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SUMMARY

Eggplant (Solanum melongena) is one of the four most important Solanaceous crops, widely cultivated and
consumed in Asia, the Mediterranean basin, and Southeast Europe. We studied the genome-wide associa-
tion of historical genebank phenotypic data on a genotyped worldwide collection of 3449 eggplant acces-
sions. Overall, 334 significant associations for key agronomic traits were detected. Significant correlations
were obtained between different types of phenotypic data, some of which were not obvious, such as
between fruit size/yield and fruit color components, suggesting simultaneous anthropic selection for geneti-
cally unrelated traits. Anthropic selection of traits like leaf prickles, fruit color, and yield, acted on distinct
genomic regions in the two domestication centers (India and Southeast Asia), further confirming the multi-
ple domestication of eggplant. To discriminate anthropic from environmental selection in domestication
centers, we conducted a genotype-environment association (GEA) on a subset of georeferenced accessions
from the Indian subcontinent. The population structure in this area revealed four genetic clusters, corre-
sponding to a latitudinal gradient, and environmental factors explained 31% of the population structure
when the effect of spatial distances was removed. GEA and outlier association identified 305 candidate
regions under environmental selection, containing genes for abiotic stress responses, plant development,
and flowering transition. Finally, in the Indian domestication center anthropic and environmental selection
acted largely independently, and on different genomic regions. These data allow a better understanding of
the different effects of environmental and anthropic selection during domestication of a crop, and the differ-
ent world regions where some traits were initially selected by humans.

Keywords: Solanum melongena, genome-wide association analysis, genotype-environment association
analysis, abiotic stress, local adaptation.

INTRODUCTION Discovering the genes controlling these traits is crucial for

Eggplant (Solanum melongena L.) is, with potato, tomato,
and pepper, one of the four most cultivated Solanaceous
food crops, with a worldwide production exceeding 58.6 M
tons in 2021 (FAO, 2022). About 17 700 eggplant acces-
sions are currently listed in the Genesys worldwide catalog
(https://www.genesys-pgr.org/) and maintained by dozens
of genebanks. Eggplant has extensive genetic diversity
adapted to different environments (Solberg et al., 2023), so
its genome is a potential reservoir of adaptive traits.

© 2025 The Author(s).

the future improvement of this crop.

As genebanks evolve from germplasm providers to
genetic resource knowledge centers, new opportunities
emerge for understanding crop diversity (CGIAR, 2020).
Genebanks are invaluable providers of phenotypic data
for highly heritable traits, helping users to select germ-
plasm and understand trends and patterns in trait evolu-
tion of crop genepools. Therefore, genebank genomics
represents an important tool for understanding the
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genetic structure of such genepools. In fact, besides sup-
porting the identification of duplicate samples within col-
lections, and the correction of taxonomic misassignments,
genomic tools can also be used for genome-wide associa-
tion (GWA) studies on historical phenotypic data collected
by genebanks during seed multiplication (Langridge &
Waugh, 2019; Milner et al., 2019; Tripodi et al., 2021).
Among the technologies used for genotyping, the single
primer enrichment technology (SPET) (Barchi, Acquadro,
et al., 2019; Herrero et al., 2020; Scaglione et al., 2019; Vil-
lanueva et al.,, 2021) represents a customizable, cost-
efficient solution although it requires a priori genomic or
transcriptomic information and identification of SNPs for
probe design. Recently, a large worldwide collection of
3499 eggplant accessions, including landraces and wild
relatives, was characterized using SPET, identifying its
population structure, centers of origin, and migration
routes (Barchi et al., 2023).

