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Abstract
Key message  The study identified novel, drought-responsive markers and potential candidate genes for kernel qual-
ity traits under drought stress which are important genomic resources to breed resilient and nutritious groundnut 
varieties.
Abstract  Nutritional quality traits are crucial in crop breeding, especially with climate change affecting quality and yield. 
Increasing dry spells in semiarid regions require understanding drought stress effects on oil, protein, and fatty acid contents 
of groundnut kernels, and the molecular mechanisms governing these traits. The study showed a reduction in oil content and 
increase in protein content in a MAGIC population of groundnut under drought stress. MAGIC population exhibited high 
diversity with 13,937 polymorphic markers and are valuable for the genetic dissection of complex traits as compared to a RIL 
population with 800 polymorphic markers. Genome-wide association study (GWAS) employing multi-locus models such as 
BLINK, and MLMM identified 45 significant MTAs for oil, protein, oleic acid, palmitic acid, stearic acid, and linoleic acid 
under normal and drought stress across all chromosomes except A06, B01, B02, B03, B04, B05, and B06. Fourteen SNPs 
are identified with > 10% PVE linked to six quality traits, seven pleiotropic SNPs associated with multiple traits, and nine 
SNPs in both models across at least in two environments. Potential candidate genes for quality traits under drought stress 
are RING finger proteins and protein kinases for oil content; CASP-like protein and geranylgeranyl diphosphate reductase 
(GLDR) for protein content, and fatty acid desaturase 2, MYB transcription factor, and AMMECR1 family for oleic and pal-
mitic acid content having role in various biosynthetic and lipid pathways. The MTAs identified in this study hold potential 
for development into assays for genomic-assisted selection to enhance nutritional quality and drought resilience in groundnut.

Introduction

Groundnut (Arachis hypogaea L.) is a widely cultivated 
oilseed crop in the arid and semiarid areas of Asia and 
Africa, where the annual precipitation is between 400 and 
800 mm. The global area for groundnut cultivation covers 
30.53 million hectares, yielding a total production of 54.23 
million tons, resulting in a productivity of 1776.2 kg/ha 

(FAOSTAT, 2022). India, China, Nigeria, and Sudan have 
large cultivated area (5.70 M ha, 4.45 M ha, 3.40 M ha, and 
3 M ha, respectively) (FAOSTAT, 2022). Asia and Africa 
collectively account for 90% of the world’s groundnut pro-
duction. Groundnut oil is a key agricultural product in the 
export market which has generated a revenue of 709.4 M 
USD globally in the year 2022 (FAOSTAT, 2022). Ground-
nut kernels have high-quality fat and protein content (Shen 
et al. 2016) and high nutritive value with 40–60% edible 
oil, 20–30% protein, and 10–20% carbohydrates (Janila et al. 
2016; Yol et al. 2017) which is advantageous in process-
ing and confectionary industry as compared to other leg-
umes. In addition to these major components, groundnut 
kernels are composed of several minerals like Ca, Mg, K, 
Zn, Se, Fe, Cu, Mn, and total folate, vitamins such as vita-
min B complex (B1, B3, B5, B6, and B9), E, K, dietary 
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fiber, tocopherol, resveratrol, beta-sitosterol, and coenzyme 
(Janila et al. 2013).

Groundnut is mostly cultivated in marginal lands as a 
rainfed crop, where drought stress during critical crop 
growth stages occurs frequently. Drought stress affects fill-
ing of kernels and thereby reduces shelling percentage, and 
kernel size and mass which are yield contributing traits. 
According to previous studies, drought stress can reduce 
yield by 33–70% (Pereira et al. 2016; Carvalho et al. 2017; 
Manjonda et  al. 2018; Nassar et  al. 2018; Abady et  al. 
2021a, b). Groundnut quality attributes are also impacted 
by drought stress in several ways. A notable decrease in oil 
content, along with an increase in protein and oleic acid 
contents, has been observed during drought conditions at 
the end of the growing season (Dwivedi et al. 1996; Pokhrel 
et al. 2025). Altered fatty acid composition due to drought 
conditions leads to reduced oil stability (Hashim et al. 1993). 
Groundnut kernel protein content increases under moder-
ate drought conditions, but decreases when the stress is 
more severe, mainly due to changes in nitrogen metabolism 
(Songsri et al. 2009). While most research has primarily 
focused on yield effects, studies examined drought’s impact 
on quality factors such as oil content, fatty acids, and pro-
tein, and the results are often unclear (Conkerton et al. 1989; 
Chakraborty et al. 2013; Solanki et al. 2024). Studies on 
these nutritional quality traits, which are key market traits, 
are limited compared to studies on drought tolerance mecha-
nisms, and the varied responses of groundnut genotypes to 
drought are not well understood.

Global groundnut breeding programs have prioritized 
genetic enhancement for drought tolerance, leading to a 
deeper understanding of drought tolerance mechanisms. Sig-
nificant advancements have been made in bringing drought-
tolerant groundnut cultivars to market. Several drought-tol-
erant varieties have been released, including ICR 48, ICGV 
00350, ICGV 87846,55–437, 55–21, 55–33, GC 8–35, SRV 
1–3, and SRV 1–96 (Mayeux et al. 2003; Vindhiyavarman 
et al. 2014). ICGV 91114 is a short-duration, high-yield, 
drought-tolerant variety developed by ICRISAT that gained 
popularity in India (Pande et al. 2005). In the recent past, 
ICGV 15083, another ICRISAT-bred high oleic acid variety, 
which is increasingly gaining popularity among the com-
munity, has been identified to be drought-tolerant (Abady 
et al. 2021a, b). Historically, screening for drought tolerance 
has focused on selecting those with minimal yield reduc-
tion using an empirical approach (Blum 2010). To identify 
genotypes that combine resilience and superior agronomic 
performance, a selection strategy that utilizes a scoring 
scale-based method for assessing the Productivity Capacity 
Index (PCI) and Resilience Capacity Index (RCI), which 
aids in selecting high-yield, drought-tolerant genotypes was 

proposed (Thiry et al. 2016). However, under drought stress, 
yield protection remained a major focus (Janila et al. 2016), 
and effects on nutritional quality were not well addressed 
by the breeding program; consequently, protection of yield 
along with maintaining nutritional quality remained a chal-
lenge. The wet chemistry method to determine quality traits 
is tedious, labor-intensive, destructive and require significant 
resources, making it difficult for evaluating many genotypes 
in a breeding program. To address this challenge, proximate 
analysis through near-infrared spectroscopy (NIRS) has 
emerged as an essential tool in modern agriculture (Gullifa 
et al. 2023) for determining grain composition. NIRS has 
proved to be faster, efficient, and nondestructive alternative 
compared to traditional wet chemistry methods for estimat-
ing oil, protein, and fatty acid content in groundnuts (Kassie 
et al. 2024). NIRS offers the advantage of simultaneously 
analyzing multiple traits, thereby saving both time and cost 
compared to wet chemistry. However, accurate estimation 
of grain composition requires the use of robust and reliable 
reference calibrations or equations developed from spectral 
data and wet chemistry. The NIRS equations standardized at 
ICRISAT have shown a strong correlation with biochemical 
measurements, as demonstrated by high external validation 
coefficients of determination (r2). For oleic acid, the r2 value 
reached 0.96, indicating exceptional accuracy in predicting 
oleic acid content (Deshmukh et al. 2021).

There exists significant potential for the analysis of quan-
titative traits in multi-parental populations, such as multi-
parental advanced generation intercross (MAGIC). To over-
come the drawback of a biparental population, Mackay and 
Powell (2007) first suggested the use of a MAGIC popula-
tion for crops. The MAGIC population can be utilized to 
boost mapping resolutions, recombination rates, and analy-
sis of numerous alleles (Cavanagh et al. 2008). A range of 
crops including wheat (Triticum aestivum L.) (Stadlmeier 
et al. 2018), rice (Oryza sativa L.) (Meng et al. 2016), and 
maize (Zea mays L.) (Dell’Acqua et al. 2015) has access 
to several MAGIC populations. MAGIC populations are 
important genetic assets for using linkage and association 
mapping techniques to pinpoint quantitative trait loci (QTL) 
for complex traits (Nawade et al. 2024). The extensive num-
ber of recombinations that occur due to multiple rounds of 
intercrossing significantly enhances the QTL mapping and 
genome-wide association mapping, allowing for the iden-
tification of marker–trait associations with high precision 
(Hoque et al. 2020a, b; Arrones Olmo 2024). The MAGIC 
population has been developed in groundnut and utilized to 
study complex traits such as drought tolerance (Sharma et al. 
2024) and resistance to late leaf spot (Wankhade et al. 2023) 
to identify genomic regions.
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Genome-wide association studies (GWAS) are utilized 
to uncover statistically significant associations between sin-
gle-nucleotide polymorphisms (SNPs) and particular traits 
throughout the genome. A study on QTL mapping was con-
ducted using SSR markers in a RIL population derived from 
the cross of TAG 24 and GPBD 4. This investigation uncov-
ered a significant QTL associated with oil content on chro-
mosome A03 and another one related to protein content on 
chromosome A01, in addition to several QTLs with minor 
effects (Sarvamangala et al. 2011). A GWAS by Shaibu et al. 
(2019) involving 170 germplasm lines from ICRISAT found 
significant MTAs for fatty acids, minerals, and proximate 
compositions, which need validation. Additionally, a study 
of a US peanut minicore collection using a 58 K SNP array 
(Pandey et al. 2017) identified SNPs related to oleic acid, 
linoleic acid, protein content, and oil content across several 
chromosomes (Otyama et al. 2022). Research in crops like 
Indian mustard has revealed marker–trait associations for 
oil content under heat stress (Pal et al. 2024), while wheat 
studies have linked markers to yield components and physi-
ological traits under drought and heat stress (Jha et al. 2020; 
Lal et al. 2022). We hypothesize that drought affects ground-
nut kernel quality traits such as oil, protein, and fatty acids. 
Therefore, conducting a GWAS in a genetically diverse 
MAGIC population, genotyped with high-density 48 k SNP 
array, can help in identifying stable loci associated with 
these traits, which will be useful for preserving quality traits 
under drought conditions.

