of partition functions in

long sequences.

In the IPknot++ output, pseudoknot interactions are denoted by square brackets
(“[” and “7"). The total number of pseudoknot base pairs per transcript was determined
by counting the number of opening brackets (“[”), each representing one pseudoknot
interaction. To eliminate transcript length bias, pseudoknot density was calculated as

the number of pseudoknot base pairs divided by transcript length (nt), providing a

9
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normalized measure of structural enrichment. Only structurally stable, coding-
validated IncRNAs predicted to contain pseudoknot interactions were retained for

downstream analyses.

Co-expression network construction

To investigate the regulatory relationships between long non-coding RNAs (IncRNAs)
and protein-coding genes, co-expression network analysis was performed using the
sugar-fed and the dsSfTPS_dsSfTreh RNAi transcriptome. Differentially expressed
stable IncRNAs and protein-coding genes (DEGSs) identified from each dataset were
used for the analysis. Variance stabilizing transformation (VST)-normalized
expression matrices generated using DESeq2 were imported into R. Only samples
common to both the INncRNA and mRNA expression matrices were retained, and
transcripts containing missing values were excluded before downstream analysis.
Pairwise Pearson correlation analysis was performed between each IncRNA and
mRNA using the cor.test() function in R with the Pearson correlation method. For
every IncRNA-mRNA pair, the Pearson correlation coefficient (r) and the
corresponding P-value were calculated. Significant co-expression relationships were
defined as those with an absolute Pearson correlation coefficient (|r]) 2 0.9 and P <
0.05. The resulting significant IcRNA-mRNA pairs were retained for construction of
the co-expression networks. The significant co-expression pairs were ranked
according to the absolute correlation coefficient, and hub IncRNAs were identified by
calculating the degree of each IncRNA, defined as the number of significantly
correlated mRNAs. The resulting co-expression networks and hub degree tables were
exported for downstream network visualization and hub analysis. The IncRNA-mRNA
co-expression network was visualized using the igraph, ggraph,
and ggplot2 packages in R. Significant IncRNA-mRNA co-expression pairs identified
from the transcriptome analysis were imported as an edge list, with IncRNAs and
MmRNAs represented as nodes and significant correlations represented as edges.
Duplicate interactions were removed before network construction. Edge colors
represented the direction of the correlation, with green indicating positive correlations
and red indicating negative correlations, while edge widths were scaled according to
the absolute correlation coefficient. Node connectivity (degree) was calculated using

the igraph package to identify highly connected hub IncRNAs. Node sizes were

10
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proportional to connectivity for IncRNAs, whereas mRNAs were displayed using a
constant node size to improve visualization. To reduce visual complexity, only the top
40 hub IncRNAs ranked by node degree were labelled. In addition, node degree values
for all IncRNAs and mRNAs were calculated and exported to identify candidate hub

IncRNAs for downstream functional analyses.

Functional annotation of IncRNA-associated protein-coding genes

To characterize the potential functions of structurally stable DE IncRNAs, Gene
Ontology (GO) annotations were examined for their co-expressed protein-coding
genes from the dsSfTPS—dsSfTreh RNAi and sugar-fed transcriptomes. Significant
INcRNA—-mRNA associations were identified from Pearson correlation-based co-
expression networks using |r] =2 0.90 and P < 0.05. Functional annotation was
performed using OmicsBox v3.4. Protein sequences were searched against the NCBI
non-redundant (nr) protein database using BLASTp (Altschul et al. 1990) with an E-
value threshold of 1 x 10*-3 to identify putative homologues. Protein domains and
families were characterized using InterProScan v5.74-105.0 (Jones et al. 2014). Gene
Ontology (GO)(Gotz et al. 2008) terms were assigned by integrating BLAST-based
GO mapping with InterProScan-derived annotations and were classified into the three
major GO categories: biological process, molecular function, and cellular component.
Redundant and low-frequency terms were removed, and the numbers of upregulated
and downregulated genes assigned to each GO term were summarized separately for
the RNAI and sugar-fed transcriptomes. GO functional profiles were visualized as

butterfly bar plots.
Prediction of IncRNA—mRNA Interactions

Candidate IncRNA—-mRNA interactions were evaluated using IntaRNA v3.4.1, which
predicts RNA-RNA interactions by integrating sequence complementarity,
hybridization energetics, and interaction-site accessibility (Mann et al. 2017).
Candidate pairs were selected from the INCcRNA-mRNA co-expression networks
based on significant expression correlations and network connectivity. Full-length
sequences of selected hub IncRNAs were extracted from the assembled
transcriptomes and used as query sequences. Corresponding target transcripts were
retrieved using the reference genome annotation, with LOC identifiers mapped to their

11
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respective RefSeq mRNA (XM) or non-coding RNA (XR) accessions, while novel
StringTie transcripts (MSTRG IDs) were retained directly.

Each candidate IncRNA was analyzed against its corresponding target
transcript(s) using IntaRNA with default parameters. Predicted interactions were
characterized based on interaction energy, hybridization energetics, interaction
coordinates, and complementary regions. More negative interaction energies were
interpreted as indicating thermodynamically more favorable predicted interactions.
IntaRNA predictions were subsequently integrated with co-expression and network-
connectivity information to prioritize high-confidence candidate IncRNA-mRNA

interaction pairs for downstream analyses.

Cross-validation of IncRNA-mRNA interactions using RNAcofold and RNAup

Candidate IncRNAs predicted to interact with trehalose transporter transcripts
(SfTRET1; LOC118277428, LOC118270239, and LOC126911554) were prioritized by
integrating differential expression, functional annotation, co-expression, and IntaRNA
interaction predictions. RNA-RNA interactions were independently assessed
using RNAcofold (Bernhart et al. 2006; Lorenz et al. 2011) and RNAup (Muckstein et
al. 2006) implemented in the ViennaRNA Package (v2.7.0). RNAcofold was used to
predict the thermodynamically optimal joint secondary structure of each IncRNA-
mMRNA pair and estimate the minimum free energy (MFE) of heterodimer formation.
RNAcofold is specifically designed to calculate secondary structures of two interacting

RNA molecules with dimerization.

RNAup was used to estimate interaction free energy by considering both the
energetic cost of making the interacting regions accessible and the energy gained
through intermolecular hybridization. Predicted interaction energies, binding
coordinates, and interacting regions obtained using RNAcofold and RNAup were
compared with the corresponding IntaRNA predictions. Candidate IncRNA-mRNA
pairs showing favorable interaction energies and concordant or overlapping binding
regions across multiple algorithms were considered higher-confidence computational

interaction candidates for subsequent functional validation.

Genomic cis—trans classification of candidate IncRNA-mRNA interactions

12
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To determine the genomic relationship between candidate IncRNAs and their
predicted target genes, genomic coordinates were extracted from the StringTie
merged GTF annotation of the dsSfTPS-dsSfTreh RNAi and sugar-fed
transcriptomes. Chromosome, strand, transcript start, and end coordinates were
retrieved for the three SfTRET1-associated target loci
(LOC118277428, LOC118270239, and LOC126911554) and their corresponding
candidate IncRNAs. The genomic positions of each IncRNA-mRNA pair were
compared to assess whether they were located on the same chromosome (cis) or on
different chromosomes (trans). For IncRNAs located on the same chromosome as
their target gene, the genomic distance was evaluated to determine whether they fell

within a conventional cis-regulatory window.

Genomic classification, chromosomal distribution, and length distribution

analysis of IncRNAs

The genomic characteristics of the 2,589 and 2,636 high-confidence IncRNAs
identified from the dsSfTPS-dsSfTrehRNAi and sugar-fed transcriptomes,
respectively, were evaluated. Genomic locations were determined by comparing the
final INncRNA annotations with a protein-coding reference GTF using GffCompare
(Pertea and Pertea 2020). Based on GffCompare class codes, IncRNAs were
categorized as intergenic (u), intronic (i), antisense (x), same-strand exonic overlap
(o), or other transcript—reference relationships (=, j, k, y, n, and s). Chromosomal
distribution was determined from genomic coordinates by calculating the number of
IncRNAs mapped to each chromosome or scaffold. Transcript lengths were calculated
from the final annotations and grouped into 200-500, 501-1,000, 1,001-2,000, and
>2,000 bp classes. Genomic-location, chromosomal-distribution, and transcript-length

profiles were visualized using ggplot2 in R.

