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Abstract

Associative Transcriptomics (AT) is an advanced integrative approach that synergizes Genome Wide Association Studies (GWAS) with
transcriptome profiling to unravel the complex genetic architecture underlying phenotypic traits. Unlike conventional GWAS, which relies
solely on DNA marker polymorphism such as Single Nucleotide Polymorphisms (SNPs), AT incorporates both SNPs and Gene Expression
Markers (GEMs), thereby enhancing the resolution and sensitivity of trait discovery. This dual-marker strategy is particularly valuable in
genetically complex or polyploid species, where linkage disequilibrium patterns and gene redundancy often obscure signals in traditional
analyses. Over the past decade, AT has emerged as a powerful tool for identifying trait-associated loci in several agriculturally important
crops, including Brassica species and Triticum aestivum. The increasing availability of high-throughput sequencing platforms, combined
with advancements in machine learning and statistical modelling, has accelerated the ability to integrate transcriptomic and genomic
data on a large scale. Recent methodological innovations include the use of pan-transcriptomic references, co-expression networks and
multi-omics integration to refine trait mapping. Despite its potential, AT faces ongoing challenges, including the management of
population structure, transcriptome complexity across tissues and developmental stages and the dynamic influence of environmental
factors on gene expression. AT holds considerable promise in supporting precision breeding programs, enabling targeted genetic
interventions and advancing the development of climate-resilient crop varieties.
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resolution QTL mapping and marker-assisted selection (MAS)
strategies in crops (2) (Fig. 1).

Introduction

The study of genetic variation and trait inheritance has evolved
from classical Mendelian genetics to advanced genome wide
analyses, shaping our understanding of complex traits. Mendel’s
pioneering experiments with pea plants in the 19" century

Since then, conventional QTL mapping has become a
widely used approach to identify the genetic loci controlling
quantitative traits. QTL mapping involves crossing two parental

provided the foundation for genetic inheritance, which were later
expanded in the early 20" century with Sturtevant’s development
of the first genetic linkage map. By the mid-20" century,
population genetics models by Fisher and Wright laid the
groundwork for quantitative genetics, leading to the concept of
quantitative trait loci (QTLs). In 1923, Karl Sax first demonstrated
the concept of QTL mapping by using seed coat colour as a
morphological marker, to track the inheritance of seed size in
Phaseolus vulgaris, suggesting genetic linkage between
qualitative and quantitative traits (1). The late 20" century saw the
advent of DNA-based molecular markers enabling the first high-

lines with contrasting phenotypes, followed by genotyping and
phenotyping their segregating offspring to map genomic regions
associated with trait variation. While this method has been
instrumental in understanding the genetic basis of complex traits,
it has several constraints. One significant limitation is the reliance
on predefined genetic populations such as F,, backcross and
recombinant inbred lines, which may not represent the full
spectrum of natural variation in the species, limiting the
applicability of findings to diverse environments or broader
germplasm (3). The next consideration is population size, as small
or intermediate-sized populations often fail to capture sufficient
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Fig. 1. Chronological timeline of advancements from Mendelian genetics to association mapping in the Omics era.

genetic diversity, leading to reduced mapping resolution and
statistical power (4). With low-density molecular linkage maps
and small population size, genetic recombination between linked
markers can complicate the identification of causal QTLs,
particularly in regions with low recombination rates (5). Further,
many loci identified for quantitative trait variation are small-effect
QTLs exhibiting genotype-by-environment (G x E) interactions (4,
6). Conventional QTL mapping often restricted to single-
environment studies, fails to account for such G x E interactions,
which are critical for understanding the stability and expression of
traits across different environments (7). These limitations have
driven the development of more advanced approaches, such as
GWAS and integrative multi-omics strategies. The completion of
whole-genome sequences in model species such as Arabidopsis (8)
and humans (9) during the early 2000s facilitated the emergence of

GWAS, allowing for the high-throughput identification of genetic loci
associated with phenotypic traits. Over the past decade,
advancements in next-generation sequencing (NGS) technologies
have further refined gene-trait associations to enhance the
resolution and power of genetic mapping (10).

Understanding gene regulation and complex traits:
Moving from GWAS to associative transcriptomics

Gene regulation is essential for understanding how genetic
variation contributes to complex traits such as yield, resistance to
biotic and abiotic stresses. GWAS and associative transcriptomics
are complementary strategies that together provide a
comprehensive understanding of the genetic regulation of
complex traits. GWAS identifies genetic variants, particularly
SNPs, that are statistically associated with phenotypic traits by
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scanning the entire genome across diverse populations including
germplasm, thereby reducing the effort and time required
compared to QTL mapping. While GWAS is effective, the need for
high density DNA-based polymorphic markers and a complete
reference genome to localize candidate genes, becomes a
limitation, particularly in polyploid crops like Brassica species,
wheat or sugarcane, where genome complexity due to polyploidy
hinders accurate marker placement and trait association (11).
Further, GWAS often identifies non-coding or intergenic variants
with unclear functional significance and fails to detect regulatory
elements that modulate gene expression (12). This restricts its
power in uncovering expression QTLs (eQTLs) - regions where
gene expression itself is the phenotype of interest. This is where
associative transcriptomics and transcriptome wide association
studies play a crucial role, as they integrate transcriptome data
with genetic variation to establish causal relationships between
SNPs, gene expression and phenotypic traits.