The genetic diversity safeguarded in genebank collec-
tions can be used to overcome challenges posed by cli-
mate change, such as rising temperatures and
unpredictable rainfall patterns, which are increasingly
likely to affect crop productivity. Assessing phenotypic
resilience in field conditions remains laborious and costly,
so there is a pressing need for new approaches for screen-
ing large germplasm collections for adaptive traits. GEA
methods that link genetic information with environmental
factors (Manel et al., 2010) are an example of such alterna-
tive approaches. Novel statistical methods and the growing
accessibility of global-scale environmental data are open-
ing the possibility of estimating the influence of the envi-
ronment on crop genomic variation. A frequently applied
GEA method is redundancy analysis (RDA), a multivariate
statistical method based on expanding multiple regression
for analyzing data with multivariate response data (Legen-
dre & Legendre, 2012). Recent studies have shown that
GEA can identify potential adaptive loci and populations
that are adapted to stressful conditions in wheat, sorghum,
barley and African wild eggplants (Chang et al., 2022;
Costa-Neto et al., 2023; Lasky et al., 2015; Lei et al., 2019;
Omondi et al., 2024).

In this study, we performed GWAS for 23 agronomical
traits on a previously genotyped worldwide eggplant col-
lection, exploiting historical phenotypical data collected by
genebanks to identify marker-trait associations (MTAs) for
key traits under anthropic selection. Additionally, we used
a subset of 324 georeferenced accessions from one of the
eggplant’s proposed centers of domestication, the Indian
subcontinent, for GEA studies. This study aims to identify
and compare genomic regions under anthropic and envi-
ronmental selection, to identify the key environmental vari-
ables with the largest genomic influence, and to identify
which traits selected by humans in the domestication cen-
ters spread to the rest of the world.

RESULTS AND DISCUSSION

GWA analysis of historical genebank phenotypic data
reveals regions under human selection in an eggplant
worldwide collection

Agro-morphological data about traits routinely phenotyped
by genebanks during seed multiplication and characteriza-
tion trials were collected for a previously genotyped world-
wide eggplant collection comprising 3499 accessions
(Barchi et al., 2023) and manually curated to be compara-
ble (Table S1). A total of 23 phenotypic traits were checked
for consistency, resulting in sets of observations ranging
from 438 for fruit size (frusiz) to 1517 for fruit color (frucol)
(Tables S2 and S3).

Several phenotypic traits displayed a biased geo-
graphic distribution. For instance, prickly eggplant types
are preferred in the two putative domestication centers
identified by Barchi et al. (2023) (India and Southeast Asia)
based on their perceived superior organoleptic quality
(Figure 1a,b), as are also anthocyaninless fruit types
(Figure 1c). Notably, these phenotypes resemble those of
the eggplant direct progenitor, Solanum insanum
(Figure 1d), a possible indication that these preferences
reflect a cultural heritage dating back to early post-
domestication.

Significant positive and negative inter-trait correla-
tions were detected (Figure S1). Some of these correlations
were expected: for example, fruit shape ratio (frushr) was
positively correlated with fruit curvature (frucur) and nega-
tively correlated with fruit section and fruit size (frusec and
frusiz); also, leaf and calyx prickliness (leapri and calpri)
were positively correlated. Other correlations were less
obvious: fruit size (frusiz) and yield (fruyld) showed posi-
tive correlations with fruit color component frucol_a and
negative correlations with frucol_b and frucol_L, probably
because of a simultaneous selection for both fruit size and
peel color in specific geographic areas. Additionally,
growth habit showed small but significant negative corre-
lations with fruit size and yield, with prostrate plants exhi-
biting smaller fruits and lower yields. This contrasts with
what is observed in tomato F, populations, where pros-
trate plants display higher yields, probably due to reduced
lodging (Ozminkowski et al., 1990). Given the importance
of yield as an agronomic trait, the genetic basis of this cor-
relation merits further study.

To perform GWAS, the MLMM (Segura et al., 2012),
FarmCPU (Liu, Huang, et al., 2016), and BLINK (Huang
et al., 2019) methods implemented in GAPIT3 (Wang &
Zhang, 2021) were used. Overall, 334 unique significant
QTNs (P-value <0.01) were identified using the three
methods (Table S4), corresponding to 229 non-redundant
QTNs and 189 unique quantitative trait loci (QTLs), assum-
ing an LD decay of 100 kbp. We detected several notable
MTAs for all key traits under selection, many
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Figure 1. Geographic distribution of different eggplant traits: calyx prickles (a), leaf prickles (b), and overall fruit color (c).
Color scales range from 0 (no prickles) to 9 (many prickles) and from 0 (no anthocyanins) to 9 (black fruits) (Table S2).