Insect culture

S. frugiperda eggs were obtained from the ICAR-National Bureau of Agricultural
Insect Resources (ICAR-NBAIR), Bengaluru, India. After hatching, larvae were reared
on a chickpea-based artificial diet (AD) (Chikate et al. 2016) at 28 °C, 80% relative
humidity (RH), and a 16:8 h light:dark photoperiod. Second-generation insects were

used for feeding and ‘-omics’ experiments.
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RNAi-mediated silencing of candidate SFTRET7-associated IncRNAs by
bacterial dsRNA feeding

Partial fragments of Inc_ XR007706201.1, Inc_ MSTRG.4937.1 interacting with
SFTRET1 (LOC118277428) and Inc_XR_007705431.1 interacting with SfTRET1
(LOC126911554) were cloned into the L4440 vector for RNAI using gene-specific
primers, and the resulting constructs were confirmed by sequencing (Table S3). The
resulting recombinant vectors (L4440- Inc_XR007706201.1, L4440-
Inc_MSTRG.4937.1 and L4440- Inc_XR_007705431.1 ), and the L4440-GFP, were
transformed into E. coli HT115 (DE3) cells. To prepare the bacteria expressing
dsRNA, a single colony was inoculated into Luria-Bertani (LB) broth supplemented
with 100 pg/mL ampicillin and 12.5 mg/mL tetracycline antibiotics and incubated for
14 hours at 37°C with agitation at 180 rpm. The culture was then diluted 100-fold in
250 mL yeast tryptone (2xYT) medium and grown at 37°C with agitation at 180 rpm,
with appropriate antibiotics, until the optical density (OD) reached 0.4. The synthesis
of dsRNAs was induced by adding 1 mM isopropyl B-D-1-thiogalactopyranoside
(IPTG), and these cultures were incubated for 5 hours under similar conditions.
Bacterial cells were then pelleted by centrifugation at 4000 rpm at 4°C. Confirmation
of dsRNA expression was achieved by extracting total RNA from aliquots of induced
and uninduced culture using TRIzol reagent (TaKaRa Bio, Shiga, Japan) according to

the manufacturer’s instructions, and dsRNAs were visualized on a 2% agarose gel.

Feeding bioassay of Inc_XR007706201.1-dsRNA, Inc_MSTRG.4937.1-dsRNA
and Inc_XR_007705431.1-dsRNA expressing bacteria to S. frugiperda

Bacterial cultures of dsRNA targeting /nc_ XR007706201.1, Inc MSTRG.4937.1,
Inc_XR_007705431.1 and L4440-GFP control were used for feeding second-instar S.
frugiperda larvae, respectively. IPTG-induced 250 mL bacterial cultures were
centrifuged at 4000 rpm for 10 minutes at 4°C, then resuspended in 4 mL of DEPC
water. AD was prepared according to the methodology described by Chikate et al.
Bacterial cultures were then added to the AD at a final optical density (OD) of 1.
Feeding bioassays were conducted on second instar larvae of S. frugiperda, with 19
larvae per treatment. The larvae were fed either an artificial diet containing L4440-
GFP vector bacterial culture (Control) or bacterial cultures expressing L4440-
Inc_XR007706201.1-dsRNA,  L4440-Inc_ MSTRG.4937.1-dsRNA and  L4440-
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Inc_ XR_007705431.1-dsRNA. Insect growth and survival on both the control and
dsRNA-containing diets were monitored on alternate days until pupation. On day 6,
seven larvae from each treatment were collected and immediately frozen in liquid
nitrogen for molecular analysis, with individual larvae treated as independent biological
replicates. Silencing efficiency of Inc_XR007706201.1, Inc MSTRG.4937.1, and
Inc_ XR_007705431.1 was evaluated by qRT-PCR.

RNA extraction and quantitative reverse-transcriptase PCR (qRT-PCR) analysis

Total RNA was isolated from S. frugiperda using RNAiso Plus reagent (TaKaRa,
Shiga, Japan) according to the manufacturer’s instructions, followed by DNase
treatment with RQ1 RNase-free DNase (Promega, Madison, USA) to remove genomic
DNA contamination. First-strand cDNA was synthesized from 4 ug of total RNA using
oligo(dT) primers and the High-Capacity cDNA Reverse Transcription Kit (Applied
Biosystems, Foster City, USA). Quantitative real-time PCR (QRT-PCR) was performed
using TB Green Premix Ex Taq Il (TaKaRa, Shiga, Japan) on a 7500 Fast Real-Time
PCR System (Applied Biosystems, Foster City, USA), with gene-specific primers
designed using Primer-BLAST (NCBI) (Table S3). The thermal cycling conditions
consisted of an initial denaturation at 95°C for 30 second, followed by 40 cycles of
95°C for 5 second and 55°C for 30 second, along with melt curve analysis to confirm
specificity. Relative expression levels of SFTRET1 and IncRNAs were quantified using
relative gene expression 27(-AACt) method. S. frugiperda ribosomal protein L
(SfRPL3) used as internal reference gene. All gRT-PCR assays were performed using

three biological replicates, with three technical replicates for each biological replicate.
Metabolite extraction and LC-MS analysis

Individual insects were considered independent biological replicates, with one insect
representing one biological replicate. For metabolite extraction, 60 mg of crushed
insect tissue was homogenized in 300 pL of 80% methanol (v/v). The homogenate
was vortexed for 1 min, followed by bath sonication for 30 min in ice-cold water, and
centrifuged at 14,000 x g for 30 min. The resulting supernatant was collected and
stored at-80 °C overnightto facilitate protein precipitation. Samples were
subsequently centrifuged again at 14,000 x g for 30 min, and the clarified supernatant

was passed through a 0.22-um syringe filter. The filtrate was transferred into LC-MS
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sample vials for subsequent metabolomic analysis. The Hypersil GOLD (150 x 2.1
mm, 1.9 um particle size) (Thermo Fisher Scientific, Vilnius, Lithuania) column was
used for UPLC-based metabolite separation at 35 °C with a flow rate of 0.3 ml/min.
The metabolites were separated using a 20 min gradient with 100% MS-grade water
(Solvent A) and 100% MS-grade acetonitrile (Solvent B), both containing 0.1% formic
acid. The LC-QTOF-MS analysis was performed on an Agilent 6530 Q-TOF (Agilent
Technologies, Santa Clara, USA). For peak extraction, baseline filtering, calibration,
peak alignment, deconvolution, peak identification, and integration, MS-DIAL software
(Tsugawa et al. 2015) version 4.9.221218
(http://prime.psc.riken.jp/Metabolomics_Software/MS-DIAL/index.html) was utilized,
with an LC-MS/MS spectral database sourced from MassBank of North America.
Quantification of metabolites involved in glucose and energy metabolism was carried
out. In this study, LC-HRMS peak intensities were normalized using a total peak height
(or area) / total ion current (TIC) normalization approach. Briefly, normalization was
performed at the sample level by dividing the intensity of each detected feature by the
sum of all peak intensities within the same sample. This procedure scales each feature
relative to the total signal contribution of that sample, correcting for variation in sample
loading, ionization efficiency, and instrument response across injections (Mizuno et al.

2017). The following formula was used for normalization:
Normalized peak intensity = Peak height (or area) / Total ion current (TIC)

Statistical analyses

Statistical analyses were performed using R and GraphPad Prism v8.0 (GraphPad
Software, San Diego, CA, USA). Experimental data are presented as mean + SEM.
Biological replicates were treated as independent experimental units, whereas
technical replicates from qRT-PCR assays were averaged before statistical analysis.
For comparisons between two independent experimental groups, an unpaired two-
tailed Student's t-test was used. Comparisons involving more than two groups were
performed using one-way ANOVA followed by Tukey's multiple-comparisons test.
Temporal changes in larval body weight were analysed using two-way repeated-
measures ANOVA with treatment and time as factors, followed by Sidak's multiple-
comparisons test for comparisons between treatment groups at individual time points.

Pearson's correlation coefficient (r) was used to assess expression relationships
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between candidate IncRNAs and SfTRET1 transcripts. Differences in pseudoknot
count and normalized pseudoknot density between datasets were assessed using a
two-sided Wilcoxon rank-sum test. Differential expression analyses of IncRNAs and
protein-coding genes were performed using DESeq2, with P-values corrected for
multiple testing using the Benjamini-Hochberg procedure; transcripts with
adjusted P < 0.05 and |log2 fold change| >1 were considered differentially expressed.
For metabolomic analyses, normalized metabolite abundances were compared

between experimental groups and P < 0.05 was considered statistically significant.
Declaration of generative Al-assisted technologies in the writing process

During the preparation of this work, the author(s) used ChatGPT and Grammarly to
enhance readability. After using this tool/service, the author reviewed and edited the

content as needed and take full responsibility for the content of the publication.