Associative transcriptomics versus transcriptome wide
association studies

Both AT and Transcriptome-Wide Association Studies (TWAS) aim
to identify genes linked to traits by integrating genetic and gene
expression data, going beyond traditional GWAS. While they share
this common goal, their workflows and data requirements differ
considerably.

AT is a transcriptome based GWAS approach that
correlates trait variation with both quantitative expression of
genes and sequence variation of transcripts (13 - 15). AT uniquely
captures two types of molecular markers from RNA sequencing
data- SNPs, which are derived from expressed transcripts and
used to map sequence variation (16) and GEMs, which represent
normalized transcript abundance, that are typically measured in
reads per kilobase of transcript per million mapped read (RPKM)
units. This dual strategy of combining SNPs and GEMs makes it
possible to pinpoint candidate genes and regulatory networks
that drive complex trait variation (17, 18).

TWAS, by contrast, builds on GWAS by incorporating gene
expression information in a two-stage process. First, it uses a
reference panel to train models that predict gene expression from
genotype. These models are then applied to a larger GWAS cohort
with genotypic data only to impute expression levels and test their
association with the trait (19). Unlike AT, TWAS does not require
direct expression measurements from the study population, making
it scalable to larger datasets. However, it relies heavily on the
accuracy and tissue relevance of the expression reference panel.

Thus, both AT and TWAS provide complementary
frameworks for linking genes to traits through expression, but AT
requires matched genotype and transcriptome data from the
same individuals, while TWAS uses external expression data to
enable large-scale association testing. Together, these approaches
enhance our ability to dissect the genetic architecture of complex
genetic traits and improve predictive breeding strategies,
especially when integrated with emerging multi-omics tools like
single-cell RNA-seq and epigenomics (20, 21).

Workflow of AT
AT follows a structured workflow to establish genotype-
phenotype associations by combining gene expression profiles

with genotypic and phenotypic data. The workflow involves
selecting an appropriate mapping panel, phenotyping the panel,

collecting plant samples, extracting and sequencing RNA to
generate transcriptome profiles. Once the sequencing data is
obtained, preprocessing steps are done, including quality control,
alignment to a reference genome and normalization to reduce
technical biases (22). The core of the protocol is the association of
transcriptomic variations with genetic markers or phenotypic
traits, typically facilitated by statistical models (11, 13, 15).
Differential gene expression is then analysed to identify genes that
are significantly correlated with the traits of interest, followed by
functional annotation and pathway analysis, which help elucidate
the biological relevance of the identified genes (23). By integrating
these various steps, AT helps to elucidate the genetic basis of
complex traits, though the accuracy of the results relies heavily on
the quality of data at each stage (Fig. 2).

Mapping panels

The success of AT studies largely depends on the choice of a well-
structured diversity panel, which enhances statistical power and
mapping resolution. A genetically diverse panel captures a broad
spectrum of natural variations arising due to recombinations and
mutations, facilitating the identification of eQTLs and marker-trait
associations. Incorporating accessions with distinct transcriptomic
profiles under various conditions aids in uncovering gene
regulatory mechanisms associated with agronomically valuable
traits (24). Avoiding excessive population stratification through
careful selection minimizes spurious and false associations,
improving the robustness of trait-linked discoveries (25). Moreover,
panels that include elite cultivars, ecotypes, breeding lines from
diverse geographical backgrounds and wild relatives facilitate the
identification of key adaptive traits, accelerating the development
of climate-resilient and high-yielding crop varieties through
targeted breeding strategies (26). In Brasscia napus, AT panel was
made up of a subset of 288 accessions derived from the
Renewable Industrial Products from Rapeseed (RIPR) diversity
population comprising of 56 Modern Winter Oil Seed Rape (OSR),
65 Winter OSR, 6 Winter Fodder, 121 Spring OSR, 26 Swede and 14
Exotic varieties for dissecting the glucosinolate biosynthesis (15).
Similarly, different subset of individuals from the same RIPR
diversity panel were used for identification of candidate loci
governing erucic acid and Vitamin E content through AT (27, 28).