(d) Leaf and fruit phenotypes of the eggplant progenitor, Solanum insanum.

corresponding to known QTLs and/or falling near genes
with documented functions (Table S5).

Prickles are a distinctive trait of eggplant and its wild
relatives. However, their presence is an unwanted feature
in modern cultivars since they damage fruits during bulk
packaging and transportation, and has therefore been
removed by breeding (Daunay et al., 2001). Plant prickles
are modified glandular trichomes, and their biogenesis is
controlled by a LOG gene (Satterlee et al., 2024) as well as
by transcription factors from the MYB, bHLH, WDA40,
WRKY, NAC, GRAS, and/or C2H2 zinc finger families
(Wang et al., 2019). Genes encoding transcription factors
putatively involved in trichome/prickle formation were
spotted within the QTLs identified for leaf and calyx
prickles, alongside homologs of the Arabidopsis GLABRAT
(GL1) gene and of genes involved in secondary cell wall
biogenesis, like the strong candidate gene
STRUBBELIG-RECEPTOR FAMILY 2 (SRF2) on chr. 10,
already reported to mediate tissue morphogenesis, biosyn-
thesis of cellulose, ROS and stress-related gene induction
as well as ectopic lignin and callose accumulation
(Chaudhary et al., 2020). Furthermore, significant QTNs
were also found on chr. 8, in the same region already
highlighted for prickles-related QTLs by Portis et al. (2014),
containing a cluster of expansin-like proteins, and on chr.

© 2025 The Author(s).

6, in the same region containing a selective sweep for
prickliness (Barchi et al., 2021) and the LOG prickliness
gene (Satterlee et al., 2024), confirming that strong human
selection for presence/absence of prickles was exerted on
these regions (Figure 2a; Table S5).

Anthocyanin pigmentation in eggplant is strongly
dependent on the tissue, developmental stage, and environ-
ment (Barchi, Pietrella, et al., 2019; Moglia et al., 2020; Xiao
et al., 2018; Zhang et al., 2014). It is a distinctive trait of most
modern eggplant varieties, and it allows ready identification
of the vegetable in its various culinary forms. GWAS identi-
fied several significant QTNs for flower and fruit color, and
anthocyanin accumulation in vegetative tissues. With a LD
window of 100 kb, several candidate genes were identified
(Figure 2b,c; Table S5). In particular the transcription factors
belonging to the MYB family (with MYB1 as the most reli-
able candidate for the major QTN on chr. 1 with the highest
P value), the homolog of phenylpropanoid biosynthetic
genes Anthocyanidin synthase (ANS), plus an ATP-
dependent zinc metalloprotease FTSH 10, putatively confer-
ring non-photosensitivity of eggplant peel color (He
et al., 2022) were identified by all the three models (BLINK,
FarmCPU, and MLMM), suggesting that these regions are
deeply involved in the control of color/anthocyanin accu-
mulation in eggplant. Additional QTLs, identified by one or
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Figure 2. QTNs identified for leaf prickles (a), corolla color_b (b), fruit color_a (c), anthocyanin distribution (d), fruit cross section (e), fruit curvature (f), fruit apex

(g), and growth habit (h).

Red lines in the Manhattan plots indicate FDR significant level at P < 0.01. Scale values, numbers and positions of significant QTNs are reported in Tables S1
and S2. The most relevant candidate genes identified for the eight traits are also reported.

two models, contain transcription factors belonging to ERF
and BHLH families (Sun et al., 2016; Zhang et al., 2018), ABC
transporters putatively mediating vacuolar transport of
anthocyanins (Francisco et al., 2013) and the MATE1
proanthocyanidin transporter (Pérez-Diaz et al., 2014). Other
candidate genes include (i) the homolog of Vitis vinifera
Prx31, involved in anthocyanin degradation (Movahed
et al., 2016), (ii) the homolog of phenylpropanoid biosyn-
thetic genes like Flavone 3-dioxygenase (F3H-2), and (iii)
genes involved in the latest steps of anthocyanin decora-
tion, like Anthocyanidin 3-O-glucosyltransferase (3GT)
(Barchi et al., 2021), and the SMEL_AAT acyltransferase
(Florio et al., 2021).