Materials and methods

Plant material

A MAGIC population of 620 entries, including 8 founder 
parents and 12 checks, was screened under managed stress 
conditions at ICRISAT, India (17.3850° N, 78.4867° E 
and 545 m above mean sea level), during the post-rainy 
(PR) seasons of 2018–2019. In 2021–2022, 574 entries, 
including the checks and founders, were screened again. 
The founder parents, ICGV 91114, ICGV 06040, ICGV 
00440, ICGV 00308, ICGV 05155, ICGV 88145, GPBD 
4, and 55–437, include drought stress-tolerant lines (ICGV 
91114, ICGV 00308, and 55–437) and parents with vary-
ing oil content (ICGV 00440 at 45% and ICGV 05155 
at 55%) (Wankhade et al. 2023). The protein content of 
ICGV 91114 ranges from 26 to 28%, while ICGV 06040 
contains approximately 25.2%, and ICGV 05155 has a pro-
tein content of 22% (Janila et al. 2015). Significant phe-
notypic variation is observed among the founders in the 
MAGIC population, with protein content varying between 

22 and 28%. The palmitic acid content of ICGV 00440 
is between 11.3 and 13.2% (Bera et al. 2018), which is 
considered a high level of palmitic acid. There is no sub-
stantial variation in stearic acid content among the founder 
parents. Two-way crosses involving the foundational par-
ent plants were crossed during 2012–2013. This was suc-
ceeded by four-way and eight-way crosses in later seasons. 
Five groups of F1s were progressed from F2 to F8 utilizing 
the single seed descent (SSD) methodology. For this study, 
120 recombinant inbred lines (RILs) from each of the five 
groups were randomly chosen to create the MAGIC popu-
lation (Fig. 1).

Managed stress environment (MSE) 
experiment

The study utilized an alpha lattice design with two replicates 
each under well-watered (WW) and water-stressed (WS) sce-
narios. The soil of experimental field was neutral (pH 7.43) 
with normal electrical conductivity (0.24 dS m⁻1). Organic 
carbon content was moderate (0.40%). Available phospho-
rus, potassium, and calcium are at medium levels and mag-
nesium is high, indicating overall adequate macronutrient 
status. Sulfur, zinc, boron, iron, copper, and manganese are 
within sufficient ranges, suggesting no major micronutri-
ent constraints. The basal fertilizer dose of 60 kg phospho-
rus pentoxide (P2O5) was applied. Gypsum was applied @ 
400 kg/ha at peak flowering stage of the crop as per recom-
mended package of practice. Weather data for the duration 
of experimentation are provided in Table S4. Each experi-
mental plot consisted of two rows measuring 2 m, which 
were spaced 30 cm apart, and plants were spaced 10 cm 
apart within those rows. Standard agricultural practices 
were followed to ensure a good crop stand. The experiment 
was irrigated using sprinklers for 20–25 days after planting 
(DAP), followed by drip irrigation until harvest, allowing 
better water control. Mid-season drought stress was induced 
in the WS plots by withholding 2–3 irrigations at 1000 grow-
ing degree days (GDD), and a single irrigation was provided 
during the period to prevent wilting. Drought stress was 
imposed at approximately 1000 GDD (base temperature 
10 °C), which corresponds to the early pod development 
and pod filling stage in groundnut. This phenological stage 
is highly sensitive to water deficit and is critical for deter-
mining pod yield and kernel traits. The use of GDD instead 
of days after sowing helps in the synchronization of stress 
imposition at a particular crop stage at different locations 
and seasons (Reddy et al. 2003). Decisions to relieve stress 
were made based on weather information, soil moisture 
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content, visible signs of wilting, and the permanent wilt-
ing point (PWP) of 8.94% for alfisol, as established using 
a pressure plate extractor (Klute 2018). Soil moisture lev-
els were monitored through neutron probes (Neutron Probe 
Smart503, ICT international) and Time Domain Reflectom-
etry probes (TRIME®-FM). After harvest, pods were dried 
and shelled, and a full cup of kernels from each plot was 
analyzed in NIRS for oil, protein, oleic acid, linoleic acid, 
palmitic acid, and stearic acid.

Grain quality analyses using near‑infrared 
spectroscopy (NIRS)

Kernel oil content, crude protein (nitrogen content × 6.25), 
oleic acid, palmitic acid, linolenic acid, and stearic acid (% 
of fat) were assessed. A representative whole kernel sample 
of 25–30 g per genotype from each replication in both well-
watered and water-stressed condition was taken for quality 
analysis using NIRS, calibrated for these traits using con-
ventional wet laboratory data (Sundaram et al. 2010). NIRS 
produces multiple spectral data for each sample and average 
spectral data is used. A NIRS instrument (FOSS DS 2500) 
with the software package Mosaic Solo and calibration was 
build using Calibrator Pro. Calibration was conducted on 

a dataset consisting of 315 lines of groundnut, from which 
205 lines chosen for calibration and the remaining lines 
were utilized for validation, resulting in a Global H value of 
1.3. The Kennard–Stone algorithm was employed to select 
samples for both the calibration and validation sets. The 
validation process involved blind predictions of laboratory 
measurements using the NIRS equations developed during 
the calibration phase. The relationships between the blind 
predictions and the actual measurements were assessed 
using the R2 value and standard error of calibration (SEP), 
as detailed in Deshmukh et al. (2021). The current equation 
used for oil (R2 = 0.89), protein (R2 = 0.83), and palmitic 
(R2 = 0.80) has a high values of coefficient of determina-
tion (R2) in external validation. Calibration has been further 
improved by using ANN model and optimized for DS2500 
NIRS model for oleic acid (R2 = 0.97; SEC = 1.8) and lin-
oleic acid (R2 = 0.88; SEC = 2.04).

Statistical analysis

In the current study, 620 entries × 2 replications during 
2018–2019 and 574 entries × 2 replications during 2021–2022, 
observed 4 plots per entry (2 replications each year) under 
well-watered and water-stressed condition. Treatment-wise 

Fig. 1   Schematic diagram for MAGIC population development, A ICGV 91114, B ICGV 06040, C 55–437, D ICGV 00440, E ICGV 00308, F 
GPBD, G 05155, H ICGV 88145
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combined analysis of variance across years was conducted 
using SAS (v9.4) (SAS Institute Inc., 2015) mixed model 
approaches to evaluate the significance of main and interac-
tion effects of year and genotype. The analysis treated year and 
replication as fixed factors, while block and genotype were 
considered random factors. Individual year variances were 
estimated and incorporated into the error distribution using the 
residual maximum likelihood (REML) method. The analysis 
yielded best linear unbiased predictors (BLUPs) for genotype 
and the year × genotype interaction, along with best linear 
unbiased estimates (BLUEs) for year. Broad-sense heritabil-
ity (repeatability) (Falconer, 1989) was determined from the 
combined analysis using the formula:

where �2

g
, �2

gxy
, and�2

e
 are genetic variance component, gen-

otype × year variance component, and residual variance, 
respectively; and Y  and r are the number of years at which 
the trial was conducted and replications, respectively.

Isolation of genomic DNA and genotyping

To extract the genomic DNA of 600 MAGIC lines and 8 
founding parents, a NucleoSpin® 96 Plant II Kit (Machery 
Nagel Düren, Germany; https://​guest.​link/​UM6) was deployed. 
A NanoDrop 8000 Spectrophotometer (Thermo Fisher Scien-
tific, Inc., Waltham, MA, USA) was used to quantify genomic 
DNA, and a 0.8% agarose gel was used for quality control. 
A 48 K Affymetrix SNP array (“Axiom_Arachis 2.0”) was 
used for genotyping of extracted DNA samples. The output 
files (Cell Intensity File) from the Affymetrix were analyzed 
in Axiom Analysis Suite (AAS) v 5.2 (Thermo Fisher Sci-
entific, Inc.). Axiom Analysis Suite integrates SNP genotyp-
ing, Indel detections, multi-allele analysis, off-target variants 
(OTVs) calling as well as copy number detection in a graphical 
interface.