Acquisition of phenotypic data

The reliability of genotype-phenotype associations in AT studies
depends on accurate and high-quality phenotypic data, which are
essential for ensuring meaningful and reproducible results.
Complex phenotypic traits being influenced by both genetic and
environmental factors, warrant systematic data collection across
multiple locations, seasons and controlled environments to improve
repeatability and minimize confounding effects (3, 29). Adequate
biological and technical replications is crucial for ensuring the
reproducibility of trait measurements and reducing errors arising
from environmental interactions (30). Environmental factors such as
water, temperature, soil composition and biotic stresses can
significantly alter gene expression patterns, making it essential to
design experiments that separate genetic effects from
environmental noise through multi-season and multi-environment
trials (6, 31). High-throughput phenotyping (HTP) technologies,
including imaging and remote sensing, enhance the precision and
scalability of trait evaluation (32, 33), while advanced statistical
models help correct for environmental and population structure
effects (34). For example, texture analyser was used to measure and
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Fig. 2. Workflow of associative transcriptomics.

monitor stem strength in real time to elucidate its genetic basis
based on associative transcriptomics in bread wheat (35). In addition
to HTP technologies like Fourier transform infra-red screening and
OLlIgo Mass Profiling, demonstrated the suitability of high density
carbohydrate microarrays as a novel cell wall glycomics based
phenotyping strategy for association analysis of plant cell wall
composition in rape seed (36). Previous studies deployed image
processing and advanced machine learning methods to automate
stomatal counting as a part of the combined GWAS-TWAS analysis
to identify genetic loci associated with physiological traits governing
water use efficiency (37). Ensuring well-replicated and seasonally
tested phenotypic datasets strengthens the power of AT studies to
identify regulatory networks governing complex traits, ultimately
advancing crop improvement efforts.

Sample collection and RNA extraction

Sample collection and preparation including RNA extraction
directly impacts the quality and reliability of the resulting data.
The selection of appropriate tissues and time points is essential,
as the expression of genes varies significantly across different
tissues, developmental stages and environmental conditions (38).
Selecting tissues relevant to the trait of interest ensures that the
transcriptomic data reflects the pertinent biological process.
Timing of sample collection can influence gene expression
patterns. Temporal variation must be carefully considered when
designing experiments, as certain genes may exhibit dynamic
expression across different stages of development or under
specific environmental stresses (39). For instance, first true leaf was
collected close to the petiole at a time point close to the mid
photoperiod from 21-day old seedlings of Brassica napus for
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transcriptome sequencing (13). The base of third leaf and the
shoot growth point at the 3-leaf stage during the day were
collected for analysing transcript abundance of stomatal
patterning genes in a subset of 229 Sorghum accessions (37).

RNA extraction from collected samples requires meticulous
handling as it affects the downstream quality of sequencing data.
Low-quality or degraded RNA can lead to unreliable results, making
sample preparation a critical step in NGS-based studies (40, 41).
Common RNA extraction methods include TRIzol reagent-based
protocols, column-based methods and combinations of both
methods, that offer higher purity and are particularly useful for high-
throughput RNA-seq applications (42). The quality of RNA extracted
must be rigorously assessed before sequencing to ensure accurate
results. Quality control of RNA involves checking both the quantity
and integrity of RNA samples. The concentration of RNA is usually
determined using spectrophotometric methods (e.g., NanoDrop)
or fluorometric assays (e.g., Qubit). Conventionally, RNA integrity is
measured using the RNA Integrity Number (RIN), which is
determined through electrophoretic methods or automated
systems like the Agilent Bioanalyzer (43). Recently, a new quality
score based on ratio metric fluorescence-based method has been
developed for rapidly assessing RNA degradation and the results
are given in terms of RNA Integrity and Quality number (RNA 1Q)
(40). Both RIN and RNA IQ scales range from 1 to 10, with 1
indicating highly degraded RNA and 10 indicating high quality
intact RNA (40). RNA with a RIN or RNA 1Q of 7 or above is
considered suitable for sequencing and provides reliable data for
downstream analyses.

Sequencing platforms for transcriptomics

RNA-sequencing is central to the AT approach, offering a cost-
effective method to generate both SNPs and GEMs from a single
dataset. Various methods are available for whole transcriptome
sequencing, including shotgun sequencing, tag-based sequencing,
bulk RNA sequencing, single-cell RNA sequencing and spatial RNA
sequencing. These methods differ in resolution, throughput,
application scope and their successful implementation depends
on the selection of an appropriate sequencing platform. Among
the most widely used sequencing platforms for RNA sequencing,
lllumina, PacBio and Oxford Nanopore Technologies stand out
due to their capabilities in sequencing depth, accuracy, read length
and overall performance.

lllumina is the most widely used sequencing platform for
transcriptomic studies, valued for its high throughput, cost
efficiency and accuracy. It generates high quality short reads
(typically 100-150 base pairs) with low error rates, making it
suitable for reliable detection of gene expression levels, alternative
splicing events and novel transcripts. Its combination of short read
lengths and deep coverage ensures precise quantification and
robust analysis of differential gene expression across different
experimental conditions (44). Most of the transcriptome
sequencing done in Brassica species for associative transcriptomic
analysis have extensively used the Illumina sequencing platforms
(11, 13, 45, 46). However, the short-read lengths can be limiting
when trying to resolve complex genomic features, such as long
genes or intricate splicing patterns. Moreover, lllumina sequencing
is prone to GC bias, where regions with high GC content may be
underrepresented. Despite these limitations, lllumina remains the
gold standard for transcriptomic studies, particularly in well-

annotated genomes where high-throughput, cost-effective
sequencing is required.