Several QTLs and QTNs control fruit flesh color.
Among them, we identified several candidate genes asso-
ciated with chlorophyll synthesis and photosynthetic com-
plex biogenesis as potential candidates (Table S5).
Furthermore, we also found significant QTNs on chr. 8,
colocalizing with the gring QTL (Portis et al., 2014), as
well as with SmAPRR2, recently identified to be associ-
ated with the absence of fruit chlorophyll pigmentation in
a MAGIC population (Arrones et al., 2022) and with the
STAY-GREEN gene (Sakuraba et al., 2015). Several genes
and transcription factors belonging to the VOZ, GRAS,
and TC families involved in the modulation of flowering
time, photoperiod, and gibberellin signaling were

© 2025 The Author(s).
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identified within QTLs associated with controlling flower-
ing time (Table S5).

GWAS analysis for fruit size/shape identified homologs
of genes controlling these traits in tomato (Figure 2d,e;
Table Sb), including OVATE (on chr. 1, within one of the
major QTLs), IQ-domain/SUN (1QD), and CELL SIZE REGULA-
TOR (Mu et al., 2017). Interestingly, we also identified some
candidate genes for fruit curvature (Figure 2f, Table S5),
including a growth-regulating factor (GRF) gene involved in
organ enlargement in Arabidopsis, rice, and Citrus (Liu, Guo,
et al., 2016), a probable auxin efflux carrier component 1c
(PIN1C), involved in fruit curvature in cucumber (Li
et al., 2020) as well as a member of auxin-responsive Small
Auxin-Up RNA (SAUR) genes (Stortenbeker & Bemer, 2019).

The POINTED TIP (PT) gene and its alleles, PT" and
PT?, regulate the development of tomato fruit with or with-
out pointed tips by differentially affecting downstream
genes (Song et al., 2022). PT encodes a C2H2-type zinc fin-
ger protein. In Arabidopsis, the homologous IDD15/SGR5,
IDD14, and IDD16, controls organ morphogenesis and
gravitropism through auxin biosynthesis and transport.
Unlike Arabidopsis, tomato PT" and PT" have three and
two zinc finger domains, respectively. Phylogenetic analy-
sis shows PT is distinct, with SE3.1 being its closest homo-
log in tomato, involved in style extension and self-
fertilization. This implies PT’s unique role in tomato fruit
morphology. Our analysis did not highlight any homolog
of PT in the QTLs identified for fruit apex. However, a gene
in the QTL on chr. 7 (Figure 2g; Table S5) was annotated as
ARF5, involved in the auxin signaling; although auxin was
reported to be involved in the development of fruit with
pointed tips, the mechanism is still largely unknown (Song
et al., 2022).

Within the QTLs controlling growth habit, a GAUT4
gene was identified in a QTL on chr. 11 by all the GWA
models. In tomato, GAUT4-silenced plants exhibited an
increment in vegetative biomass associated with palisade
parenchyma enlargement (de Godoy et al., 2013), as well
as in taller plants. This may suggest the involvement of
this gene in difference between upright and prostate egg-
plant accessions. In addition, some SAUR genes, known to
be involved in the regulation of dynamic and adaptive
growth, as well as in stress responses (Zhang et al., 2021),
were mapped (Figure 2h; Table S5), as also a homolog of
the WALLS ARE THIN 1 (WATT) gene, known in Arabidop-
sis to confer a show a shorter and bushier phenotype in
wat1 mutants compared to functional QAT1 plants (Rano-
cha et al., 2010), suggesting a putative role of this gene in
the control of growth habit also in eggplant.