Results

Trehalose metabolic and dietary perturbations cause global changes in IncRNA
landscape

A comprehensive pipeline was employed to identify high-confidence INncRNAs from the
S. frugiperda TPS and TREH silenced transcriptome available with us (Fig. 1a). A total
of 416.18 million raw paired-end reads were generated from 12 dsSfTPS and
dsSfTreh RNA-seq libraries, yielding an average of 34.68 million reads per library. The
overall alignment rate ranged from 82.45 to 87.39%, with an average mapping rate
of 85.98% (Table S1). Following transcript reconstruction (46,346 initial transcripts),
structural filtering retained 41,035 multi-exonic transcripts 2200 bp. Coding potential
assessment using INcRNA_Mdeep (4,897), CPC2 (4,547), and CNCI (7,112) yielded
a consensus intersection of 3,271 putative non-coding candidates. To eliminate false
positives, transcripts were sequentially filtered against UniProt Swiss-Prot via
DIAMOND (removing 290 protein-coding matches), Rfam via Infernal cmscan
(removing 63 housekeeping RNAs), and Pfam via HMMScan (removing 329
conserved protein domains). This multi-tier refinement pipeline resulted in a final high-

confidence set of 2,589 IncRNAs for downstream analyses (Fig. 1a).

Expression profiling across the SfTPS and SfTreh silencing transcriptome

identified 100 differentially expressed IncRNAs (29 upregulated, 71 downregulated;
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Table S1). Pairwise comparisons revealed distinct, condition-specific transcriptional
dynamics. SfTPS silencing elicited a transcriptional response characterized
predominantly by the downregulation of candidates such as XR _007707652.1,
MSTRG.12548.1, and MSTRG.10103.21 (Fig. 1b), which resolved into a distinct
repressed cluster upon hierarchical clustering (Fig. 1c¢). Conversely, Sflreh
knockdown produced a more pronounced transcriptional shift dominated by repressed
transcripts, including MSTRG.12532.1, XR_004783803.2, XR_007707620.1, and
XR _004783195.2 (Fig. 1d), cleanly partitioning treated and control cohorts (Fig. 1e).
The dsSfTPS vs dsSfTreh contrast exhibited the greatest transcriptional divergence,
displaying widely dispersed fold changes (Fig. 1f) and reciprocal expression profiles
(Fig. 1g), where MSTRG.4937.1, MSTRG.4345.2, and MSTRG.6956.8 were strongly
upregulated, and XR_007706201.1, MSTRG.10987.5, and MSTRG.9440.11 were
markedly downregulated. Cross-comparison intersection revealed largely distinct
regulatory programs: 64 differentially expressed IncRNAs (67%) were specific to
dsSfTPS vs dsSfTreh, 16 (17%) to dsSfTreh vs control, and 10 (11%) to dsSfTPS vs
control, with zero transcripts shared across all three contrasts (Fig. S1a). Consistent
with characteristic non-coding transcript profiles, IncRNAs exhibited significantly lower
steady-state expression levels than protein-coding mRNAs (median normalized
counts: 0.85 vs 1.77; P < 2.2 x 10-16, Wilcoxon rank-sum test; Fig. S1b). Among the
2,589 IncRNAs identified from the RNAI transcriptome, intergenic (1,003) and intronic
(810) IncRNAs were predominant, followed by antisense (387), splice-junction-
associated (156), same-strand exonic-overlap (99), and exact-reference-match (72)
transcripts, while 62 belonged to other categories. The IncRNAs were distributed
across all assembled chromosomes, with chromosome-wise abundance ranging from
approximately 28 to 216 transcripts. Individual IncRNA lengths showed a broad
distribution, with the majority concentrated around 1 kb and a smaller proportion

extending beyond several kilobases (Fig. 1h-j; Fig. S1c; Table S$1).

In parallel with the knockdown approach, we next delineated IncRNA dynamics
under dietary carbohydrate shifts (glucose vs trehalose supplementation) using an
identical identification pipeline (Fig. 2a). High-throughput sequencing of nine sugar-
fed libraries generated 166.57 million raw reads with an 83.90% mean mapping rate,
yielding 46,070 reconstructed transcripts (Table S1). Structural filtering (=200 bp,

multi-exonic; 39,732 transcripts), consensus non-coding prediction (MDeep, CPC2,
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CNCI; 3,255 transcripts), and sequential depletion of Swiss-Prot protein matches
(275), Rfam housekeeping RNAs (55), and Pfam domains (289) defined a final dataset
of 2,636 high-confidence sugar-responsive INcCRNAs (Fig. 2a).

Expression analysis (adjusted P < 0.05 and |log, fold change| > 1) identified 14
IncRNAs (9 upregulated, 5 downregulated; Table S1). In glucose-fed larvae,
MSTRG.2003.5 and MSTRG.4316.8 were markedly induced, whereas
XR _007705429.1 and XR_007705431.1 were significantly repressed relative to
controls (Fig. 2b), clustering into distinct dietary cohorts (Fig. 2¢). Trehalose feeding
produced an exclusively upregulated IncRNA response, including MSTRG.4316.8,
MSTRG.2311.5, and XR_004782761.2 (Fig. 2d), which resolved into a discrete
expression signature (Fig. 2e). Direct comparison between diets (glucose vs
trehalose) demonstrated the high transcriptional divergence (Fig. 2f) and distinct
response to nutritional states (Fig. 2g), highlighted by upregulation of
MSTRG.13207.1 and XR_004782677.2 alongside repression of MSTRG.8126.1 and
MSTRG.13350.16.

Cross-comparison overlap revealed that sugar responsiveness was largely
treatment-specific: five differentially expressed INcCRNAs (38%) were unique to glucose
vs trehalose, four (31%) to glucose vs control, and three (23%) to trehalose vs control,
with no INcRNA shared across all three groups (Fig. S2a). Consistent with the RNAI
dataset, sugar-responsive INcRNAs exhibited significantly lower baseline expression
than protein-coding mRNAs (median normalized counts: 0.47 vs 1.26; Wilcoxon rank-
sum test, P < 2.2 x 10-'%; Fig. S2b). Furthermore, genomic feature profiling revealed
a distribution broadly consistent with the RNAi dataset, dominated by intergenic
(1,013), intronic (806), and antisense (450) IncRNAs, with an uneven genome-wide
chromosomal distribution and a broad length profile predominantly concentrated
around 1 kb (Fig. 2h-j; Fig. S2c; Table S1). These results indicated that trehalose
metabolism perturbation resulted in global changes in INcCRNA expression dynamics,
although structural characterizations are required to identify key INcRNAs involved in

putative regulation.
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Comparative structural analysis underpins trehalose metabolism perturbation

responsive IncRNAs across different treatments

High-confidence differentially expressed IncRNAs, comprising 100 from the dsSfTPS—
dsSfTreh RNAi and 14 from the sugar-fed transcriptome, were subjected to
secondary-structure analysis to screen key deregulated and structurally stable
IncRNAs. Based on normalized minimum free energy (MFE_norm < -0.20 kcal/mol/nt)
and ensemble diversity (Diversity_norm < 0.20), 79 IncRNAs were classified as
structurally stable, including 67 from the RNAi transcriptome and 12 from the sugar-
fed transcriptome, whereas 35 were classified as structurally unstable (Fig. 3a; Table
S$1).

Comparison of structurally stable differentially expressed IncRNAs across the
six experimental contrasts revealed predominantly condition-specific distributions
(Fig. 3b). MSTRG.4316.8 was shared between the glucose- and trehalose-fed
conditions, MSTRG.14909.1 between dsSfTPS vs control and dsSfTPS vs dsSfTreh,
and MSTRG.12532.1 and MSTRG.13577.1 between  dsSflrehvs control and
dsSfTPS vs dsSfTreh. XR_007705431.1 was specific to the glucose-fed condition. At
the transcriptome level, the RNAI dataset contained 65 unique structurally stable
IncRNAs, whereas 10 were unique to the sugar-fed dataset, with only two genomic
loci shared between the datasets (Fig. 3c). LOC118272830 was represented by
MSTRG.8126.1 in the sugar-fed dataset and MSTRG.8083.1 in the RNAIi dataset,
whereas LOC126912014 was represented by MSTRG.9631.12 and MSTRG.9545.3,
respectively. Classification of the combined 5,225 high-confidence IncRNAs showed
comparable transcript composition between the two datasets (Fig. 3d). XR-annotated
IncRNAs constituted the largest category, with 1,588 and 1,586 transcripts in the RNAI
and sugar-fed transcriptomes, respectively. Further followed by novel MSTRG
transcripts (929 and 981) and a smaller proportion of reclassified putative INncCRNAs

(XM), comprising 72 and 69 transcripts, respectively.