Pacific Biosciences (PacBio) sequencing offers long reads
(up to tens of kilobases), which is a significant advantage for
transcriptomic studies where full-length transcript sequencing
and accurate isoform detection are crucial (47). PacBio's Single
Molecule, Real-Time (SMRT) technology provides high-quality,
long reads that can span entire exons or even full-length
transcripts (48). This capability makes PacBio ideal for studying
complex transcriptomic features, such as alternative splicing,
gene fusion events and alternative polyadenylation events (49).
One of the major advantages of PacBio is its ability to capture
complete transcripts without the need for assembly from short
reads, reducing the risk of assembly errors.

Oxford Nanopore Technologies offers a unique approach
to long-read sequencing using a portable and flexible platform
(50). The key advantage of Oxford Nanopore is its ability to
sequence directly from RNA, eliminating the need for reverse
transcription and cDNA synthesis, thus providing a more accurate
snapshot of the native transcriptome. This feature makes Oxford
Nanopore ideal for real-time targeted sequencing in dynamic
conditions, such as stress responses or developmental processes
(51). Nanopore sequencing also has the advantage of being
scalable, with both benchtop and handheld devices available for
different experimental needs. However, both PacBio and Oxford
Nanopore sequencing come with their own set of challenges.
These long-read sequencing platforms are more expensive than
Illumina sequencing and have higher error rates, particularly with
homo-polymeric regions, although recent advancements in base
calling algorithms have improved accuracy. Furthermore, the
throughput and overall sequencing quality can vary depending on
the specific device and run conditions, which may limit the
consistency of results.

The choice of sequencing platforms largely depends on
the specific goals of the transcriptomic study. Illumina remains
the most widely used platform for gene expression quantification,
differential expression analysis and detecting known splice
variants, due to its high throughput, accuracy and affordability.
PacBio and Oxford Nanopore, with their ability to generate long
reads, are invaluable for capturing full-length transcripts, isoform
diversity and resolving complex splicing patterns, but they come
with higher costs and increased error rates. For studies focused on
gene expression at the isoform level or investigating novel
transcripts in less characterized genomes, long-read platforms
like PacBio and Oxford Nanopore may be more appropriate,
whereas short-read sequencing with Illumina is ideal for studies
that prioritize depth and precision in well-annotated species.

Preprocessing of transcriptome data for SNP identification
inAT

In AT, preprocessing mMRNA-Seq data from a diversity panel to
identify SNPs within unigenes involves a series of steps aimed at
ensuring data quality and accuracy in downstream analyses. The
first step in this process is performing quality control (QC) on the
raw sequencing data, typically using tools such as Trimmomatic
(52) or Cutadapt (53) to remove adapter sequences and filter out
low-quality reads. A subsequent QC check is conducted with Fast
QC (54) to assess the overall quality of the data, ensuring that it
meets the necessary standards before further processing.
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Once the raw reads are cleaned, they are aligned to a
reference transcriptome using alignment tools such as STAR (55),
HISAT2 (56), or Bowtie2 (57). The alignment step is followed by
post-alignment QC to verify the accuracy and completeness of the
alignment, which is commonly done using tools like Samtools
(58) to assess alignment statistics and coverage. In an AT study in
Brassica species, raw reads were aligned against a curated
reference unigene set derived from ancestral genomes (Brassica
rapa for the A genome and B. oleracea for the C genome) to
distinguish between duplicated genes in polyploid species (59).

SNP and GEM marker calling

The aligned reads are used to generate two key marker data sets
viz,, SNP matrix and GEM matrix. SNP calling is done using
specialized softwares such as GATK (60), FreeBayes (61), Samtools
(58) or by using custom scripts. During this step, various filters are
applied to retain only high-confidence variants, ensuring the
reliability of the detected SNPs. In a study involving B. napus (45)
filtering for minor allele frequencies and excessive missing data,
retained over 144000 high-confidence SNPs for association
analysis. Further, in these polyploid species, genome specific
SNPs can be distinguished using inter homeolog polymorphisms
(IHPs), a method based on detecting allele-specific expression
linked to parental genomes. This step is essential for accurate
marker positioning in polyploid genomes, where duplicated loci
can otherwise confound analysis (62). In Brassica napus, where
high sequence similarity exists between the Aand C sub-genomes
RNA-Seq data mapped to a curated unigene set, modified to
include both homeologous variants from the two genomes,
enabled the accurate distinction of homeologous gene
expression and assignment of SNPs to specific sub-genomes (13).