Filtering of genotypic data and estimation 
of BLUPs for phenotypic data

Before importing the raw data file into Axiom Analysis Suite 
(AAS, Thermo Fisher Scientific), path for library files was set. 
AAS executes genotyping analysis as per best practices work-
flow, where it runs genotyping algorithms, and allows to view 
cluster graphs and export of data. Best practices workflow 
controls the quality with a dish QC value ≥ 0.82 and QC call 
rate of ≥ 97%. All markers were visually verified to inspect the 
quality of the cluster pattern. After filtering out 47,837 SNPs 
with a missing rate of > 10%, MAF < 0.05 and heterozygous 

H2
=

�
2

g

�
2
g
+

(

�
2

gxy

/

Y

)

+

(

�
2

e

/

r ∗ Y

)

call rate of 0.3, remaining 13,937 SNPs were used for GWAS 
analysis. Genotype imputation was not performed at any stage 
of the analysis, and missing genotypes remaining after quality 
filtering were retained as missing.

Comparison of recombination events 
between biparental and multi‑parental 
population

The six recombinant inbred lines derived from a cross between 
Chico and ICGV 02251, and six MAGIC lines derived from 
an intercross between eight founders were used to compare 
the recombination breakpoints obtained in biparental mapping 
populations (BPP) and multi-parental mapping populations 
(MPP). The recombination breakpoints were analyzed using 
parent-specific SNPs for the parents in BPP and MPP. The 
parent-specific alleles were traced in the RILs and MAGIC 
lines. These were then visualized individually using circos 
plots (Krzywinski et al. 2009a, b).

Population structure and kinship matrix

ADMIXTURE v.1.3.0 (Alexander et al. 2009) was utilized 
to assess the population structure, with the results illustrated 
using R/pophelper (Francis 2017). Analyses were performed 
for K values ranging from 2 to 8, employing fivefold cross-val-
idation to initialize the primary algorithm (QuasiNewton) for 
enhanced convergence speed. To ensure reliability and accu-
racy, 20 iterations were carried out for each K value, with the 
ideal number of clusters identified by the K value that showed 
the least cross-validation error. The “GAPIT 3.0” R package 
facilitated a kinship analysis through pairwise SNP compari-
sons. The resulting square symmetric matrix was subsequently 
employed to create a kinship plot, which illustrates the rela-
tionships among genotypes based on their similarity indices.

Linkage disequilibrium (LD), LD decay, PCA, 
and clustering of genotypes

“TASSEL v5.0” (Bradbury et al. 2007) was utilized to analyze 
the linkage disequilibrium (LD) among SNP pairs within a 
50 Kb range and the R Studio script was used to create the LD 
decay graphs. LD decay was estimated by plotting pairwise 
r2 values against physical distance across the genome. The 
“GAPIT 3.0” package in R was used to compute PCA, and a 
3D plot with the determined PCs was produced (Wang et al. 
2021). The neighbor joining approach in “TASSEL v5.0,” 
which makes use of a dissimilarity matrix, was used to cluster 
the genotypes.

https://guest.link/UM6
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Genome‑wide association study 
and identification of candidate genes

A genome-wide association study (GWAS) was conducted 
on nutritional traits: oil content (OIL), protein content 
(PRO), oleic acid content (OA), palmitic acid content 
(PAL), linoleic acid content (LA), and stearic acid content 
(SA) under six conditions (E1 = water-stressed 2018–2019, 
E2 = well-watered 2018–2019, E3 = water-stressed 
2021–2022, E4 = well-watered 2021–2022, E5 = Pooled 
water-stressed, E6 = Pooled well-watered). Predicted means 
(BLUPs) were calculated using GAPIT 3 (Wang and Zhang 
2021) in R, utilizing 13,937 highly polymorphic SNP mark-
ers from a 48 k SNP array. A total of 561 genotypes includ-
ing 8 founder parents were utilized for GWAS after quality 
control for each of the above-mentioned six conditions. The 
analysis employed the BLINK and MLMM to control for 
population structure and kinship. A Bonferroni-corrected 
threshold (Bland and Altman 1995) of 5.445 was set to 
reduce Type I and II errors. QQ plots, Manhattan plots, and 
association tables assessed the results, with high-confidence 
MTAs defined as those explaining over 10% of phenotypic 
variance. The diploid ancestors of the cultivated peanut, A. 
duranensis and A. ipaensis, whose genomes are accessible in 
PeanutBase (< https://​peanu​tbase.​org/​home >), were used to 
identify genes within LD decay region from the significant 
SNPs and perform functional annotations on them. Their 
corresponding tetraploid IDs were BLAST searched in pea-
nut base.

Results

Evaluation of MAGIC population for quality traits 
under managed stress environment (MSE)

All the kernel quality traits, oil, protein, oleic, linoleic, pal-
mitic, and stearic acids, varied significantly among geno-
types across seasons and conditions. Overall, oil content 
was higher in well-watered conditions, while protein content 
tended to increase under water stress. Pooled data across 
two years of evaluation, heritability of nutritional traits, and 
other parameters are summarized in Table 1. There were sig-
nificant differences between genotypes, and genotype × envi-
ronment interactions were significant for all traits studied 
across the water regime, seasons, and pooled data (Table 2; 
Table S1). All traits showed a medium to high range of herit-
ability across two water regimes, seasons, and pooled data. 
Across two years of evaluation, clear trends emerged in the 
nutritional quality of MAGIC lines under contrasting mois-
ture regimes. The correlation matrix derived from the com-
bined data indicated several notable positive correlations: 

protein with palmitic and oleic acid, oil with linoleic and 
stearic acid, stearic acid with linoleic acid, and palmitic acid 
with linoleic acid. In contrast, protein displayed significant 
negative correlations with linoleic acid, stearic acid, and oil. 
Oleic acid showed negative correlations with linoleic acid, 
palmitic acid, stearic acid, and oil as well. Moreover, signifi-
cant negative correlations were found between oil and pal-
mitic acid, as well as between stearic acid and palmitic acid. 
Additional negative correlations were noted between oleic 
acid and linoleic acid, oleic acid and palmitic acid, oleic acid 
and protein content, and oleic acid and oil content (Fig. S1).

Population structure, kinship matrix, 
linkage disequilibrium (LD), and SNP density 
analysis

Diversity analysis of this population in our previous stud-
ies (Wankhade et al. 2023) found that the MAGIC popula-
tion was genetically diverse. Population structure analysis 
suggested the presence of three subpopulations. Clustering 
of genotypes formed three clusters, based on an unrooted 
NJ (neighbor joining) tree. Kinship analysis revealed vary-
ing degrees of relatedness among the genotypes, indicating 
broad genetic diversity and suitability of the population for 
genome-wide association analysis. The LD decay curve indi-
cated that r2 declined below 0.2 at approximately 3.52 Mb 
(Fig. 2). The maximum number of SNPs were in chromo-
some number B09 followed by B10 and B08, whereas the 
minimum SNPs were in A08. The number of SNPs from 
the A genome and B genome used for further analysis are 
5381 and 8556, respectively. The SNP density plot suggests 
a smaller number of markers toward the centromere and 
more toward telomeres (Fig. S2).

Comparison of a RIL and MAGIC population 
for the number of recombination 
breakpoints

MAGIC populations exhibit high diversity and are valuable 
for the genetic dissection of complex traits compared to a 
biparental RIL population (Fig. 3). In the MAGIC popula-
tion used for this study, a total of 1854 parent-specific SNPs 
were identified from 48 K SNP array data. Of these, a large 
number of 599 parent-specific SNPs were identified for 
ICGV 05155, a high oil-containing groundnut cultivar; 412 
parent-specific SNPs identified in ICGV 91114, a drought-
tolerant groundnut cultivar; 365 parent-specific SNPs were 
identified in ICGV00308; and 119 parent-specific SNPs 
were identified in GPBD4, a rust and LLS-resistant ground-
nut variety having resistant alleles from A. cardenacii. For 

https://peanutbase.org/home
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the ICGV 88145 and ICGV 06040 genotypes, 151 parent-
specific SNPs were identified. The least number of SNPs, 
22 and 35 were specific to 55–437 and ICGV 00440, respec-
tively. In RIL population, a total of 2156 parent-specific 
SNPs were identified from 58 K SNP array data (Gangurde 
et al. 2023a, b). Of these SNPs, 752 SNPs were specifically 
identified in high seed weight donor parent ICGV 02251, 
and 1404 parent-specific SNPs were identified for Chico that 
has small kernels. Recombination events were observed in 
the MAGIC lines on all the chromosomes except chromo-
some B08. The extensive recombination breakpoints across 
the chromosomes resulted in diverse MAGIC lines. Con-
versely, in the biparental population of Chico × ICGV 02251, 
recombination occurred only between the two parents.