Different traits/genomic regions were selected in the two
eggplant domestication centers

Recently, Barchi et al. (2023) identified a clear separation
of the genetic ancestry of accessions from India and

© 2025 The Author(s).

Southeast Asia, suggesting the existence of separate
domestication centers in these two regions. To investigate
whether human selection acted on similar or different
genomic regions during domestication in the two regions,
separate  GWA studies on the examined 23 traits
(Table S6) were conducted on accessions of India and
Southeast Asian origin. These studies were therefore com-
pared with results obtained from the complete worldwide
collection, revealing the exclusive origin of some associa-
tions (Figure 3). In the overall analysis, leaf prickles were
associated to a genomic region on chr. 3 and 6: the for-
mer association was found only in the Southeast Asian
while the latter only in accessions from India. Regarding
calyx prickles, QTNs on chr. 5 and 8, identified across all
panels, were also found in the Indian accessions. On the
other side, a QTN on chr. 8 (around 89 Mbp) found in the
overall analysis was identified also in the Southeast Asian
accessions, suggesting that human selection may have
acted on different genomic regions based on geographic
area.

Interestingly, accessions exhibiting a pale corolla color
(white or green) appear to have been primarily selected in
Southeast Asia. In this region, two QTLs, on chr. 9
(82.09 Mbp) and chr. 10 (74.98 Mbp) were identified in
both Southeast Asian and overall analyses. Notably, the
former region contains an ABC transporter gene putatively
involved in vacuolar transport of anthocyanins (Francisco
et al., 2013). Furthermore, the selection for fruit color may
also have occurred in common as well as different geno-
mic regions for Southeast Asian and Indian accessions.
Indeed, a common QTL was found for frucol_b on chr. 1 at
28.25 Mbp. On the one hand, for Southeast Asian acces-
sions, the human selection may have acted on chr. 9
(83.35 Mbp) and chr. 10 (76.99 Mbp). On the other hand,
human selection for Indian accessions may have occurred
within chr. 7 (104.42 Mbp), where a BHLH120 was found,
and in two genomic regions on chr. 10 (78.12 and
83.08 Mbp), although no promising candidate genes were
found.

Fruit yield, size, and shape are crucial agronomic traits
targeted by humans during crop domestication. Our GWA
analysis highlighted a region on chr. 1 (112.6 Mbp) con-
taining an ETHYLENE INSENSITIVE 3-like protein-coding
gene that appears to have been selected specifically in
India for fruit yield. Additionally, chr. 3 (97.07 Mbp) har-
bors a QTL identified in both Indian and overall analyses,
where 1Q-domain/SUN (IQD) genes were found. Finally, a
putative region under human selection in India is on chr.
11 (100.9 Mbp) for growth habit within a QTL containing a
GAUT4 gene.

Environmental selection in the Indian subcontinent

The Indian subcontinent accessions were subjected to
Bayesian clustering using STRUCTURE. This analysis

The Plant Journal published by Society for Experimental Biology and John Wiley & Sons Ltd.,
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Figure 3. Different traits/genomic regions were selected by humans in the two eggplant domestication centers. For each of the domestication centers, the traits/

QTNs showing the strongest associations by GWA analysis are reported.

identified four clusters (K= 4) (Figure 4a; Figure S2). The
geographic distribution of the population structure, plotted
as pie charts on the India-Bangladesh maps, clearly
showed a directional distinction of the populations based
on the grouping by regions (Figure 4b). Accessions from
Northeastern India and some populations from Eastern
India cluster together with populations from Bangladesh.
East and Northeast Indian regions comprised individuals
modeled as highly admixed compared to the other areas.
The principal component analysis (PCA) clustering corre-
sponded to the STRUCTURE results (Figure 4c). The first
two PC axes explained 16.5 and 4.2% of the variation,
respectively. The Indian populations separated from Ban-
gladeshi populations on the first axis.