To generate GEMs, RNA-seq reads from multiple genotypes
are aligned to a unigene reference using a short-read aligner like
MAQ (58). In polyploid species, separate genome versions are
included to account for homeologous sequences. Reads mapping
equally to multiple locations are randomly picked and evenly
assigned to genomic specific unigenes to avoid bias. From the
alignment files, gene-level read counts are extracted using
custom scripts, followed by quantification and normalized as
RPKM (Reads per Kilobase of unigene per Million aligned reads)
values. These RPKM values represent GEMs, which are
quantitative markers reflecting transcript abundance across
genotypes for use in expression-trait association studies.

The aligned SNPs and GEMs are then positioned on
pseudochromosomes, which are constructed by ordering unigenes
based on homology to existing gene models and physical maps
available in that particular crop species. These variants are
annotated for their potential functional significance using resources
like Ensembl (63) or SnpEff (64), to provide insights into the potential

impact of each SNP on gene function and regulation. The
bicinformatic tools commonly used for processing transcriptomic
dataare providedin Table 1.

Population structure and linkage disequilibrium analysis

Population structure and linkage disequilibrium (LD) analysis are
essential steps in associative transcriptomics to ensure that the
observed associations between genetic variants (SNPs) and gene
expression are not confounded by population stratification or
unrelated genetic factors. These confounding effects can inflate
test statistics, producing spurious associations between
molecular markers (SNPs or GEMs) and phenotypic traits resulting
in false positives (34, 65). Such confounding effects are particularly
prevalent in crops such as Brassica species, where population
history includes interspecific hybridization and breeding
bottlenecks (45).

Population structure refers to the presence of genetic
subgroups within a population, which can lead to false
associations if not accounted for. In one of the first AT applications,
observed that failure to adjust for population structure could result
in inflated significance scores, which may overstate the
importance of detected loci (13). This issue becomes amplified,
particularly in polyploid species, where allelic dosage and gene
duplication further complicate marker-trait associations. To assess
population structure, tools like PCA (Principal Component
Analysis) or STRUCTURE Harvester (66) can be used to detect
clusters within the population. PCA, implemented in software like
PLINK (67) or R, identifies the major axes of genetic variation, which
are visualized in scatter plots to observe clustering of individuals.
STRUCTURE (68) and similar software use Bayesian clustering
methods to infer population subgroups based on genetic data. If
population structure is detected, it is essential to include principal
components or population subgroups as covariates in subsequent
association analyses to correct for any potential confounding.
PSIKO (Population Structure Inference using Kernel Optimization)
is a more computationally efficient tool for modelling population
structure (69). It uses a probabilistic framework to infer
subpopulations from SNP matrices without the computational
burden of traditional STRUCTURE runs. PSIKO is particularly
advantageous in large datasets where STRUCTURE becomes
impractical due to its intensive MCMC sampling. In practical
workflows, PSIKO-derived Q matrices can replace STRUCTURE
outputs in mixed models, offering similar resolution but with
reduced runtime (15). When paired with a kinship matrix, the
PSIKO-MLM pipeline effectively balances computational feasibility
with statistical rigor in AT analyses.

LD refers to the non-random association of alleles at
different loci in a population. High LD between SNPs can lead to
spurious associations if not properly accounted for. To assess LD,

Table 1. Computational workflow and bioinformatic resources for implementing associative transcriptomics

S.No Computational steps in AT

Bioinformatic tools

1 Preprocessing RNA sequence reads

Association analysis

2 Read alignment

3 SNP variant calling

4 GEM calling

5 Population structure analysis
6 LD analysis

7

8

Annotation tools

FastQC, Fastp, Cutadadapt, Trimmomatic
STAR, HISAT2, Bowtie, TopHat2, MAQ
GATK, FreeBayes, Samtools
edgeR, StringTie

Structure harvester, Tassel, PLINK, Admixture, FastStructure
PLINK, VCFtools, Haploview, TASSEL, PopLDdecay, LD heatmap and SNPRelate in R package
TASSEL, Integrated R packages for GWAS (GAPIT, FARMCPU, FASTmrMLM, FASTmrEMMA,

ISISEMBLASSO, BLINK)
Ensembl, SnpEff
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PLINK (67) or VCFtools (70) can be used to calculate pairwise r>
values between SNPs across the genome. LD decay is commonly
plotted to visualize the distance over which SNPs maintain strong
associations. In associative transcriptomics, LD analysis helps to
ensure that the SNPs being analyzed for association with gene
expression are independent of each other, reducing the risk of
confounded results. Tools like Haploview (71) can also be used to
visualize LD blocks and identify SNPs that are in high LD with each
other, which can guide the selection of independent variants for
further analysis. Low levels of LD as observed in winter rapeseed
accessions (13, 72) favour precision of association studies when
complemented with high density genotyping (35). Proper
correction for population structure and LD helps ensure that the
associations identified are biologically meaningful and not a result
of hidden genetic biases.