Exon-number distributions were highly comparable between the two
transcriptomes (Fig. S3a). Two-exon IncRNAs represented the predominant class,
comprising 1,285 RNAI and 1,334 sugar-fed transcripts, followed by three-exon (606
and 609), four-exon (303 and 289), five-exon (172 and 160), and =6-exon INcRNAs
(223 and 244, respectively). Single-exon transcripts were absent following high-
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confidence filtering, resulting in a predominance of INcRNAs containing two to three
exons. Subcellular localization prediction further revealed a predominance of nuclear
localization among structurally stable IncRNAs in both datasets, with smaller
proportions assigned to the cytoplasm, ribosome, exosome, and cytosol (Fig. S3b;
Table S1).

Structurally stable IncRNAs also differed in predicted pseudoknot architecture
between the two datasets. Sugar-fed INcRNAs exhibited a higher median pseudoknot
count (63) than RNAi-associated IncRNAs (30) (Fig. S3c; Table S1), together with a
slightly higher median normalized pseudoknot density (0.035 vs 0.029) (Fig. S3d;
Table S1).

Candidate IncRNAs prioritized based on differential expression and structural
stability, were examined across the sugar-fed and dsSfTPS-dsSfTreh RNAI
transcriptomes  through qRT-PCR for validation. In the sugar-fed
transcriptome, MSTRG.4316.8 and MSTRG.9631.12 showed increased expression
following glucose feeding, whereas MSTRG.8726.1 exhibited high expression under
trehalose feeding and XR _007705431.1 showed reduced expression following
glucose feeding (Fig. 3e). qRT-PCR analysis supported these expression patterns,
with MSTRG.4316.8 (Fig. 3f) and MSTRG.9631.12 (Fig. 3g) significantly induced
following glucose feeding. Furthermore, MSTRG.8126.1 was significantly induced
following trehalose feeding (Fig. 3h).

In the RNAI transcriptome, MSTRG.8083.1 showed elevated expression
following dsSfTreh silencing. While MSTRG.9545.3, MSTRG.14909.1,
MSTRG.12532.1, and MSTRG.13577.1 exhibited altered expression between the
dsSfTPS and dsSfTreh treatments (Fig. 3i). gqRT-PCR analysis further supported the
expression patterns of MSTRG.12532.1 and MSTRG.13577.1 (Fig. 3j,k), both of
which showed reduced expression following dsSfTreh silencing. The amplification of
the selected candidate IncRNAs was further confirmed by agarose gel
electrophoresis, which showed PCR products of the expected sizes, supporting the
specificity of the qRT-PCR amplification (Fig. S4a-c). Analyzed and selected key
IncRNAs represent a putative group involved in trehalose metabolism gene regulation.
In order to generate functional correlation obtaining coexpression profile and
interaction network with target mMRNA could be instrumental.
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mRNA profiling uncovers discrete metabolic responses to genetic and dietary

perturbations

Expression analysis of protein-coding transcripts revealed widespread, condition-
specific reprogramming across all experimental cohorts, which could be used for
further correlation with selected IncRNAs (Fig. 4a-f; Fig. S5a-f; Table S2). Volcano
plot and heatmap analyses demonstrated clear partitioning between treatment and
control groups with robust biological reproducibility. Within the RNAi dataset, dsSfTPS
vs control identified 141 differentially expressed genes (DEGs), whereas dsSfTreh vs
control identified 540 DEGs (Fig. 4a,b; Fig. S5a, b). The direct comparison between
dsSfTPS vs dsSfTreh produced the largest transcriptional response, with 1152 DEGs
(Fig. 4c; Fig. S5c¢) indicating markedly different downstream transcriptional responses
following perturbation of trehalose synthesis and degradation. Under nutritional
treatments, glucose and trehalose feeding resulted in 227 and 166 DEGs,
respectively, relative to the control diet (Fig. 4d,e; Fig. S5d, e), whereas the direct

glucose vs trehalose comparison identified 140 DEGs (Fig. 4f; Fig. S5f).

Cross-condition intersection and UpSet analyses confirmed that protein-coding
responses were treatment-specific (Fig. 4g—i). In the RNAi model, the dsSfTPS vs
dsSfTreh comparison encompassed the most number of unique DEGs (939), followed
by dsSfTreh vs control (404) and dsSfTPS vs control (80) (Fig. 4g). Similarly, sugar-
fed datasets showed limited transcriptomic overlap, with 155 unique DEGs in glucose
vs control, 129 in trehalose vs control, and 83 in glucose vs trehalose (Fig. 4h).
Integrated multi-contrast UpSet analysis established that the majority of DEGs
remained restricted to individual experimental contrasts, underscoring specialized
coding transcriptional programs responding to SfTPS/SfTreh suppression and dietary
sugar shifts (Fig. 4i). Global mMRNA expression analysis provided global profiling which
could be further used for correlation with INcRNAs expression dynamics.

Co-expression network analysis reveals treatment-specific IncRNA-mRNA
modules associated with trehalose metabolism

Co-expression network analysis of the dsSfTPS and dsSfTreh silencing
transcriptomes revealed substantially larger, condition-specific IncRNA-mRNA
networks (Fig. 5a; Table S$1). Following dsSfTPS silencing, MSTRG.16172.1,
MSTRG.12548.9, XR_007707652.1, MSTRG.14909.1, and MSTRG.8421.1 emerged
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as hubs associated with multiple transcripts. In the dsSfTPS vs dsSfTreh comparison,
MSTRG.10987.5 was the predominant hub, exhibiting associations with 235
transcripts, followed by MSTRG.12185.1, MSTRG.11284.1, and XR_007705962.1.
The most highly interconnected networks were observed following dsSfTreh silencing,
where XR_007707620.1, MSTRG.5468.3, XR_007706637.1, XR_004783195.2 and
MSTRG.10666.1 were associated with a significantly higher number of mRNAs.

The sugar-fed transcriptomes identified distinct hub IncRNAs that were
extensively associated with protein-coding transcripts (Fig. 5b; Table S$1). In the
glucose vs trehalose comparison, MSTRG.13207.1 and XM_035579964.2 emerged
as the major hubs, exhibiting the highest numbers of associated mRNAs, followed
by MSTRG.13350.16, XR_004782677.2, and MSTRG.8126.1. In the trehalose vs
control comparison, MSTRG.2311.5 and MSTRG.4316.8 were the key hubs, followed
by XR_004782761.2 and XR _007705604.1. Several target MRNAs,
including LOC118265028, LOC118273804, LOC118268732, LOC118275125,
LOC118278585, and LOC118267776, were commonly shared among multiple hub
IncRNAs, revealing interconnected co-expression modules associated with dietary
sugar responses. Collectively, these networks identified distinct hub IncRNAs and
extensive INcCRNA-mRNA co-expression modules associated with nutritional and

RNAi-mediated perturbation of trehalose metabolism.

Co-expression and RNA-RNA interaction analyses prioritize candidate IncRNA-

SfTRET1 regulatory modules

Gene Ontology (GO) analysis of mMRNAs co-expressed with structurally stable DE
IncRNAs revealed distinct functional profiles between the dsSfTPS-dsSfTreh
RNAI and sugar-fed transcriptomes. In the RNAI transcriptome (Fig. 5¢), annotated
biological processes were primarily associated with carbohydrate and energy
metabolism, including glucose homeostasis, carbohydrate metabolic process, and
transmembrane transport like facilitated trehalose transporter SFTRET. In contrast, the
glucose- and trehalose-fed transcriptomes exhibited comparatively limited functional
annotations (Fig. 5d), with transmembrane transport, particularly SfFTRET-mediated
sugar transport, representing the annotated biological process. These results
demonstrate that mMRNAs co-expressed with structurally stable DE IncRNAs are

putatively associated with carbohydrate transport and metabolism, and further identify
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energy-associated processes following RNAi-mediated perturbation of trehalose

metabolism.