Marker–trait associations (MTAs) for quality 
traits

A genome-wide association study (GWAS) was con-
ducted over two years to examine six quality traits under 
two water regimes, using a high-density SNP array with 
13,937 filtered SNPs. To minimize false discoveries, we 
utilized a false discovery rate (FDR) of 0.05. A Bonferroni 
correction set a significant threshold of -log10(p) value of 
3.587E-6. We analyzed the data using two models: BLINK 
for rapid discovery and MLMM for multi-locus confirma-
tion which provides a robust GWAS strategy that balances 
computational speed, statistical power, and control of false 
positives, especially for complex traits. Key findings from 

Table 1   Summary of kernel quality trait variation, heritability, and superior MAGIC lines under contrasting moisture regimes

Trait Heritability Well-watered range (%) Water-stressed range (%) Top MAGIC lines vs. 
check (Well-watered)

Top MAGIC lines vs. 
check (Water-stressed)

Oil 0.68 43.6 (ICGR171128) – 54.4 
(ICGR171383)

44.0 (ICGR171545) – 51.0 
(ICGR171211)

ICGR171383 (54.40),
ICGR171412 (53.10),
ICGR171461 (53.00),
ICGR171470 (52.86),
ICGR171445 (52.68) > 
ICGV06420 (50.36)

ICGR171211 (51.00),
 ICGR171454 (49.22), 
ICGR171466 (48.84),
 ICGR171470 (48.61), 
ICGR171461 (48.23) > 
ICGV03042 (47.04)

Protein 0.24 23.0 (ICGR171470) – 30.6 
(ICGR171370)

27.3 (ICGR171358) – 31.0 
(ICGR171549)

ICGR171370 (30.6),
ICGR171175 (28.65),
 ICGR171277 (28.60),
ICGR171022 (28.59),
ICGR171402 (28.53) >
JL 24 (27.67)

ICGR171549 (31.00),
 ICGR171246 (30.36),
ICGR171578 (30.33),
ICGR171045 (30.30),
ICGR171582 (30.28) > 
GG20 (29.25)

Oleic acid 0.54 37.6 (ICGR 171461) – 50.7 
(ICGR171478)

39.2 (ICGR 171002) – 55.8 
(ICGR171211)

ICGR171478 (50.74),
 ICGR171388 (49.98),
 ICGR171503 (48.39),
ICGR171473 (48.26),
ICGR171128 (48.16) > 
55–437 (47.08)

ICGR171211 (55.81),
 ICGR171429 (52.86),
ICGR171315 (51.80),
ICGR171144 (51.75),
 ICGR171454(51.33) > 
ICGS76 (49.64)

Linoleic acid 0.57 29.1 (ICGR171388) – 42.0 
(ICGR171470)

26.3 (ICGR171315) – 36.9 
(ICGR171470)

ICGR171470 (41.95),
 ICGR171461 (41.81),
ICGR171393 (40.61),
ICGR171383 (40.51),
ICGR171457 (40.35) >
 ICGV03043 (40.16)

ICGR171470 (36.94),
 ICGR171002 (36.77),
ICGR171386 (35.60),
 ICGR171085 (35.39),
ICGR171458 (35.26) > 
ICGV03042 (34.06)

Palmitic acid 0.59 10.3 (ICGR171370) – 13.1 
(ICGR171365)

9.6 (ICGR171211) – 12.3 
(ICGR171002)

ICGR171365 (13.18),
ICGR171279 (13.17),
ICGR171584 (13.09),
 ICGR171326 (13.09),
ICGR171233 (13.08) > 
ICGV05155 (12.99)

ICGR171002 (12.36),
ICGR171527 (12.17),
 ICGR171066 (12.13),
ICGR171088 (12.13),
 ICGR171386 (12.12) > 
ICGV03043 (12.10)

Stearic acid 0.64 2.2 (ICGR171572) – 3.5 
(ICGR171461)

2.2 (ICGR171081) – 3.1 
(ICGR171245)

ICGR171461 (3.53),
 ICGR171383 (3.33),
ICGR171454 (3.24),
ICGR171470 (3.12),
ICGR171477 (3.03) > 
ICGV06040 (2.78)

ICGR171245 (3.11),
ICGR171354 (3.07),
ICGR171395 (3.02),
 ICGR171461 (3.01),
ICGR1713545 (2.99) > 
GG20 (2.83)
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the GWAS revealed 45 significant SNPs associated with 
six quality traits across all chromosomes except A06, B01, 
B02, B03, B04, B05, and B06 (Fig. 4; Fig. S3; Table S2), 
with BLINK outperforming MLMM in SNP detection. 
BLINK detected 40 MTAs, while MLMM detected 13 

MTAs, with partial overlap between models. A total of 
14 major SNPs were identified as significantly associated 
with six traits in this study, each contributing over 10% to 
phenotypic variance (Table 3).

Fig. 2   Variation of oil and protein content in different water regime, A water-stressed condition 2018–2019, B well-watered condition 2018–
2019, C water-stressed condition 2021–2022, D well-watered condition 2021–2022
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Fig. 3   A Population structure of MAGIC, B unrooted NJ tree, C LD decay plot, D kinship matrix

Fig. 4   Comparison of recombination breakpoints between set of 
recombinant inbred lines from biparental and multi-parental popu-
lations. A Recombination breakpoints in the 6 recombinant inbred 
lines (RIL32, RIL87, RIL134. RIL208, RIL290 and RIL364) derived 
from the cross Chico × ICGV 02251. Where, two color schemes 

were used to illustrate the alleles from two parents. B Recombina-
tion breakpoints in the 6 MAGIC lines (ICGR171586, ICGR171157, 
ICGR171594, ICGR171567, ICGR171226, ICGR171493) derived 
from the cross between 8 founder parents
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Oil content

BLINK identified 11 MTAs across three environments 
on six A genome chromosomes and five MTAs across 
two environments on five B genome chromosomes, 
while MLMM detected fewer overlapping signals. In 
WS_2018 (E1), BLINK detected four MTAs and MLMM 
three MTAs, sharing AX_147221664 (Chr. A05) and 
AX_177637369 (Chr. B10). In WW_2018 (E2), BLINK 
exclusively detected four MTAs, while MLMM identi-
fied two MTAs in WW_2021 (E4). Under combined WS 
(E5), BLINK detected five MTAs. Across environments, 
AX_147221664 and AX_177637369 were repeatedly 
detected, indicating environmental stability. These stable 
loci also showed relatively high PVE under both well-
watered and drought conditions (Table 3).

Protein content

BLINK detected eight MTAs across four environments on 
five chromosomes, while MLMM identified one MTA in 
WW_2018 (E2) on chromosome A01. In WS_2018 (E1), 
BLINK identified three MTAs. In WW_2018 (E2), BLINK 
detected three MTAs, sharing AX_147209601 (Chr. A01) 
with MLMM. BLINK detected one MTA in WW_2021 (E4) 
and combined WS (E5). The shared SNP AX_147209601 
showed moderate–high PVE in WW_2018, but no protein 

MTAs were consistently detected across multiple environ-
ments, indicating strong environmental specificity.

Oleic acid

BLINK identified eight environment-specific MTAs, 
with one major SNP detected in all environments except 
E3, while MLMM detected fewer but overlapping MTAs. 
BLINK detected five MTAs in WS_2018 (E1), and MLMM 
detected one. In WW_2018 (E2), MLMM detected one 
MTA, while in WW_2021 (E4) BLINK detected two MTAs 
and MLMM detected one. BLINK detected three MTAs in 
combined WS (E5), and MLMM one in combined WW 
(E6). SNP AX_147234396 (Chr. A09) was detected by both 
BLINK and MLMM in WS_2018, WW_2021, and com-
bined WS, and across all individual and combined environ-
ments, explaining > 10% PVE (up to ~ 44% under WW and 
higher under stress), demonstrating robust effects.

Linoleic acid

BLINK detected seven MTAs in WS_2018 (E1), while 
MLMM detected one. In WS_2021 (E3), MLMM detected 
one MTA. BLINK identified three MTAs in combined 
WS (E5) and four in combined WW (E6), while MLMM 

Table 3   List of high-confidence SNPs (PVE > 10%) associated with quality traits

OIL: oil content, PRO: protein content, PAL: palmitic acid content, SA: stearic acid content, OA: oleic acid content, LA: linoleic acid con-
tent, E1: water-stressed 2018–2019, E2: well water 2018–2019, E3: water-stressed 2021–2022, E4: well water 2021–2022, E5: pooled water-
stressed, E6: pooled well-watered, MAF: minor allele frequency

Trait SNP ID Chr Environment Stable 
across ≥ 2 
environ-
ments

Detected in 
(BLINK/MLMM/
Both)

Position (bp) p value MAF Effect r2 (%)