Genome wide association analysis using transcriptome
data

Once population structure and LD have been accounted for, the
SNP and GEM data sets obtained from high-throughput
transcriptome sequencing can be subjected to association
analysis. In the association models, these genetic variants serve as
independent variables, while phenotypic trait values represent
the dependent variable, facilitating the identification of regulatory
loci influencing transcriptional variation. However, each category
demands distinct statistical models tailored to their data
structure and biological interpretation.

For SNP based association mapping, statistical models
employed to assess marker-trait relationships often involves both
single-locus and multi-locus models. Among single-locus models,
generalized linear models (GLM) and mixed linear models (MLM)
are widely used. In the GLM (Q) model, population structure is
accounted for by incorporating the Q-matrix as covariates,
whereas in GLM (PCA), the first three principal components (PCs)
are used to correct for population stratification and minimize false
positives (25). The MLM approach further improves control over
population structure and relatedness by integrating both the Q-
matrix and a kinship matrix (K), which is derived through identity-
by-state analysis (73). Depending on data availability for Q matrix
and K matrix, both GLM and MLM models can be implemented in
TASSEL, enabling flexible genome-wide association studies in
plants (74). In Brassica napus, STRUCTURE analysis identified two
distinct subpopulations corresponding to different ecotypes,
which were used to define the fixed effects in the MLM (13).

In associative transcriptomics, multi-locus models have
gained prominence over traditional single-locus methods due to
their improved power, accuracy and ability to handle complex
traits without the need for stringent multiple testing corrections.
The evolution of these models reflects significant methodological
and computational advancements. GAPIT (Genome Association
and Prediction Integrated Tool) supports large-scale datasets
using compressed mixed models for efficient prediction and
association analysis (75). FarmCPU (Fixed and Random Model
Circulating Probability Unification) iteratively integrates fixed and
random effects to control false positives effectively (76). Other key
models include mrMLM (multi-locus random-SNP-effect MLM)
which bypasses Bonferroni correction and its computationally
efficient variant FASTmrMLM (fast multi-locus random-SNP-effect
MLM) (77). FASTmrEMMA (fast multi-locus random-SNP-effect
EMMA) further reduces computational time while maintaining

accuracy (78). ISIS EMBLASSO (lterative Sure Independence
Screening  EM-Bayesian  LASSO) combines  Expectation-
Maximization with Bayesian LASSO for robust QTN detection (79).
BLINK (Bayesian-information and linkage-disequilibrium iteratively
nested keyway) enhances statistical power and speeds up
computation compared to Farm CPU (80). Collectively, these models
represent a significant advancement in dissecting complex trait
genetics, especially in large, diverse populations typical of
associative transcriptomics studies. Utilizing all these single- and
multi-locus GWAS models, candidate genes associated with
flowering, maturity and seed weight in rice bean across two datasets
were identified (81). However, no marker was consistently detected
across all datasets for the traits studied, underscoring the complexity
of the traits and the influence of model choice on detection
outcomes.

In contrast to SNPs, GEMs reflecting transcript abundance
represent continuous variables and hence their association with
traits is evaluated using simple linear regression models. Gene
expression marker associations are computed using in-house
script available in statistical packages such as R using a fixed effect
linear model with each unigene's normalized expression (RPKM)
values. Linear regression analysis is performed using RPKM as a
predictor value to predict a quantitative outcome of the trait
value. In addition to SNP variations in expressed gene sequences,
regression analysis of transcript abundance against phenotypic
trait values enables the identification of unigenes that exhibit a
significant association between their expression levels and the
traits of interest. In B. napus, this model identified transcription
factor unigenes like BnaC.HAG1a and BnaA.HAG1c whose reduced
transcript abundance was significantly correlated with low
glucosinolate content, implicating gene deletions as potential
causal events (45). However, without correction, linear regression
on GEMs can be prone to genomic inflation. Hence, genomic
control methods such as Quantile-Quantile (QQ) plots, False
Discovery Rate (FDR) or Bonferroni correction are used to mitigate
false positives (82). On the other hand, GEM analysis often
excludes kinship corrections, as expression data typically have
lower linkage than genomic SNPs and may capture more trait-
specific regulatory effects. Overly stringent correction may
obscure true associations, while lenient thresholds increase the
burden of downstream validation. For instance, associations with
FAE1 (fatty acid elongase) and HAGI orthologs in B. napus
remained significant even under stringent thresholds due to their
large effect sizes (13, 45). However, relaxing the significance cutoff
in conjunction with biological validation strategies, resulted in
identifying 17 peak regions that included known and novel
candidates. The choice between methods entails a trade-off
between stringency and sensitivity. As such, statistical signals are
often complemented by co-localization, gene annotations and co
-expression data to prioritize biologically meaningful candidates.