Integration of co-expression, genomic localization, and RNA-RNA interaction
analyses identified nine candidate INcRNA-mRNA pairs associated with trehalose
transport. Genomic coordinate analysis showed that all candidate IncRNAs were
located on chromosomes different from their respective SFTRET1 loci. Seven IncRNAs
associated with LOC118277428, XR_007707652.1 with LOC118270239,
and XR_007705431.1 with LOC126911554, supporting their classification as putative
trans-acting candidates (Table S1). Predicted interaction sites were distributed across
the 5" UTR, CDS, and 3' UTR of the corresponding SfTRET1 transcripts (Fig. S6).
IntaRNA predicted favourable RNA-RNA interactions between IncRNAs and their
targets, while RNAup and RNAcofold independently supported these interactions
using accessibility and hybridization energies (Table $1). Among these
candidates, MSTRG.6956.8—SfTRET1 exhibited the most favorable intaRNA
interaction energy (AG = -23.79 kcal/mol), with additional support from RNAup (AG
=-14.50 kcal/mol), and RNAcofold (AG =-15.21
kcal/mol). XR_007707652.1 showed predicted interactions with three transcript
isoforms of LOC118270239, whereas comparison of IntaRNA and RNAup prediction
revealed overlapping or closely positioned interaction regions
for MSTRG.10987.5, MSTRG.11284.1, XR_007706201.1, and XR_007707652.1.
Together with their strong expression correlations (|r] = 0.95 to 0.97, P < 0.005) these
independent computational analysis prioritized MSTRG.4937.1 and XR007706201.1—
LOC118277428, XR_007707652.1-LOC118270239, and XR_007705431.1—
LOC126911554 as candidate trans-associated regulatory modules for subsequent

functional validation.

Expression analysis validates IncRNA-SfTRET1 associations across trehalose

metabolic perturbations

Co-expression analysis identified strong associations between several candidate
IncRNAs and SfTRET1 across dietary and RNAi-mediated perturbations of trehalose
metabolism. Under sugar-fed conditions, SFTRET1 (LOC126911554) exhibited a
negative co-expression relationship with XR_007705431.1 (Fig. 6a). This inverse
expression pattern was supported by qRT-PCR, which showed significant
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upregulation of SFTRETT1 following glucose feeding, accompanied by significant
downregulation of XR_007705431.1 (Fig. 6b, c¢). In the dsSfTPS treatment,
both SFTRET1 (LOC118270239) and XR_007707652.1 were downregulated,
consistent with the positive correlation observed in the transcriptomic analysis (Fig.
6d—f). In the dsSfTPS vs dsSfTreh comparison, SFTRET1 (LOC118277428) was
positively  correlated  with MSTRG.10987.5, MSTRG.11284.1, XR_007705962.1,
and XR_007706201.1, whereas MSTRG.4937.1 and MSTRG.6956.8 showed
negative correlations with SFTRET1 (Fig. 6g). gRT-PCR analysis further examined the
expression relationships between SfTRET1 and selected candidate IncRNAs,
including XR_007706201.1, MSTRG.6956.8, and MSTRG.4937.1 (Fig.  6h—k).
Collectively, these results provide experimental support for the transcriptome-derived
expression relationships between candidate IncRNAs and SfTRET1 under dietary and

RNAi-mediated perturbations of trehalose metabolism.

Silencing of SfTRET17-associated IncRNAs alters larval growth and SfTRET1

expression

To investigate the functional roles of candidate SFTRET7-associated
INcRNAs, XR_007705431.1, XR_007706201.1, and MSTRG.4937.1 were individually
silenced in S. frugiperda larvae by dsRNA-mediated RNAi (Fig. S7a, b), and larval
growth ~was monitored over six days (Fig. 7a, b). Silencing
of XR_007705431.1 resulted in a progressive reduction in larval body weight relative
to the dsGFP control (Fig. 7a). Although no significant differences were detected at
days 0 and 2, reduced body weight became apparent at day 4 (P = 0.0733) and was
highly significant by day 6 (P < 0.0001). The growth-reducing phenotype was also
evident from the smaller size of dsXR_007705431.1-treated larvae compared with
dsGFP controls (Fig. 7c). Consistent with the body-weight results, prolonged silencing
of the candidate IncRNAs resulted in distinct developmental phenotypes, including
differences in larval growth and progression to pupation compared with the dsGFP
control (Fig. S8a, b).

gRT-PCR confirmed significant silencing of XR_007705431.1 in dsRNA-
treated larvae (Fig. 7d). Notably, silencing of XR_007705431.1 resulted in increased
expression of SFTRET1 (LOC126911554) relative to the dsGFP control (Fig. 7e). This

inverse expression response was consistent with the negative association
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between XR_007705431.1 and SfTRET1 identified by co-expression analysis. In
contrast, silencing of XR_007706201.1 and MSTRG.4937.1 resulted in increased
larval body weight relative to the dsGFP control, particularly at the later stage of the
feeding assay. No significant differences were observed at the earlier time points;
however, by day 6, body weight was significantly increased following silencing
of MSTRG.4937.1 (P= 0.0398) and XR_007706201.1 (P< 0.0001). The
corresponding larval phenotypes were consistent with these growth responses (Fig.
7f, i). qRT-PCR confirmed efficient silencing of XR_007706201.1, which was
accompanied by decreased expression of SFTRET1 (LOC118277428) (Fig. 7g,h).
Conversely, silencing of MSTRG.4937.1 resulted in
increased SFTRET1(LOC118277428) expression (Fig. 7j, k). Collectively, functional
silencing of the three candidate IncRNAs produced distinct effects on larval growth
and SfTRET1 expression, supporting their functional association with the regulation of

trehalose transport and associated physiological responses.

Silencing of SfTRET1-associated IncRNAs is accompanied by distinct changes

in trehalose and carbohydrate metabolism

To determine whether the growth and SFTRET1 expression phenotypes associated
with candidate IncRNA silencing were accompanied by metabolic changes, metabolite
profiles were examined in larvae following silencing
of XR_007705431.1, XR_007706201.1, and MSTRG.4937.1 (Fig. 8). Silencing
of XR_007705431.1, which increased SfTRET1 (LOC126911554) expression and
reduced larval growth, produced a distinct metabolic profile relative to the dsGFP
control (Fig. 8a). Among the carbohydrate-associated metabolites, trehalose and
glucose were significantly increased in dsXR_007705431.1-treated larvae (both P =
0.0286; Fig. 8b, c). The broader metabolite profile also showed several amino acids
and other key metabolites were also elevated, indicating that the metabolic response

extended beyond trehalose-associated metabolites.

Silencing of the two IncRNAs associated with SfTRET1 (LOC118277428)
produced different metabolic responses (Fig. 8d).
Following XR_007706201.1 silencing, which decreased SfTRET1 expression and
increased larval growth, trehalose showed a decreasing trend relative to dsGFP (P =

0.0571), whereas glucose showed a moderate increase that was not significant (P =
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0.2000; Fig. 8e, f). In contrast, silencing of MSTRG.4937.1, which
increased SFTRET1 (LOC118277428) expression and larval growth, was associated
with increased trehalose (P = 0.0286; Fig. 8g) and a positive trend in glucose
abundance (P= 0.0571; Fig. 8h). Changes were also observed in several
intermediates of central metabolism and amino acids, including increased fumarate,
pyruvate, citrate, phenylalanine, cysteine, and methionine. Together with the
corresponding larval growth phenotypes, these results associate IncRNA-dependent
changes in SFTRET1 expression with broader remodeling of trehalose and

carbohydrate metabolic homeostasis in S. frugiperda.

Discussion

Systemic sugar homeostasis in insects requires precise coordination between
trehalose synthesis, enzymatic hydrolysis, and facilitated transmembrane transport.
Trehalose is synthesized predominantly in the fat body by TPS but utilized by multiple
peripheral tissues through Treh-mediated hydrolysis. Its physiological availability at
sink tissues depends on TRET1-family transporters function (Kikawada et al. 2007;
Kanamori et al. 2010). Perturbation of any component of this TPS/TPP-trehalose-
Treh/TRET axis can consequently alter carbohydrate homeostasis and produce
broader metabolic and developmental effects. Despite the well-established
importance of these metabolic components, the contribution of long INCRNAs to the
regulation of trehalose homeostasis in insects remains enigmatic. Here, through
integrative transcriptomics encompassing genetic knockdowns (dsSfTPS and
dsSfTreh) and dietary sugar challenges, we identified and functionally characterized
a robust repertoire of condition-responsive INncRNAs in S. frugiperda. Our findings
identify candidate IncRNAs associated with SFTRET1 expression and trehalose
homeostasis,  with  functional  silencing  demonstrating their  effects
on SFTRET1 expression, larval growth, and metabolic state.

The structural and thermodynamic properties of IncRNAs dictate their
physiological stability and ribonucleoprotein interactomes. By integrating minimum
free energy (MFE) thresholds with ensemble diversity filtering, we identified 79
structurally stable differentially expressed IncRNAs. Interestingly, sugar-responsive
IncRNAs displayed a higher density of predicted pseudoknots compared to their RNAI-
responsive counterparts. These higher-order structural motifs likely confer structural
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resilience against ribonucleases in metabolically dynamic environments, facilitating
sustained regulatory interactions (Peselis and Serganov 2014; Chillén and Marcia
2020). Furthermore, despite minimal transcript-level overlap between dietary and
genetic perturbations, common genomic loci (LOC118272830 and LOC126912014)
responded across both conditions. This locus-level convergence highlights dedicated

genomic hotspots that integrate nutritional cues and metabolic stress.