Yes No

OIL AX_176817775 B06 E1 – No MLMM 129,495,569 2.61E-13 0.13 -0.81 19.73
OIL AX_177637369 B10 E1, E5 Yes - MLMM 127,616,318 4.50E-20 0.17 0.96 26.48
OIL AX_176821854 A05 E4 – No MLMM 7,556,626 8.62E-07 0.08 0.62 10.09
OIL, PRO AX_177638445 A10 E1, E4 Yes – Both 101,203,312 2.87E-06 0.07 0.64 17.03
PRO AX_176811969 A01 E1 – No BLINK 99,527,079 5.73E-11 0.05 0.30 12.55
PRO AX_147209601 A01 E2 – No MLMM 9,873,427 3.47E-06 0.17 0.20 15.31
PRO AX_176794206 A01 E5 – No BLINK 106,097,712 2.28E-08 0.28 -0.09 20.34
OA, LA, PAL AX_147234396 A09 E1, E2, E3, E4, E5 Yes – Both 114,692,575 4.68E-16 0.11 -1.09 44.49 (E1)
PAL AX_147234411 A09 E1, E2, E6 Yes – Both 114,883,471 2.68E-10 0.13 0.12 61.81 (E1)
PAL AX_176819108 B09 E2 – No BLINK 142,395,397 4.04E-13 0.13 -0.07 12.24
PAL AX_176801823 A03 E4 – No MLMM 130,885,295 5.18E-10 0.06 -0.16 27.05
PAL AX_176823131 A02 E6 – No Both 497,336 7.97E-11 0.07 -0.14 27.10
SA AX_176823393 B06 E2, E6 Yes – BLINK 128,311,575 4.11E-08 0.33 0.02 12.54
SA AX_176802683 A09 E6 – No MLMM 116,676,384 1.34E-06 0.07 -0.06 10.13
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detected two in combined WW. The SNP AX_147234396 
(Chr. A09) was shared between BLINK and MLMM and 
repeatedly detected across WS_2018, WS_2021, and in com-
bined analyses, explaining a high proportion of phenotypic 
variance in both models and indicating strong locus robust-
ness and environmental stability.

Palmitic acid

BLINK detected five MTAs across three environments, 
while MLMM detected four on overlapping chromo-
somes. In WS_2018 (E1), MLMM identified one MTA. 
In WW_2018 (E2), BLINK identified two MTAs, MLMM 
one. In WS_2021 (E3), BLINK identified one MTA; in 
WW_2021 (E4), MLMM identified two. MLMM detected 
two MTAs in combined WS (E5), while both models shared 
two MTAs in combined WW (E6). SNP AX_147234411 
(Chr A09) was detected by both models in WW_2018, 
WW_2021, and combined WW, explaining up to 61.81% 
PVE under drought, indicating a highly stable and stress-
responsive major locus.

Stearic acid

For stearic acid, BLINK detected three MTAs on chro-
mosomes A09 and B06, while MLMM detected two 
MTAs on A09 and B08, primarily under WW conditions. 
In WW_2018 (E2), BLINK detected one MTA, while no 
MTAs were detected by MLMM. Under combined WW 
(E6), BLINK detected three MTAs and MLMM detected 
two, with AX_176802683 (Chr A09) shared between mod-
els. Additionally, AX_176823393 (Chr B06) was detected in 
both WW_2018 and combined WW analyses, demonstrating 
cross-environment stability.

Under well-watered conditions, major SNPs associated 
with oil, protein, and fatty acids explained 10–44% of phe-
notypic variance, while under drought they accounted for 
up to 62% (Table 3). Notably, AX_147234396 was consist-
ently linked with oleic, linoleic, and palmitic acids across 
environments, and AX_147234411 showed a strong effect 
on palmitic acid under stress (61.81% PVE). Nine SNPs 
were stable across models and minimum of two environ-
ments, including AX_177638445 and AX_177637369 
(oil), AX_147209601 (protein), AX_147234396 (oleic/
linoleic), AX_147234411 and AX_176823131 (palmitic), 
and AX_176823393 (stearic).

A list of drought-specific, well-watered-specific and 
common SNPs identified for oil and protein content 
are provided in Table 4. Seven single-nucleotide poly-
morphisms (SNPs) with pleiotropic effects on multi-
ple quality traits were identified. Notably, three SNPs, 

AX_177638445, AX_147209601, and AX_176814496, 
were associated with both oil and protein content, with 
AX_177638445 positively affecting oil and negatively 
affecting protein. AX_176811969 had a positive effect 
on protein content and a negative effect on LA content. 
Additionally, AX_177639855, AX_147234396, and 
AX_176803029 were significantly associated with oleic, 
linoleic, and palmitic acids, whereas AX_177639855 
and AX_147234396 had negative effects on oleic acid 
and positive effects on linoleic acid, and AX_176803029 
exhibited the opposite effect. Some SNPs were detected 
only by BLINK due to its superiority in identifying SNPs 
with a small PVE.

Potential candidate gene analysis for quality 
traits

From the candidate gene analysis, six intragenic SNPs for 
oil, three for protein, one for oleic acid, two for linoleic 
acid, three for palmitic acid, and one for stearic acid were 
identified, respectively. Candidate gene analysis was con-
ducted on significant SNPs using Gbrowse on PeanutBase. 
Potential candidate genes were searched in the LD window 
of 3.52 MB around the significant SNPs (Table S5). The 
candidate gene–trait links are based on functional annota-
tions, which identify genes associated with specific bio-
logical processes reported in earlier studies.

Candidate genes for quality traits 
under well‑watered condition

In the analysis of oil content, several intragenic SNPs (at 
zero physical distance) were identified, suggesting the pres-
ence of potential causal variants. Notable among these are 
AX_176821854 on chromosome A05, located within the 
Aradu.7RM7Z gene, which encodes a phosphoinositide-
specific phospholipase C X domain-containing protein; 
AX_147209601 on chromosome A01, mapping intrageni-
cally to Aradu.ZT8PK, which encodes phospholipase DP2; 
and AX_147234096 on chromosome A09, residing within 
Aradu.HBT8X, which encodes a proteasome subunit beta 
type. Additionally, SNP AX_147209601 on chromosome 
A01 is situated approximately 4.1 kb downstream of the 
MID1 gene. The stable SNP, AX_177638445 on chromo-
some A10, is located approximately 2.3 kb upstream of 
the key gene encoding a NAC domain protein. Notably, 
AX_147209601 on chromosome A01 exhibited pleiotropic 
effects, being associated with both oil and protein contents 
(Tables 5 and S3). Under well-watered conditions, protein-
associated intragenic marker–trait associations (MTAs), 
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such as SNP AX_147209601 on chromosome A01 located 
within Aradu.PJ6S6 encoding a GHMP kinase family pro-
tein. Other key protein content-associated genes encode 
pentatricopeptide repeat (PPR) proteins, peroxidases, and 
NAC domain transcription factors, indicating a coordi-
nated regulation of seed storage metabolism. Furthermore, 
one intragenic SNP, AX_176819108, on chromosome B09, 
located within Araip.90GMX (Sec23/Sec24 protein trans-
port) and Aradu.8JX0L (phosphatidylinositol-4-phosphate 
5-kinase), was associated with palmitic acid under well-
watered conditions. For stearic acid, the intragenic SNP 
AX_177643021 in the Araip.F9QDS locus on chromo-
some B08 encodes a poly(A) RNA polymerase cid11-like 
isoform X2. The associated genes predominantly encode 
proteins such as sn1-specific diacylglycerol lipase beta-
like protein, pollen protein Ole E I-like, Nse4, a compo-
nent of the Smc5/6 DNA repair complex, transcription fac-
tor bHLH128-like, zinc finger CCCH domain-containing 
protein 14, clathrin interactor EPSIN 2-like isoform X2, 
Cytochrome P450 superfamily protein, serine/threonine 
protein phosphatase 7 long form homolog, and various 
disease resistance proteins. Most candidate genes related 
to stearic acid encode proteins, including phosphatidylino-
sitol-4-phosphate 5-kinase and disease resistance proteins.

Candidate genes for quality traits 
under drought stress

Intragenic SNPs associated with oil content include 
AX_147221664 on chromosome A05, located within the 
Aradu.U5XP0 gene, which encodes a serine/threonine pro-
tein phosphatase 7 long form homolog; AX_177640152 on 
chromosome B07, situated within the Araip.65E1M gene 
encoding an LA RNA-binding protein; and AX_177643864 on 
chromosome B09, found within the Araip.9T22U gene encod-
ing an F-box/RNI-like superfamily protein. Furthermore, SNP 
AX_147221664 on A05 is intragenic to RING finger proteins 
and is positioned approximately 1.0 kb downstream of zinc fin-
ger MYM-type proteins. Two intragenic SNPs associated with 
protein content were identified: AX_176811969 on chromo-
some A01, located within the Aradu.8GS2N gene encoding a 
CASP-like protein, and AX_147253555 on chromosome B06, 
located within the Araip.WKL89 gene encoding receptor-like 
kinase 1. Another lead SNP, AX_176794206 on A01, is approx-
imately 2.2 kb downstream of the Aradu.646B6 gene encoding 
geranylgeranyl diphosphate reductase (GLDR) and approxi-
mately 33 kb upstream of a ZF-HD homeobox protein. The lead 
SNP, AX_147234396 on A09, is associated with palmitic and 
oleic acid and is located within the Aradu.G1YNF gene (fatty 
acid desaturase 2). For linoleic acid, two intragenic SNPs were 

Table 4   List of drought-specific, well-watered-specific and common SNPs associated with oil and protein content