The SNP and GEM-based GWAS pinpoint QTLs governing
trait variation and are visualised using Manhattan plots. The
identification of eQTLs through GEM-based GWAS can reveal both
cis-eQTLs and trans-eQTLs. Cis-eQTLs are genetic variants located
near the gene they regulate, often within the gene's promoter or
intronic regions, whereas trans-eQTLs are genetic variants located
on different chromosomes or regions distant from the gene but
still influencing its expression (83). When SNP and GEM peaks co-
localize, they provide compelling evidence for candidate gene
involvement, especially in complex traits influenced by both
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structural and regulatory variation.
Weighted Gene Co-Expression Network Analysis (WGCNA)

The relationship between gene expression and phenotypic traits
can be further explored using WGCNA (84). It starts with transcript
quantification data, which represents the gene expression levels
across a panel of lines or samples. WGCNA identifies clusters, or
modules of genes that are co-expressed, meaning they have
similar expression patterns across all the samples. These modules
are then linked to traits of interest such as yield, nutritional quality
and stress tolerance, by calculating how the overall expression of
each module correlates with the trait. This helps in identifying
genes or gene networks that may play a role in regulating these
traits. By analyzing the gene modules, researchers can uncover the
biological processes or pathways underlying complex traits, which
is particularly useful for improving breeding strategies or
understanding the genetic basis of diseases. AT coupled with
WCGNA analysis in European ash tree (Fraxinus excelsior) revealed
a single module comprising of 56 genes inclusive of two GEM
markers, that were highly correlated with canopy damage caused
due to crown dieback symptom by the fungal
pathogen Hymenoscyphus fraxineus. A MADS box gene SVP
harboured in this module was involved in inducing age related
resistance besides flowering pathway (85).

Applications of AT in crop plants

AT was initially adapted from a microarray-based study that
investigated the use of expression markers to predict hybrid
vigour in plants. This method was validated as a proof of concept
in rapeseed (13). lllumina based transcriptome sequencing in a
panel of 84 B. napus accessions, detected 101644 SNPs within
11743 unigenes. In addition, transcriptome quantification, allowed
for the identification of GEMs. Together, these two marker types
were successfully utilised to identify genes controlling seed erucic
acid and glucosinolate content in a subset of 53 lines. SNP based
association mapping identified markers associated with two QTLs
(eru 1 and eru2) gover ning seed erucic acid content, that are
orthologs of Arabidopis thaliana FAE1 gene. GEM based GWAS
identified genetic loci governing seed glucosinolate content on
linkage groups A9 and C2, that were orthologs of Arabidopsis
thaliana HAG1 (MYB28 transcription factor) gene, controlling the
biosynthesis of aliphatic glucosinolates. Further, WCGNA analysis
also correlated to a core module containing several unigenes
involved in glucosinolate biosynthesis (13). By using an extended
panel of 101 accessions, high density SNP and GEM based
association analysis pinpointed to two additional candidate
genes, BnoAGTR2a located on  chromosome A2
and BnaC.HAG3b on C9, that explained for 25.8 % of the total
phenotypic variation in seed glucosinolate synthesis. Based on
gene co-expresssion analysis, the unigene BnaC.BAT5 was found to
be primarily involved in aliphatic GS biosynthesis by serving as
targets for these aliphatic GS regulators HAG1 and HAG3. The
deletion polymorphism in BnaC.HAG3b has been converted into
diagnostic PCR based markers for marker assisted selection of low
seed glucosinolate lines. Similarly, using 201 SNP and 147 GEMs, 22
candidate genes were identified and a tropinone reductase
encoding gene (BnTRI), was confirmed to be closely linked to
transpiration rate and enhanced low temperature tolerance under
freezing conditions in Brassica napus (80). AT in a diverse panel of
69 accessions identified microRNA miR172D and a flowering time
gene BoFLC.C2 as candidate regulators of the vernalization

response in Brassica oleracea (46).

While AT has been extensively utilised in the polyploid
Brassica species, the strategy is now being extended to other
crops as well (Table 2). Utilising this approach in a diverse panel
comprising of 100 accessions, several candidate genes governing
key agronomic traits such as flowering, maturity and seed weight
in rice bean (Vigna umbellata) have been identified (81). The
candidate genes HSC80, P-Il PsbX, phospholipid-transporting
ATPase-9, pectin-acetylesterase-8 and E3 ubiquitin-protein ligase
RHG1A were linked to flowering, WRKY1 and DEAD-box RH27
were associated with seed weight, PIF3 and pentatricopeptide
repeat-containing genes were associated with both maturity and
seed weight (81). The candidates for plant height, stem strength
and lodging resistance in bread wheat (28, 35) and dieback
tolerance in Fraxia species, have also been identified through
associative transcriptomics approach (85).