Trans-acting INcRNAs can interact with RNA, DNA, or RNA-binding proteins
and thereby affect transcription, mRNA stability, processing and translation (Dykes
and Emanueli 2017; Statello et al. 2021). Of particular relevance to the present
findings, INcRNA-mRNA base pairing can either stabilize target transcripts and
promote their expression or facilitate transcript degradation and translational
repression, depending on the nature and location of the interaction (Yoon et al.
2013). Thus, the positive association between XR _007707652.1 and SfTRETT1,
together with the negative association between XR_007705431.1 and SfTRET1, could
arise through distinct post-transcriptional mechanisms. This possibility is strengthened
by the preceding computational analyses, which classified these candidates as trans-
associated because they reside on chromosomes different from their
respective SFfTRET1 loci and predicted energetically favourable RNA-RNA
interactions involving sites within the 5' UTR, CDS, or 3' UTR. RNA-RNA interactions
are increasingly recognized as an important mechanism by which structured non-
coding RNAs recognize and regulate RNA substrates, making the predicted
complementarity between these INncRNAs and SfTRET1 transcripts mechanistically
plausible (Wang et al. 2022).

The involvement of these INcCRNAs in carbohydrate regulation is also supported
by the broader functional context of the co-expression networks. mRNAs associated
with structurally stable DE IncRNAs were represented for glucose homeostasis,
carbohydrate metabolism and transmembrane transport, while disruption
of SFTPS and SfTreh additionally  affected fatty-acid [B-oxidation, fatty-acid
biosynthesis and lipid catabolism. This metabolic connectivity is physiologically
reasonable because insect carbohydrate and lipid reserves are tightly coordinated to
meet changing energetic demands. In S. frugiperda, carbohydrate availability has long

been associated with changes in trehalose, glycogen and energetic metabolism, and
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more recent studies have further demonstrated extensive metabolic plasticity
associated with feeding and energy-demanding physiological processes (Oliveira et
al. 2022; Gokulanathan et al. 2024; Li et al. 2026). The observed IncCRNA-
SfTRETT1 relationships may therefore form part of a broader regulatory response that
coordinates trehalose synthesis, hydrolysis, transport and alternative energy utilization

rather than regulating an isolated transporter pathway.

A key finding of the present study was that functional perturbation of candidate
IncRNAs produced distinct effects on S. frugiperda growth and SFTRET1 expression.
Silencing of XR_007706201.1 and MSTRG.4937.1 resulted in increased larval
weight, suggesting that these IncRNAs may normally contribute, directly or indirectly,
to regulatory processes that constrain growth. In contrast, silencing
of XR_007705431.1 significantly reduced larval weight while simultaneously
increasing SFTRET1 expression, providing a particularly strong functional connection
between this INcCRNA, trehalose transport, and larval development. TRET7-mediated
transport is essential for the distribution of trehalose between tissues and maintenance
of carbohydrate homeostasis, and perturbation of trehalose metabolism can markedly
affect insect growth and development (Kanamori et al. 2010; Yang et al. 2024).
Notably, the increase in SfTRET1 following XR_007705431.1 silencing is consistent
with the negative association identified between these transcripts in the sugar-fed
dataset and suggests that XR _007705431.1 may negatively influence SFTRET1
expression. However, the accompanying reduction in larval weight despite
increased SfTRET1 expression indicates that appropriate regulation of trehalose
transport, rather than simply increased transporter abundance, may be required to
maintain metabolic homeostasis and normal growth. Such bidirectional relationships
are biologically plausible given the diverse mechanisms through which IncRNAs
influence gene expression. The metabolomic responses further support a functional
association between candidate IncRNAs, SfTRET1 expression, and carbohydrate
homeostasis. Silencing of SflncXR_007705431.1 and SfincMSTRG.4937.1, both of
which increased SfTRET1 expression, was accompanied by increased trehalose
abundance and a corresponding increase in glucose abundance,
whereas SflncXR_007706201.1 silencing reduced SfTRET1 expression and showed
a contrasting decrease in trehalose. This is biologically relevant because trehalose

and glucose constitute closely interconnected components of insect carbohydrate
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metabolism, and disruption of trehalose-metabolic genes in S. frugiperda alters the
trehalose-glucose balance and produces growth and developmental
abnormalities(Yang et al. 2024). The accompanying changes in glycolytic and TCA-
cycle intermediates in our study further suggest that IncRNA perturbation is associated
with broader metabolic remodelling rather than alteration of trehalose alone. Together
with the corresponding growth phenotypes, these findings strengthen the association
of the identified INcRNAs with the SFTRET1-linked metabolic network, although the
steady-state metabolite measurements alone do not demonstrate changes in
trehalose transport or metabolic flux.

Collectively, the present findings support a model in which nutritionally
responsive and trehalose-metabolism-associated INncCRNAs participate in regulatory
networks linked to SFTRET1 expression, providing a basis for subsequent functional
characterization of IncRNA-mediated control of carbohydrate homeostasis in S.

frugiperda.

Conclusion

In summary, this study provides an integrated view of IncRNA diversity, structural
characteristics, expression dynamics, and functional associations with trehalose
metabolism in S. frugiperda. We show that trehalose synthesis and hydrolysis
perturbation, as well as dietary glucose and trehalose supplementation, elicits distinct
IncRNA expression responses. We identified structurally stable and metabolically
responsive INcCRNAs associated with SfTRET1 expression and predicted several
potential trans-acting INcRNA-SfTRETT interactions. We found that silencing
Sfinc_XR007705431.1, Sfinc_XR007706201.1, and Sfinc_ MSTRG.4937.1
altered SfTRET1 expression, larval growth, and the relative abundance of trehalose,
glucose, and other central metabolites, supporting their involvement in carbohydrate
homeostasis. Together, our findings highlight IncRNAs as dynamic components of the
insect metabolic regulatory network and provide experimentally supported candidates
for future studies investigating their molecular interactions, transcript-level regulatory

mechanisms, and potential relevance to insect growth and metabolic adaptation.
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Figure legends:

Fig. 1 Genome-wide identification, differential expression, and genomic
characterization of IncRNAs in the dsSfTPS—dsSfTreh RNAIi transcriptome.
(a) Workflow illustrating the identification and filtering of high-confidence IncRNAs
from the dsSfTPS-dsSfTreh RNA-seq dataset. Raw sequencing reads were quality
filtered and aligned to the reference genome followed by transcript assembly using
StringTie. Multi-exonic transcripts (2200 bp) were subjected to coding potential
prediction using MDeep, CPC2, and CNCI. The intersecting candidate IncRNAs were
further filtered by DIAMOND BLASTX searches against Swiss-Prot, Pfam, and Rfam
analyses to remove protein-coding transcripts and housekeeping RNAs, yielding the
final high-confidence IncRNA dataset. (b) Volcano plot showing differentially
expressed IncRNAs between dsSfTPS and control. Red and blue dots represent
significantly upregulated and downregulated IncRNAs, respectively, whereas grey
dots indicate non-significant transcripts (adjusted P< 0.05 and |log2FC| > 1).
(c) Heatmap of significantly differentially expressed IncRNAs in dsSfTPS vs
control generated using variance-stabilized transformed (VST) expression values.
Expression values are shown as row-wise Z-scores with hierarchical clustering of
genes and samples. (d) Volcano plot of differentially expressed INncCRNAs in dsSfTreh
vs control. Significantly upregulated and downregulated IncRNAs are highlighted in
red and blue, respectively. (e) Heatmap of significantly differentially expressed
IncRNAs in dsSfTreh vs control based on VST-normalized expression values and
hierarchical clustering. (f) Volcano plot showing differential expression of IncRNAs
between dsSfTPS vs dsSfTreh treatments. (g) Heatmap illustrating expression
patterns of significantly differentially expressed IncRNAs between dsSfTPS vs
dsSfTreh, with row-wise Z-score normalization and hierarchical clustering.
(h) Genomic classification of the 2,589 high-confidence IncRNAs according to their
relationship with protein-coding gene annotations, showing intergenic, intronic,
antisense, splice-junction, same-strand exonic-overlap, exact-reference-match, and
other categories. (i) Chromosomal distribution of the identified IncRNAs across the S.
frugiperda genome; transcripts assigned to unplaced scaffolds were grouped as
“Unplaced.” (j) Distribution of individual IncRNA transcript lengths, shown as a violin