Trait Environment SNP ID Detected in 
(BLINK/
MLMM/Both)

Stable 
across ≥ 2 
environments

Chromosome Position (bp) p value MAF Effect

OIL Drought-
specific

AX_147221664 Both Yes A05 7,694,037 3.23E-10 0.081105 -0.39359
AX_177637369 BLINK Yes B10 127,616,318 4.50E-20 0.174688 0.964495
AX_177640152 BLINK No B07 5,225,224 2.31E-07 0.131907 -0.20662
AX_176817775 MLMM No B06 129,495,569 2.61E-13 0.134581 -0.80815
AX_176818308 BLINK No A04 120,922,052 1.71E-06 0.095365 0.156508
AX_177641922 BLINK No A08 1,734,733 9.16E-07 0.431373 0.124935
AX_177643864 BLINK No B09 6,008,519 1.89E-06 0.185383 0.162517

Well-watered-
specific

AX_147209601 BLINK No A01 9,873,427 9.20E-09 0.170232 0.112977
AX_176814496 BLINK No A03 126,548,835 5.27E-09 0.397504 0.085456
AX_147234096 BLINK No A09 111,195,533 4.66E-07 0.227273 0.084689
AX_177644302 BLINK No B10 126,354,470 2.74E-07 0.227273 0.071717
AX_176821854 MLMM No A05 7,556,626 8.62E-07 0.08125 0.621054

Common SNPs AX_177638445 Both Yes A10 101,203,312 2.76E-08 0.069519 0.356857
PROTEIN Drought-

specific
AX_176811969 BLINK No A01 99,527,079 5.73E-11 0.053476 0.300707
AX_176821384 BLINK No A04 77,777,651 3.98E-08 0.268271 0.136844
AX_147253555 BLINK No B06 124,628,344 4.24E-07 0.196078 0.127471
AX_176794206 BLINK No A01 106,097,712 2.28E-08 0.282531 -0.09257

Well-watered-
specific

AX_147209601 Both No A01 9,873,427 8.35E-09 0.170232 0.142697
AX_176814496 BLINK No A03 126,548,835 3.22E-08 0.397504 0.103095
AX_176810566 BLINK No A10 5,797,502 5.87E-11 0.163102 0.166429
AX_177638445 BLINK No A10 101,203,312 1.38E-06 0.069643 -0.26796
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identified: AX_147222791 on A05, encoding a membrane 
transporter protein, and AX_176811969 on A01, encoding a 
TIR-NBS-LRR class disease-resistant protein. Numerous loci in 
the significant SNP regions were linked to BTB/POZ domain-
containing proteins and TIR-NBS-LRR-type resistance proteins. 
Many genes related to oil content also influence protein con-
tent, including the RING finger protein 38-like located within 
the Aradu.48HYY gene on A05, MYB transcription factor, F-box 
family protein, NAC domain protein, phospholipase DP2, FAR1 
DNA-binding domain protein, and protein kinase superfamily 
proteins.

Allele distribution pattern and in silico gene 
expression analysis

Allele distribution pattern suggested that high-oil and high-
protein MLs mostly carried favorable alleles, while low oil and 
protein MLs predominantly carried unfavorable alleles (Fig. 5). 
The phenotypic data of the top ten MAGIC lines (MLs) with 
high and low oil and protein content from the 2021–2022 post-
rainy season were analyzed to assess SNP utility and efficiency. 
The tissue-specific expression of few key candidate genes as 
mentioned in Fig. 6 was examined utilizing the A. hypogaea 
gene expression atlas (AhGEA) for the fastigiata subspecies 
(Sinha et al. 2020) which provides evidence for the relation-
ship between gene expression levels and trait variation. Also, 
gene expression during drought stress expression resource (Bra-
sileiro et al. 2015) was studied. Among the potential candidate 
genes identified in this investigation, few exhibited differential 
expressions in at least one tissue during critical developmen-
tal stages, as observed across 20 tissues in the gene expression 
atlas (Fig. 6). Utilizing a drought-specific expression atlas, it 
was observed that several genes associated with lipid metabo-
lism, including FAD2A, GLDR, phospholipases, and lipid trans-
fer proteins, exhibited moderate to strong upregulation under 
drought stress, particularly within leaf tissues and seeds. Key 
transcription factors, such as members of the NAC, MYB, and 
ZF-HD families, were consistently induced under water-deficit 
conditions, indicating their regulatory role in drought-responsive 
pathways. Furthermore, genes involved in signal transduction, 
including receptor-like kinases, calcineurin B-like proteins, and 
RING finger proteins, demonstrated drought-responsive expres-
sion patterns, underscoring their potential involvement in stress 
adaptation mechanisms (Supplementary Table S6).

Discussion

Ensuring the high nutritive value of grain and fodder in 
changing climatic conditions, particularly under drought 
stress, is becoming a crucial breeding objective for most 

crop breeding programs, including groundnut breed-
ing. A significant reduction in oil content and other fatty 
acids due to water stress highlights the need for a deeper 

Fig. 5   Manhattan plots (left panels) and corresponding quantile–
quantile (Q–Q) plots (right panels) depicting genome-wide associa-
tion results for A oil content in environment E1 using the MLMM 
model, B oil content in E4 using MLMM, C protein content in E1 
using BLINK, D protein content in E2 using MLMM, E protein con-
tent in E5 using BLINK, F oleic acid content in E1 using BLINK, G 
linoleic acid content in E1 using BLINK, H palmitic acid content in 
E2 using BLINK, and I stearic acid content in E6 using BLINK
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understanding of how environmental factors affect qual-
ity traits, as well as the importance of identifying geno-
types that remain stable in these drought-stressed condi-
tions. Due to the limited variation in oil, protein, and fatty 
acid content within breeding populations, it is crucial to 
explore diverse germplasms and multi-parental popula-
tions. In the MAGIC population used for the study, a wide 
range of variability has been observed as mentioned in 
Table 1. All these traits exhibited moderate to high herit-
ability values in the current study. In groundnut, medium 
heritability is generally defined as 30–60% and high herit-
ability as > 60%, for interpreting genetic control of quality 
traits such as oil and protein content. In previous stud-
ies, heritability (h2) values of 0.52 (oil content) and 0.64 
(protein content) were reported, along with low genetic 
advance and nonadditive gene effects (Noubissie et al. 
2012). The wide phenotypic variation and moderate to 
high heritability observed for oil, protein, and fatty acid 
traits indicate exploitable genetic variation, supporting 
effective selection for nutritional quality under drought-
prone environments and highlighting suitability of these 
traits for GWAS and QTL mapping (Abou-Elwafa and 
Shehzad 2020). The significance of block effects for spe-
cific traits across years highlights the strong influence of 
environmental heterogeneity, reinforcing the importance 
of multi-environment testing. Furthermore, a strong nega-
tive correlation between oil and protein, as well as between 

oleic and linoleic acids, aligns with findings from previous 
studies. (Xu et al. 2025). The consistent negative associa-
tions between oil and protein content, and between oleic 
and linoleic acids, highlight inherent biochemical trade-
offs that must be considered in breeding programs. How-
ever, contrasting correlations between protein and linoleic 
acid across years under similar environments, negative in 
2018–2019 and positive in 2021–2022, suggest strong 
genotype × environment interactions influencing trait rela-
tionships, particularly under stress. These findings indicate 
that selection for quality traits under drought conditions 
should emphasize stability and adaptability across envi-
ronments rather than relying on single-year evaluations 
(Pal et al. 2024). Variations in stress intensity and phe-
nological stage at stress imposition may further explain 
the observed year-to-year differences. Overall, the find-
ings demonstrate the value of multi-parental populations 
for unraveling complex trait relationships and provide a 
strong foundation for integrating nutritional quality traits 
into drought-resilient groundnut breeding programs.

Implications of drought on quality traits

The current study found that drought stress conditions resulted 
in a decrease in oil content and an increase in protein con-
tent (Fig. 7). Few studies have documented that mid-season 

Fig. 6   Allele distribution pattern of favorable and unfavorable alleles of significant SNPs associated with high and low oil content A and protein 
content B under water-stressed condition during post-rainy 2018–2019
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drought affects oil, protein, and fatty acid content in ground-
nut kernels (Chaiyadee et al 2013; Aydinsakir et al. 2016). 
Recent research also supports the findings of the current study 
(Dwivedi et al. 1996; Ai et al. 2025). This shows that even 
mid-season drought can lower oil content but increase protein 
content in groundnut kernels (Chakraborty et al. 2013). Ambi-
guities in the impact of drought on quality, may be attributed 
to the genotype-by-treatment interactions, as the response to 
drought stress varies with genotypes. Therefore, the results 
of the current study, which utilized a large set of genotypes 
and a multi-parental population, could provide clarity regard-
ing these ambiguities. Drought stress impairs photosynthesis 
(Aguirrezabal et al. 2009), affects key enzymes that regulate 

lipid and fatty acid biosynthesis and metabolism (Fabian et al. 
2019), decreases the movement of assimilates from source 
to sink (Vadez et al. 2013), impairs seed development, and 
induces oxidative stress. All these factors may be responsible 
toward reduction of oil content can lead to reduction in oil 
content of groundnut kernels. Under drought stress, increase 
in protein content could be primarily attributed to the changes 
in nitrogen metabolism and physiological adaptations. Shift-
ing metabolic substrates away from lipid biosynthesis under 
drought stress provides more substrates for protein synthesis, 
leading to increased protein content in groundnut seeds. Under 
drought stress, there is an induction of stress-related protein 
synthesis (Tunnacliffe and Wise 2007), increased nitrogen 

Fig. 7   Tissue-specific expression of potential candidate genes associated with A oil and B protein content
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uptake and assimilation, and a reduction in seed size, which 
leads to higher protein content in the kernel.