Among the 10 environmental variables were retained
for downstream analysis (Figure S3; Table S7), the stron-
gest predictor contributing to the total variation was silt
(1.38%), followed by mean temperature of the wettest
quarter (0.70%), and precipitation of the coldest quarter

(0.55%) (Figure S4a; Table S8). In comparison, the weakest
variable was organic carbon stock in the soil (0.39%).
Environmental variation, geographic distance, and
population processes can strongly influence the detection
of adaptive signals. In our RDA, we partitioned the environ-
mental variables, geographic distances, and population
structure to show the contribution of each in explaining
the observed genomic variation (Table 1). In a full RDA,
environmental factors, geographic distance, and popula-
tion structure explained 16.1% (R? adj = 0.120; P = 0.000)
of the total genetic variation. Further partitioning showed
that environmental factors explained 5.0% (R? adj = 0.022;
P =0.042) of the SNP variation, while geographic distance
did not have a significant effect on the SNP variation
explained (R? adj = 0.002; P = 0.061), suggesting an associ-
ation between genetic variation and the environmental gra-
dient. These results indicate that environmental factors are
stronger predictors of genetic variation than geographic
distance among sample collection sites. These results were

© 2025 The Author(s).
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Table 1 The contribution of the environ-
mental variables (climatic and soil), pop-
ulation  structure, and geographic
distances to the genomic variation and
population structure in the partial RDA
models

comparable to other studies in wild currant tomatoes (Gib-

son & Moyle, 2020) and wild barley (Chang

Climate plays a vital role in shaping the genetic varia-
(Abebe et al.
et al., 2012; McGaughran et al., 2014). Studies in other
crops have examined population structure as a factor

tion of different crops

© 2025 The Author(s).

10
PC1 (16.5%)

Cls_1

Populations
N. Bgd
C.Bgd
S. Bgd
NE. Ind

E. Ind
S. Ind
C.Ind

Proportion of

Models R adj B2 P (>F) total variance

SNP variation
Full: G ~ Env. + Struct. + Geog. 0.161 0.120 0.000%** 0.16
G ~ Env. | Struct. + Geog. 0.049 0.022 0.042* 0.05
G ~ Struct. | (Env. + Geog.) 0.092 0.084 0.000%* 0.09
G ~ Geog.| (Env. + Struct.) 0.004 0.002 0.061 0.00
Confounded Env./Struct./Geog. 0.02
Total unexplained 0.84
Total 1.00

Population structure variation
Full: Struct. ~ Env. + Geog. 0.474 0.456 0.000%* 0.47
Struct. ~ Env. | (Geog.) 0.307 0.291 0.000%** 0.31
Struct. ~ Geog.| (Env.) 0.013 0.011 0.000%** 0.10
Confounded Env./Geog. 0.06
Total unexplained 0.563
Total 1.00

Env., environmental variables (climate and soil); G, SNP data (response variable); Geog.,

geographic distances (spatial autocorrelations); Struct., population structure.

*P< 0.05, ***P< 0.001.

et al., 2022).

, 2015; Lasky
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besides geography and environment (Capblancq & For-
ester, 2021; Chang et al., 2022). In our case, population
structure only explained 9% (R? adj = 0.084; P = 0.000). As
is the case in many landscape genomics studies (Chang
et al., 2022; Wang et al., 2023), a large proportion of the
genetic variation remained unexplained. In our study, there
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are two possible reasons for this phenomenon. First,
despite our comprehensive analysis of numerous environ-
mental factors, additional unmeasured ecological dynam-
ics, such as biotic interactions and agricultural practices,
may be at play. While biotic factors may be partially asso-
ciated with the abiotic factors examined in this study, as
indicated by the observation that various potential adap-
tive genes are associated with biotic interactions
(Table S9), agricultural practices such as artificial irrigation,
fertilization, pest control treatments, and weed manage-
ment are more difficult to capture. Lastly, RDA can only
establish linear associations between the environmental
factors/geographic distances (Borcard et al., 2018) and,
therefore, may fail to account for any potential non-linear
correlations that might be present.