plot with an embedded boxplot indicating the median and interquartile range.
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Fig. 2 Identification and differential expression analysis of high-confidence
IncRNAs in the sugar-fed transcriptome. (a) Workflow illustrating the identification
and filtering of high-confidence IncRNAs from the sugar-fed RNA-seq dataset. Raw
RNA-seq reads were quality filtered, aligned to the reference genome, and assembled
using StringTie. Multi-exonic transcripts (=200 bp) were subjected to coding potential
prediction using MDeep, CPC2, and CNCI. The intersecting candidate IncRNAs were
subsequently filtered by BLASTX, DIAMOND, Swiss-Prot, Pfam, and Rfam analyses
to remove protein-coding transcripts and housekeeping RNAs, resulting in the final set
of high-confidence IncRNAs. (b) Volcano plot showing differentially expressed
IncRNAs between glucose-fed and control samples. Red and blue dots indicate
significantly upregulated and downregulated IncRNAs, respectively, whereas grey
dots represent non-significant transcripts (adjusted P < 0.05 and |log2FC| > 1).
(c) Heatmap of significantly differentially expressed IncRNAs in glucose-fed vs
control generated using variance-stabilized transformed (VST) expression values.
Expression values are displayed as row-wise Z-scores with hierarchical clustering of
genes and samples. (d) Volcano plot showing differentially expressed IncRNAs
between trehalose-fed and control samples. (e) Heatmap showing the expression
profiles of significantly differentially expressed IncRNAs in trehalose-fed vs control,
based on VST-normalized expression values and hierarchical clustering. (f) Volcano
plot of differentially expressed IncRNAs between glucose-fed vs trehalose-
fed treatments. (g) Heatmap illustrating the expression patterns of significantly
differentially expressed INcCRNAs between glucose-fed vs trehalose-fed samples using
row-wise Z-score normalization and hierarchical clustering. (h) Genomic-location
classification of the 2,636 high-confidence IncRNAs. (i) Chromosomal distribution of
the identified IncCRNAs across the S. frugiperda genome, with unplaced scaffolds
grouped as “Unplaced.” (j) Distribution of individual IncRNA transcript lengths, shown
as a violin plot with an embedded boxplot indicating the median and interquartile

range.

Fig. 3 Structural characterization and expression validation of candidate
IncRNAs across RNAi and sugar-fed transcriptomes (a) Structural stability
landscape of high-confidence INcRNAs based on normalized minimum free energy
(MFE/nt) and normalized ensemble diversity. Dashed lines indicate the thresholds

used to classify structurally stable transcripts (MFE < -0.20 kcal mol™ nt™ and
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ensemble diversity < 0.20 per nucleotide). Blue points represent structurally stable
IncRNAs, whereas red points indicate structurally unstable IncRNAs. (b) UpSet plot
showing the overlap of structurally stable IncRNAs identified among the differential
expression comparisons from the two transcriptome datasets. Vertical bars indicate
the number of INcRNAs within each intersection, whereas horizontal bars represent
the total number of stable INcRNAs detected in each comparison. (¢) Venn diagram
illustrating the distribution of structurally stable IncRNAs between the glucose—
trehalose sugar-fed transcriptome and the dsSfTPS—dsSfTreh RNAI transcriptome. A
total of two stable IncRNAs were shared between the datasets, while ten and sixty-
five stable IncRNAs were unique to the sugar-fed and RNAi transcriptomes,
respectively. (d) Classification of high-confidence IncRNAs identified from
the dsSfTPS-dsSfTreh RNAIi and sugar-fed transcriptomes. Stacked bar plots show
the numbers of annotated INcRNAs (XR), novel IncRNAs (MSTRG), and reclassified
putative INcRNAs (XM) in each dataset. (e) Heatmap showing expression patterns of
selected candidate IncRNAs across control (SFAD), glucose-fed (SFG), and
trehalose-fed (SFT) samples. (f-h) qRT-PCR validation of selected IncRNAs under
glucose- and trehalose-fed conditions. (i) Heatmap showing expression patterns of
selected candidate IncRNAs across control (L4440), dsSfTPS, and dsSfTreh
treatments. (j,k) qRT-PCR validation of selected IncRNAs following dsSfTPS and
dsSfTreh treatments. Heatmap expression values are presented as row-wise Z-
scores.

Fig. 4 Differential expression profiles of protein-coding transcripts across RNAi
and sugar-fed transcriptomes. (a—c) Hierarchically clustered heatmaps of
differentially expressed genes (DEGs) following dsSfTPS vs control, dsSfTrehvs
control, and dsSfTPS vs dsSfTreh, respectively. (d—f) DEG expression profiles under
glucose vs control, trehalose vs control, and glucose vs trehalose comparisons,
respectively. Expression values are represented as row-wise Z-scores, with
selected SfTRET1 transcripts highlighted. (g) Venn diagram showing shared and
comparison-specific DEGs among the three RNAi contrasts. (h) Venn diagram
showing DEG overlap among the three sugar-fed comparisons. (i) UpSet plot
summarizing shared and comparison-specific DEGs across the RNAi and sugar-fed

transcriptomes.
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Fig. 5 Co-expression network and Gene Ontology analysis of IncRNA-
associated protein-coding genes in the dsSfTPS-dsSfTreh RNAi and sugar-fed
transcriptomes. (a) Co-expression network of differentially expressed stable
IncRNAs and their correlated protein-coding genes in the dsSfTPS-dsSfTreh RNAI
transcriptome. Nodes represent INcRNAs and mRNAs, while edges indicate significant
Pearson correlations (|r] = 0.9 threshold). Node colors denote transcript categories
corresponding to the three pairwise comparisons (dsSfTPS vs control, dsSfTreh vs
control, and dsSfTPS vs dsSfTreh), whereas edge colors indicate positive (green) and
negative (red) correlations. Edge thickness is proportional to the absolute correlation
coefficient, highlighting highly connected hub IncRNAs and mRNAs. (b) Co-
expression network of differentially expressed stable IncRNAs and protein-coding
genes in the sugar-fed transcriptome. Node colors distinguish IncRNAs identified from
the glucose-fed vs control, trehalose-fed vs control, and glucose-fed vs trehalose-
fed comparisons. Green and red edges represent positive and negative correlations,
respectively, with edge width corresponding to the magnitude of the Pearson
correlation coefficient. (¢) Gene Ontology (GO) analysis of protein-coding genes co-
expressed with INcCRNAs in the dsSfTPS-dsSfTreh RNAI transcriptome. Annotated GO
terms are grouped into the three major GO categories: Biological process (BP),
Cellular component (CC), and Molecular function (MF). Horizontal bars indicate the
number of upregulated (red) and downregulated (blue) genes associated with each
annotated GO term. (d) Gene Ontology (GO) analysis of protein-coding genes co-
expressed with INcRNAs in the sugar-fed transcriptome. Annotated GO terms are
classified into Biological process, Cellular component, and Molecular function, with
horizontal bar plots representing the numbers of upregulated (red) and downregulated
(blue) genes assigned to each functional category. These analyses highlight the
biological processes and molecular functions potentially regulated by the identified

INcRNA-mRNA co-expression modules.
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Fig. 6 Co-expression and qRT-PCR validation of candidate IncRNA-
SfTRET1 expression relationships. (a) Co-expression heatmap showing the
negative association between SFTRET1 (LOC126911554) and XR _007705431.1
under glucose-fed conditions. (b, c) gRT-PCR validation
of SFTRET1 (LOC126911554) and XR_007705431.1 expression, respectively,
following glucose feeding. (d) Co-expression heatmap showing the positive
association between SfTRET1(LOC118270239) and XR_007707652.1 following
dsSfTPS treatment. (e, f) qRT-PCR validation of SFTRET1(LOC118270239) and
XR_007707652.1 expression, respectively, following dsSfTPS treatment. (g) Co-
expression profiles of SFTRET1 (LOC118277428) with positively and negatively
correlated candidate IncRNAs in the dsSfTPS vs dsSfTreh comparison. (h—k) gRT-
PCR validation of SfTRET1 (LOC118277428), XR_007706201.1, MSTRG.6956.8,
and MSTRG.4937.1, respectively. Heatmap values represent row-wise standardized
expression (Z-scores), and correlation coefficients (r) are indicated for the

corresponding INCRNA-SfTRET1 relationships.