Population structure and LD decay

Experimental populations like MAGIC and NAM are struc-
tured, which could influence the significance of genetic asso-
ciations. In order to accurately capture genetic recombina-
tion, a larger number of lines is required in the population. 
Compared to GWAS using natural populations, multi-paren-
tal populations can reduce false discoveries due to popula-
tion stratification and increase the frequency of rare alleles 
in wider populations (Kover et al. 2009). Higher recombina-
tion in MAGIC population breaks down linkage blocks more 
effectively than in biparental populations, leading to haplo-
type diversity and new combinations of gene variants. This 
disruption of linkage disequilibrium promotes random asso-
ciation between genetic loci and increases allelic diversity. In 
MAGIC populations, this leads to the formation of fine-scale 
genetic mosaics from multiple parental segments. Addition-
ally, the lines traced back to known founders. MAGIC popu-
lations help mitigate hidden population structure, thereby 
reducing the chance of false positives in GWAS, which is 
common issue when using unrelated populations. GWAS 
analysis is dependent on understanding LD, particularly its 
decay, for effective association mapping. In the present study 
involving the MAGIC population, a LD block of 3.52 MB 
was observed. Self-pollinating crops, such as groundnut, 
typically exhibit larger LD blocks and demonstrate slower 
LD decay due to limited recombination events (Vos et al. 
2017). The higher LD value observed in the MAGIC popula-
tion can be ascribed to the limited recombination events and 
the specific set of founder parents used. Comparing LD val-
ues across different populations, such as inbread lines with 
diverse genetic structures and recombination histories, may 
not yield meaningful insights. However, numerous studies 
have reported extensive LD in various groundnut breeding 
populations (Otyama et al. 2019; Zhang et al. 2020; Zhou 
et al. 2017). For instance, Otyama et al. (2019) reported 
an LD decay of up to 4.8 MB, which is more than the LD 
reported in the current study. This phenomenon is mostly 
attributed to the recent tetraploid history of peanuts. Sev-
eral investigations have been conducted to map QTLs in the 
MAGIC population, which features a substantial LD block 
size (Kover et al. 2009; Dell’Acqua et al. 2015).

Marker–trait association (MTAs) for quality 
traits

In case of groundnut, QTL mapping studies have been con-
ducted to identify QTLs associated with oil, protein, and 
fatty acids (Pandey et al. 2014; Sarvamangala et al. 2011). 
However, only a few GWAS studies have been conducted 
in groundnuts for these nutritional traits. Environmental 
factors greatly impact quantitative traits, such as nutrient 
content, and ultimately influence the expression of genes 
and QTLs associated with these traits (Xue et al. 2017). 
Nonetheless, the current study utilized a high-density and 
highly accurate “Axiom Arachis2” 48 K SNP array geno-
typing platform (Peng et al. 2020) in a MAGIC population 
under both drought stress and well-watered conditions to 
identify drought-responsive SNPs under drought condition. 
Genome-wide association studies (GWAS) are amenable to 
generate false positives due to factors such as population 
structure, sample size, and environmental influences. To 
avoid the discovery of false positives, we applied stringent 
thresholds and corrections, including Bonferroni and false 
discovery rate (FDR) adjustments. Additionally, we con-
sidered associations that were consistently observed across 
multiple models or demonstrated biological relevance. This 
is the first study in groundnut to identify drought-responsive 
MTAs for quality traits under drought stress to the best of 
our knowledge.

Previous research by Sarvamangala et al. (2011) identi-
fied major QTLs for oil, protein, and fatty acids on various 
linkage groups using SSR markers in a RIL population. They 
identified significant QTLs for oil on linkage groups A01, 
A03, A04, and A08; for protein on A01, A03, A04, A06, 
A07, and A08; and for oleic and linoleic acids on A01, A07, 
and A08. The present investigation also revealed notable 
SNPs for oil content on A01, A03, A04, and A08; for protein 
content on A01, A03, and A04; for oleic acid on A07; and 
for linoleic acid on A01 and A07. Furthermore, indications 
of association between quality traits and genomic regions 
on other chromosomes were observed. Zhang et al. (2020) 
conducted a GWAS and QTL-seq, correlating SNPs with oil, 
protein, and fatty acid content on chromosomes A01, A02, 
A03, A04, A09, B01, B02, and B10. Consistent with their 
findings, significant SNPs for oil content were identified on 
A01, A03, A04, A09, and B10, and for protein content on 
A04. Another GWAS highlighted regions on A08 linked to 
oil content, situated 36.64 MB from SNP AX_177641922 
in the present study (Guo et al. 2024). Shaibu et al. (2019) 
discovered SNPs associated with fatty acids using DArTSeq 
on 170 genotypes at ICRISAT, Nigeria. The current research 
identified comparable SNPs on A09, A07, and B10, with 
several SNPs such as AX_147234396 on A09 (392.589 kb 
downstream), on A09 (98.45 Mb upstream), on A07 (3.47 Mb 
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downstream), and on B10 (79.48 Mb upstream), located near 
previously reported SNPs for oleic acids. For linoleic acid, 
on B07 (362.10 kb downstream), on A07 (3.47 and 3.61 Mb 
upstream). Moreover, SNPs on chromosomes A02, A09, A10, 
B07, B09, and B10 were within 100 Mb of previously identi-
fied SNPs for linoleic acid content. Regarding stearic acid, 
two SNPs on chromosome B06 were 19.05 Mb and 44.29 Mb 
upstream of previously identified SNPs. A GWAS conducted 
by Otyama et al. (2019) identified genomic regions governing 
fatty acid composition, some of which aligned with the results 
of the present study. SNP AX_147234396 on chromosome 
A09 was linked to oleic, linoleic, and palmitic acid content in 
both studies. In the current research, SNP AX_176809593, 
associated with linoleic acid, is 50.76 kb from a previously 
identified region on A10. Four additional SNPs linked to lin-
oleic acid were also found within a 100 MB range of ear-
lier findings. SNP AX_147234411 on A09, associated with 
palmitic acid, was also noted in previous studies alongside 
four other SNPs in a similar 100 MB area. Furthermore, five 
SNPs related to stearic acid in the present study were within 
100 MB of significant SNPs identified earlier. A GWAS study 
by Zhou et al. (2022) uncovered seven SNPs linked to oleic 
acid content within 100 MB of the SNPs identified in the cur-
rent study. For palmitic acid, one SNP on chromosome A01 
was 64.20 MB from a previously reported SNP. The present 
study also identified additional SNPs associated with stearic 
and linoleic acids. For certain traits, such as protein content 
with low repeatability, the identified marker–trait associa-
tions (MTAs) may be subject to environmental influences. 
Nonetheless, some associations may retain biological sig-
nificance, particularly when they are consistently observed 
across multiple seasons. These MTAs need to be validated 
through independent populations or functional studies prior 
to their integration into the breeding pipeline. In addition to 
that, drought response complexity limits consistently detected 
SNPs across drought stress and well-watered conditions, 
likely due to environmental specificity and G × E interaction. 
Drought stress triggers condition-specific gene expression, 
leading to SNPs showing significance under specific condi-
tions. Quality traits are quantitatively inherited and affected by 
stress-induced changes, while differential pathway expression 
under drought can mask well-watered condition associations. 
Although consistent SNPs across environments are valuable, 
stress-specific SNPs represent crucial adaptive response loci 
for environment-specific breeding.

Genome-wide association studies (GWAS) have been 
pivotal in identifying marker–trait associations (MTAs) for 
key quality traits in groundnut. Early analyses using the US 
minicore collection linked FAD2 gene variants with oleic and 
linoleic acid content (Chu et al. 2007). Following this, marker-
assisted breeding led to the development of “Tifguard High 
O/L,” combining nematode resistance with the high oleic trait 
(Chu et al. 2011). Similarly, the root-knot nematode-resistant 

variety NemaTAM was successfully developed and released 
in the USA using marker-assisted selection (Simpson et al. 
2003). Quality traits such as oil content, protein content, and 
fatty acid composition can be prioritized in breeding programs 
by focusing on MTAs identified in the current study with high 
phenotypic variance explained (PVE) and stable expression 
across environments. Validated MTAs can be converted into 
kompetitive allele-specific PCR (KASP) markers for use in 
early-generation selection and backcrossing to efficiently 
introgress favorable alleles into elite cultivars. Furthermore, 
integrating these MTAs into genomic selection models holds 
promise for enhancing prediction accuracy and accelerating 
the development of improved groundnut varieties adapted to 
both normal and drought-prone conditions.