Even in species lacking genomic resources, a systematic
approach has been suggested to facilitate genetic analysis (13).
This involves de novo transcriptome assembly to generate a
unigene reference from mRNA-Seq data, construction of high-
density linkage maps from transcriptome-derived SNPs obtained
across mapping populations, utilising these linkage maps to infer
the putative genomic order of unigenes by aligning them with the
genome sequence of a closely related species. Finally, GWAS can
be conducted using both SNP markers and GEMs derived from
MRNA-Seq data across diverse genetic collections, enabling the
identification of loci associated with phenotypic variation.

Prospects of AT

Unlike single-gene traits, polygenic traits are influenced by multiple
loci, making them challenging to study using conventional methods.
A holistic understanding of complex traits demands integration
across molecular layers. AT enables the identification of key genes
and regulatory networks governing these traits by correlating
expression data with phenotypic variation across genetically
diverse populations. Combining AT with metabolomics,
proteomics and phenomics offers a systems biology perspective.
The integration of AT with pangenomics can provide insights into
structural and transcriptional variation across diverse accessions.
The construction of a pan-transcriptome enabled high-resolution
detection of SNPs and GEMs, improving trait mapping efficiency in
Brassica juncea (86). Such integration allows researchers to
account for presence-absence variation and gene copy number
variation across populations (87). In parallel, the inclusion of
epigenomic layers-such as DNA methylation and histone
modifications, could help in interpreting unexplained expression
variation and gene dosage compensation (88). DNA methylation
variations in the promoters of MADS-box genes such as SOC1, SVP
-like and JOINTLESS have been linked to the differential responses
of tolerant and susceptible trees to dieback disease caused by the
fungus Hymenoscyphus fraxineus (89). In B. napus, genomic
deletions correlated with loss of gene expression and reduced
glucosinolate content, suggesting the need to integrate
epigenomic data for deeper understanding (13).

A notable strength of AT is its independence from fully
annotated genomes, making it highly suitable for underutilized
and non-model crops. In Vigna umbellata (rice bean), AT enabled
the identification of SNPs and GEMs associated with
agronomically desirable traits such as seed weight and flowering
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time, despite the lack of a complete reference genome (81). The
future of AT will be shaped by its integration with machine
learning (ML) approaches. ML algorithms can exploit high-
dimensional SNP and GEM data for trait prediction. In European
ash tree, expression-based models were able to predict dieback
tolerant and susceptible phenotypes, suggesting that ML can
enhance predictive power in breeding pipelines demonstrating its
applicability even in long-lived perennials. These examples
highlight how AT can accelerate functional genomics in neglected
species important for food security and biodiversity (85).
Incorporating environmental data and developmental time
points into AT workflows will further enable the construction of
dynamic predictive models for complex traits.

Challenges in AT

AT relies on natural genetic variation, necessitating the use of
large, well-characterized populations for generating robust and
reproducible associations. However, the availability of such
populations is often limited, particularly in the case of
underutilized and orphan crops. One of the major limitations in
AT is the dynamic nature of gene expression, which is significantly
influenced by developmental stages, environmental fluctuations
and epigenetic maoadifications. Standardizing transcriptomic
studies to account for these variables remains a critical challenge.
Accurate genome assemblies serve as the foundation for effective
AT applications. Unfortunately, many economically important
crop species still lack high quality reference genomes, which
compromises the precision of transcriptomic association studies.
In polyploid crops, the high sequence similarity between
homeologs further complicates read mapping and quantification
(58). Moreover, trans-acting eQTLs often exert weak regulatory
signals, making their detection more challenging. Another
bottleneck in AT lies in the integration of high-dimensional pan
genomic and transcriptomic datasets, that requires sophisticated
computational tools and extensive bioinformatics resources (90).
To minimize spurious associations and enhance predictive power,
ML algorithms and advanced statistical models are essential.
Factors such as LD decay, marker density and distribution, as well
as the stringency and sensitivity of association models, critically
influence the reliability of marker trait associations. Additionally,
artificial intelligence (Al) and deep learning models can facilitate
the analysis of complex datasets by identifying hidden patterns
and improving phenotype predictions (91). The functional
validation of candidate genes identified through AT necessitates
precise techniques like CRISPR-Cas9 and RNA interference (RNAI),
which, despite their potential, are time-intensive and subject to
stringent regulatory frameworks (92).

Conclusion

AT offers a powerful framework for dissecting complex gene trait
relationships and accelerating genetic improvement in crops,
especially polyploid species. In crop species with limited genomic
resources, AT enables the identification of functional markers
without requiring fully assembled genomes. The information
derived from AT can substantially benefit breeding programs
through development of trait-linked markers useful for marker
assisted selection. Applying AT to orphan crops and wild relatives
of cultivated species can reveal untapped genetic resources,
crucial for developing climate-resilient and nutritionally enhanced
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cultivars. Despite existing challenges, continuous advancements
in sequencing platforms, bioinformatics tools and functional
genomics techniques are set to expand the utility of AT. Future
research must prioritize the integration of AT with multi-omics
strategies and Al-driven data analytics to fully realize its potential
in precision breeding and sustainable crop development.
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