We also wanted to understand how much of the popu-
lation structure was influenced by environmental and spa-
tial factors, given that the genetic clusters aligned with
eco-geographic habitats. Environmental factors and geo-
graphic distances accounted for 47% (R? adj = 0.456;
P =0.000) of the population structure (Table 1). The envi-
ronment accounted for most of the population structure at
31% (R? adj=0.291; P=0.000). Geographic distances
accounted for only 10% (R* adj = 0.011; P=0.000). This
result confirms that the environments of the populations in
the Indian subcontinent significantly influence the popula-
tion structure. However, geography still makes a significant
contribution. Demography and geography do not always
differentiate when partitioned, since isolation by distance
is usually the main driver for intraspecific genetic structure
(Lasky et al., 2015).

Main environmental factors contributing to genomic
divergence

Our findings identified environmental factors that uniquely
contribute to the genomic variation in the Indian subconti-
nent. After controlling geographic distance and population
structure, the RDA biplots show the correlation between
genetic  variation and  environmental predictors
(Figure S4b; Table S10). The highest biplot scores on the
first axis (28.6%) were silt (0.691) and mean temperature of
the driest quarter (—0.375). The highest on the second and
third axes were for precipitation of the coldest quarter
(—0.619 and -0.621, respectively). The correlations
between the environmental variables and the RDA axes
revealed the effect of the environmental variables on the
population variations depending on the geographic loca-
tions across the sampling area. This emphasizes the vital
role of the environment in facilitating divergent selection
among the populations in our study. For instance, popula-
tions from south India (Cls_3) experience higher precipita-
tion in the coldest quarter; the southern and central India
(Cls_3 and Cls_4) populations experience higher tempera-
tures during the driest season. Central India (Cls_4)

populations grow on soils with significantly lower nitrogen
content and organic carbon (Figure S5). The significant dif-
ferences in the climatic and soil features experienced by
the four population clusters may contribute to the diver-
gent selection observed in the regional clustering.

Our findings on the individual effects of the environ-
mental variables on the SNP variation in both simple and
partial RDA, when conditioned on population structure,
showed that only silt content in the soil, precipitation of
the coldest quarter, precipitation of the driest month, and
mean temperature of the driest quarter were significantly
associated (P < 0.05) with the SNP variation (Figure S4a;
Table S10). The results suggest that variation in precipita-
tion and soil texture may represent the main drivers of
genomic variation. There was a minimal decrease in the
explained SNP variation by silt, precipitation of the driest
month, and precipitation of the coldest quarter when the
population structure was controlled (Figure S4a), indicating
that these variables correlated less with the population
structure compared to mean temperature in driest quarter.
This is further supported by the ANOVA analysis of the
environmental characteristics of the population clusters
(Figure S5).

Detection of adaptive candidate SNPs by different
methods

The combination of different methods to identify potential
adaptive SNP can reduce false positive rates (Lu
et al., 2019; Martins et al., 2018). The four methods applied
detected 305 outlier SNPs in total (305/4308 —7.1%, g-value
< 0.05) (Figure S6; Table S9) while the sRDA, pRDA, latent
factor mixed model (LFMM), and PCAdapt identified 110,
54, 62, and 111 candidate SNPs, respectively (Figure 5;
Figures S6 and S7). Overall, 29 SNPs of the total candidate
SNPs were commonly detected by at least two of the
methods, with a majority (22 SNPs) by partial RDA and
LFMM (Table S11). Two SNPs were shared between PCA-
dapt and LFMM, four between simple RDA and LFMM, and
one between simple RDA and PCAdapt. Limited overlaps
of SNPs among methods is expected due to the different
working background assumptions of the methods, as
shown by previous studies applying similar methods
(Chang et al., 2022). Most of the common outlier SNPs are
associated with precipitation in the coldest quarter
(n = 20), nitrogen (n = 4), silt (n = 3), and one each for the
soil cation exchange capacity, precipitation seasonality,
mean temperature of the driest month and precipitation of
the driest month.