Potential candidate genes for quality traits

An extensive literature review was conducted to identify 
plausible candidate genes that encode proteins with func-
tions related to lipid metabolism, fatty acid pathways, and 
roles in drought tolerance mechanisms. Candidate genes 
associated with oil content were found to govern several 
proteins involved in lipid biosynthesis and lipid metabolism. 
Furthermore, numerous proteins regulated by these genes 
are important in drought response.

Potential candidate genes for quality traits 
under well‑watered conditions

The gene Aradu.ZT8PK encodes Phospholipase DP2 (PLD), 
which is essential for lipid metabolism (Colley et al. 1997), 
and also affects macronutrient availability in Arabidopsis (Lu 
et al. 2016). In foxtail millet (Setaria italica), PLD alpha 1 is 
reported to be involved in drought tolerance and stress signaling, 
particularly in the ABA pathway (Peng et al. 2010). The gene 
Aradu.7RM7Z encodes a PI-PLC X domain protein, which gen-
erates glycerophosphodiester phosphodiesterase, a significant 
enzyme in lipid metabolism. Additionally, lipid transfer proteins 
(LTPs) facilitate membrane biogenesis and fatty acid regulation 
by promoting phospholipid transfer between membranes (Kader 
1996). NAC domain proteins (Aradu.H5KV7) play a substan-
tial role in oil content and drought response. In Medicago fal-
cate, NAC transcription factors have been reported to regulate 
drought tolerance by modulating genes related to lipid transport 
and oxidation–reduction (Duan et al. 2017). Proteins such as 
phospholipase D2 (Aradu.PE7A6), NAC domain protein (Aradu.
H5KV7), lipid transfer protein (Aradu.VWQ48), and GDSL-like 
lipase/acyl hydrolase superfamily protein (Aradu.TMP0B) are 
critical for lipid metabolism, supporting the connection between 
oil and protein content in groundnuts. The GHMP kinase family 
protein (Aradu.PJ6S6) contributes to isoprene and amino acid 
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biosynthesis and carbohydrate metabolism, influencing protein 
content (Bork et al. 1993). Furthermore, proteomic and lipid-
omic analyses revealed that increased expression of lipase GDSL 
domain-containing protein enhances total fatty acids and 18:1 
composition, while reducing 18:2 composition (Xu et al. 2022). 
Genes identified to be regulating oleic, palmitic, linoleic, and 
stearic acid content have functions related to fatty acid biosyn-
thesis. A previously known gene Aradu.G1YNF was identified in 
the current study which encodes fatty acid desaturase 2 (FAD2), 
that influences the composition of three key fatty acids: oleic, 
palmitic, and linoleic acids. Mutant alleles of this gene were 
found in chromosomes A09 and B09, affecting peanut oil qual-
ity. FAD2 catalyzes the conversion of oleic acid to linoleic acid 
(Ray et al. 1993). SNP AX_147234396, significantly linked to 
oleic (OA), linoleic (LA), and palmitic acid (PAL), was found 
to be intragenic, located within the FAD2A gene, based on the 
Tifrunner v2.0 genome. FAD2A encodes oleoyl-PC desaturase, 
which converts oleic to linoleic acid. Mutations in FAD2A are 
known to elevate OA and reduce LA (Pandey et al. 2014). The 
co-localization of this SNP with FAD2A, along with its high 
PVE (up to 41.66%), highlights its strong functional relevance 
for oil quality improvement. Aradu.7K9KV encodes the ferre-
doxin 3 protein, which is involved in desaturating lipid-bound 
oleate in spinach (Schmidt et al. 1990). A recently identified 
gene, Aradu.5Y9LT, encodes an AMMECR1 family protein asso-
ciated with protein content in soybeans (Vuong et al. 2023). 
Araip.N8HQ9 encodes an NAD(P)-binding Rossmann-fold 
superfamily protein linked to fatty acyl-CoA reductase, and is 
characterized by specific catalytic motifs (Fujimoto et al. 2001; 
Wang et al. 2016). Additionally, Aradu.K16RE encodes pro-
teins in the oxysterol-binding family, which are reported to be 
involved in signaling and lipid metabolism (Raychaudhuri et al. 
2010). Finally, Araip.55WJR encodes a component of the pyru-
vate dehydrogenase complex that aids in mitochondrial fatty acid 
biosynthesis (Dieckmann 2024).

Potential candidate genes for quality traits 
under drought stress

Several genes associated with protein content are also impli-
cated in plant stress response. The DUF protein (Araip.
WKL89) and glucose-6-phosphate dehydrogenase, essen-
tial for the oxidative pentose phosphate pathway (OPPP) 
in tomatoes, contribute to drought tolerance by enhanc-
ing proline synthesis, Hsp70 chaperone accumulation, and 
ascorbate peroxidase activity (Landi et al. 2016). The gene 
Aradu.8GS2N encodes a CASP-like protein that is reported 
to regulate the stress response through Casparian strip for-
mation (Wang et al. 2020). Geranylgeranyl diphosphate 
reductase (GLDR) is vital for chlorophyll biosynthesis in 
rice and for the stress response in olives (Bruno et al. 2009, 
2017). The ZF-HD homeobox protein is also significant in 

the response to water-deficit stress in pigeon pea (Kumar 
et al. 2015). F-box proteins, also known as RNAi-like pro-
teins, are involved in protein ubiquitination and contribute 
to the regulation of antioxidant capacity and reactive oxy-
gen species (ROS) under stress (An et al. 2019). RING fin-
ger proteins are critical for plant growth and abiotic stress 
responses, functioning as ABA receptors (Han et al. 2022). 
Zinc finger MYM-type proteins are also reported to regulate 
abiotic stress responses (Han et al. 2020), whereas MYB 
transcription factors are important for hormone signaling 
and stress tolerance (Zhang et al. 2018). FAR1 is reported 
to be essential for the drought stress response, ABA sign-
aling, and starch metabolism (Graf and Smith, 2011), and 
MID1 is expressed in vascular tissues, enhancing drought 
tolerance and yield when overexpressed (Guo et al. 2016). 
Inositol polyphosphate phosphatase proteins affect drought 
responses in tomatoes by repressing drought-inducible genes 
(Na et al. 2020). MADS-box proteins are reported to regu-
late abiotic stress responses in plants (Yang et al. 2024). 
Genes encoding proteins associated with oil content, such as 
inositol phosphatase, the PPR superfamily, RING proteins, 
MYB transcription factors, MID1 family proteins, and F-box 
proteins, are also linked to protein content and contribute to 
abiotic stress responses, particularly drought. Several genes 
linked to oleic, stearic, linoleic, and palmitic acid contents 
are involved in drought stress mechanisms. Notably, cal-
cineurin B-like protein (CBL) (Batistic et al. 2009), FBA 
in Arabidopsis associated with drought tolerance in roots, 
receptor-like protein kinases (RLKs), and heat shock pro-
teins, which also respond to abiotic stress (Rahman et al. 
2022). The gene Aradu.65HV5, which encodes myo-inositol 
oxygenase (MIOX), enhances drought tolerance by reducing 
oxidative damage and contributes to ascorbic acid biosynthe-
sis. Additionally, genes related to the hemerythrin class glu-
tathione S-transferase and DEAD-box ATP-dependent RNA 
helicase are linked to stress tolerance (Galle et al. 2009; Sun 
et al. 2010; Rezaei et al. 2013; Dang et al. 2024). For stearic 
acid, Aradu.21AU1 encodes diacylglycerol lipases (DGLs), 
which are involved in producing bioactive monoacylglycer-
ols (Yuan et al. 2016). Other proteins associated with stearic 
and palmitic acid, such as dehydration-responsive proteins 
and bHLH transcription factors, also play significant roles in 
drought tolerance (Shinozaki 1993; Wang et al. 2018; Duan 
et al. 2024; John et al. 2024).

Conclusion

The current study revealed the utility of MAGIC population 
for association mapping studies as the number of recombi-
nation breakpoints identified are large compared to a RIL 
population. The study identified novel significant SNPs such 
as AX_176817775 and AX_177637369 associated with oil, 
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AX_176811969 and AX_176794206 associated with pro-
tein, AX_147234411 associated with palmitic acid under 
drought stress acid along with a previously reported SNPs 
AX_147234396 on A09 associated with oleic, linoleic and 
palmitic acid. Fourteen high-confidence SNPs with > 10% 
PVE for the above-mentioned quality traits can be further 
validated and developed in to markers to be utilized in breed-
ing programs. Candidate genes such as RING finger proteins 
and protein kinases for oil content; CASP-like protein and 
geranylgeranyl diphosphate reductase (GLDR) for protein 
content, and fatty acid desaturase 2, MYB transcription fac-
tor and AMMECR1 family for oleic and palmitic acid con-
tent identified in the study provides new insight in to the 
molecular mechanisms governing nutritional traits under 
water-deficit stress condition.
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