Fig. 7 Functional silencing of candidate IncRNAs alters SfTRET1 expression
and larval growth in S. frugiperda. (a) Temporal changes in larval body weight
following  silencing of Inc XR _007705431.1 compared with the dsGFP
control. (b) Temporal changes in larval body weight following silencing
of Sfinc_ XR_007706201.1 and Sflnc MSTRG.4937.1 compared with dsGFP-treated

larvae. (c) Representative larval phenotypes
following Sflnc_ XR_007705431.1 silencing compared with the dsGFP
control. (d) gRT-PCR validation of Sfinc_ XR_007705431.1 silencing
efficiency. (e) Relative expression of SFTRET1 (LOC126911554)

following Sflnc_XR_007705431.1 silencing. (f) Representative larval phenotypes
following Sflnc_XR_007706201.1 silencing compared with dsGFP-treated
larvae. (g) qRT-PCR validation of Sflnc_XR_007706201.1 silencing
efficiency. (h) Relative expression of SFTRET1 (LOC118277428)
following Sflnc_ XR_007706201.1 silencing. (i) Representative larval phenotypes
following Inc_MSTRG.4937.1 silencing compared with the dsGFP control. (j) qRT-
PCR validation of Sfinc_ MSTRG.4937.1 silencing efficiency. (k) Relative expression
of SFTRET1 (LOC118277428)  following Sflnc_ MSTRG.4937.1 silencing. Bars
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represent mean * SEM, and the corresponding P-values are indicated above

comparisons.

Fig. 8 Metabolic changes associated with silencing of SfTRET7-associated
IncRNAs in Spodoptera frugiperda. (a) Heatmap showing relative metabolite
abundance following silencing of SfincXR_007705431.1 compared with the dsGFP
control. (b, ¢) Trehalose and glucose abundance, respectively, in dsGFP- and
dsSflncXR_007705431.1-treated larvae. (d) Heatmap showing relative metabolite

abundance following silencing
of SfincXR_007706201.1 and SfincMSTRG.4937.1 compared with the dsGFP
control. (e, f) Trehalose and glucose abundance, respectively,

following dsSfincXR_007706201.1 silencing. (g, h) Trehalose and glucose
abundance, respectively, following dsSflncMSTRG.4937.1 silencing. For heatmaps,
metabolite abundances were log2-transformed and standardized by row-wise Z-score;
red and blue indicate relatively higher and lower abundance, respectively. Hierarchical
clustering was performed for metabolites and independently among biological
replicates within each treatment group. Values adjacent to the heatmaps indicate log2
fold change (log2FC) relative to dsGFP and corresponding P values. Bar plots show
mean + SEM, with individual treatments compared with dsGFP using two-sided Mann—

Whitney U tests. P values are indicated above the comparisons.
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Supplementary figure legends:

Fig. S1 Differential expression overlap and transcript-length characteristics of
IncRNAs in the dsSfTPS-dsSfTreh RNAi transcriptome. (a) Venn diagram
showing shared and comparison-specific differentially expressed IncRNAs among
dsSfTPS vs control, dsSfTreh vs control, and dsSfTPS vs dsSfTreh. (b) Comparison
of normalized expression levels between the identified IncRNAs and protein-coding
mRNAs; sample sizes, median values, and statistical significance are
indicated. (c) Length distribution of the 2,589 high-confidence IncRNAs across four

transcript-size classes.

Fig. S2 Differential expression overlap and transcript-length characteristics of
IncRNAs in the sugar-fed transcriptome. (a) Venn diagram showing shared and
comparison-specific differentially expressed IncRNAs among glucose vs control,
trehalose vs control, and glucose vs trehalose comparisons. (b) Comparison of
normalized expression levels between INcCRNAs and protein-coding mRNAs; sample
sizes, median values, and statistical significance are indicated. (c) Length distribution

of the 2,636 high-confidence IncRNAs across four transcript-size classes.

Fig. S3 Structural features and predicted subcellular localization of IncRNAs
identified from the RNAi and sugar-fed transcriptomes. (a) Exon-number
distribution of high-confidence INncRNAs in the dsSfTPS—dsSfTreh RNAi and sugar-
fed datasets. (b) Predicted subcellular localization of IncRNAs across the nucleus,
cytoplasm, cytosol, exosome, and ribosome. (¢, d) Comparison of predicted
pseudoknot counts and pseudoknot density, respectively, among structurally stable

IncRNAs from the sugar-fed and RNAI transcriptomes; median values are indicated.

Fig. S4 Agarose gel validation of candidate IncRNA amplification upon
quantitative real-time PCR analysis. (a) Agarose gel electrophoresis showing RT-
PCR amplification of candidate IncRNAs MSTRG.4316.8 and MSTRG.9631.12 under
artificial diet (AD control), glucose-fed, and trehalose-fed conditions. Amplification
products were resolved on agarose gels alongside a DNA size marker, with the
expected amplicon size of approximately 500 bp indicated. (b) Agarose gel validation
of XR_007705431.1 and MSTRG.8126.1 amplified from glucose-fed and trehalose-

fed samples. Distinct single PCR products of the expected size confirmed successful
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amplification before downstream gRT-PCR analysis. (c) Agarose gel validation
of MSTRG.8083.1, MSTRG.12532.1, and MSTRG.13577.1 amplified from L4440
control and dsSfTreh RNAi samples. Representative PCR products of the expected
size (~500 bp) demonstrate the specificity of primer amplification used for subsequent
quantitative expression analyses. DNA ladders were included as molecular size

markers in each gel.

Fig. S5 Differential expression profiles of protein-coding transcripts across
RNAi and sugar-fed conditions. Volcano plots showing differentially expressed
mMmRNAs in (@) dsSfTPS vs control, (b) dsSfTreh vs control, (c) dsSfTPSvs
dsSfTreh, (d) glucose vs control, (e) trehalose vs control, and (f) glucose vs trehalose
comparisons. Red and blue points represent significantly upregulated and
downregulated transcripts, respectively, while grey points indicate non-significant
transcripts. Dashed lines indicate the applied fold-change and adjusted P-value

thresholds; selected highly significant transcripts are labelled.

Fig. S6 Predicted interaction sites of candidate IncRNAs on the SfTRET1
transcript (XM_035596214.2). Schematic representation of the predicted binding
positions of seven candidate INcRNAs on the SfTRET1 (XM_035596214.2) transcript
based on IntaRNA interaction analysis. The transcript is divided into the %’
untranslated region (5’ UTR; nucleotides 1-277), coding sequence (CDS; nucleotides
278-1741), and 3' untranslated region (3' UTR; nucleotides 1742—-2139). Colored
horizontal bars indicate the predicted binding regions of individual IncRNAs, with blue
representing positively  correlated IncRNAs and red representing negatively

correlated IncRNAs based on Pearson correlation analysis.

Fig. S7 Confirmation of dsRNA production for candidate Spodoptera
frugiperda IncRNAs by agarose gel electrophoresis. (a) Agarose gel showing
dsRNA production in IPTG-induced and uninduced E. coli HT115 cultures carrying
L4440 constructs for the dsGFP control and Inc_XR_007705431.1. (b) Agarose gel
showing dsRNA production in induced and uninduced cultures carrying L4440
constructs  for Inc_ XR_007706201.1 and Inc_MSTRG.4937.1. Distinct bands
corresponding to the expected dsRNA products were detected predominantly in the

induced cultures, confirming IPTG-dependent dsRNA production. Molecular size
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markers are shown on the left, with the 500-bp position indicated. Red boxes highlight
the corresponding dsRNA bands.

Fig. S8 Developmental phenotypes of Spodoptera frugiperda following
prolonged silencing of candidate SfTRET1-associated IncRNAs.
Representative larval and pupal phenotypes recorded on day 10 following dsRNA-
mediated silencing of candidate IncRNAs. (a) Developmental phenotypes of
dsSTXR_007705431.1-treated insects compared with the dsGFP control, showing
delayed developmental progression and a higher proportion of larvae remaining at the
larval stage in the silenced group. (b) Representative phenotypes following silencing
of SIXR_007706201.1 and SIMSTRG.4937.1 compared with the dsGFP control.
Images show the developmental stages present in each treatment at day 10; scale is

shown in centimeters.

Supplementary Information:

Table S1. Identification and characterization of IncRNAs from the dsSfTPS- and

dsSfTreh-silenced transcriptomes and the sugar-fed transcriptome.

Table S2. Differentially expressed genes (DEGs) identified from the dsSfTPS- and

dsSfTreh-silenced transcriptomes and the sugar-fed transcriptome.

Table S3. Primers used in this study.
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Figure 3

Structural Stability Landscape of IncRNAs
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Figure 4
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Figure 7
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Figure 8
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