Candidate genes associated with local environmental
adaptation

We associated all 305 identified candidate SNPs (Table S9)
detected by RDA, LFMM, or PCAdapt with documented
genes and proteins using the eggplant genome version 4.1

© 2025 The Author(s).
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Figure 5. Genome scans for adaptation signatures using latent factor mixed model.

The Manhattan plots correspond to the 10 environmental variables. Significant SNPs are highlighted as red dots (FDR = 0.05).

(a) cec: cation exchange capacity, (b) PCoQ: precipitation of the coldest quarter, (c) clay: soil clay content, (d) PDrM: precipitation of the driest month, (e) Silt: soil
silt content, (f) Pse: precipitation seasonality, (g) nitro: soil nitrogen content, (h) PWaQ: precipitation of the warmest quarter, (i) ocs: soil organic carbon stock, (j)

MTDrQ: mean temperature of the driest quarter.

(Barchi et al., 2021). These genes were identified from pre-
viously identified orthologs in Arabidopsis thaliana
(https://www.arabidopsis.org/) and other species, including
Nicotiana tabacum, Nicotiana benthamiana, Pisum sati-
vum, Vitis vinifera, Citrus sinensis, Mentha piperita, Oryza
sativa, and Solanum lycopersicum.

Qur interpretation of the data primarily centers around
shared SNPs found within genes related to stimuli
response or other genes relevant to the environment
(Figure S6; Table S11). By focusing on these specific SNPs,
we could better understand the climatic factors that influ-
ence the current patterns of adaptive variation, as well as
the function of the associated genes, facilitating the mining
of adaptive loci for breeding purposes. Our study effec-
tively identifies interesting genes showing direct involve-
ment in adaptive pathways related to abiotic stress.
Precipitation of the coldest quarter (PCoQ_19), silt content
in the soil, and mean temperature of the driest quarter
(MTDrQ_9) were the environmental factors associated with
most of the genes.

We identified several genes involved in stress hor-
mone pathways, for example, SCET (SUMO-conjugating

© 2025 The Author(s).

enzyme). SCE1 is essential in mediating the conjugation of
a small ubiquitin-like modifier (SUMO) to target proteins.
Increased SUMO conjugates in plants are associated with
increased abscisic acid (ABA) or abiotic stresses such as
cold, high salinity, and heat (Augustine et al., 2016; Castro
et al., 2012; Chaikam & Karlson, 2010; Nurdiani
et al., 2018). ABA is associated with reactions to drought
stress, such as stomatal closure. Also, SUMO machinery
components tend to be strongly expressed during seed
development in maize, indicating its implication in seed
survival under normal and stress conditions (Augustine
et al.,, 2016). We also identified AZI1T (AZELAIC ACID
INDUCED?1), usually induced following pathogen infection
and whose overexpression has also been observed to lead
to improved freezing tolerance in Arabidopsis (Atkinson
et al., 2013; Xu et al., 2011).

We identified several regulatory genes with potential
roles in plant stress responses (e.g., At19g03560, BSK7, and
LRK10). AtLRK10L1.2, the Arabidopsis ortholog of wheat
LRK10, is involved in ABA-mediated signaling and drought
resistance (Lim et al., 2015), and also controls flowering
time and defense responses against pathogens (Allen

The Plant Journal published by Society for Experimental Biology and John Wiley & Sons Ltd.,
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et al., 2007). At1g03560 is part of a large pentatricopeptide
repeat protein family, playing a role in organelle develop-
ment through their binding to organellar transcripts (Lurin
et al., 2004). BSK7 is a probable serine/threonine kinase
that acts as a positive regulator of brassinosteroids—ste-
roidal hormones regulating multiple physiological and
developmental processes in plants, including flowering
induction and stress responses (Bajguz & Hayat, 2009; Li
et al., 2010; Sreeramulu et al., 2013).

Several identified genes were associated with differ-
ent aspects of reproductive development and general plant
growth, such as regulating pollen tube growth, controlling
flowering time, regulating the transition from vegetative to
reproductive phase, leaf and root structure development,
and cell division. These genes included CPK17, encoding a
calcium-dependent protein kinase that is essential for pol-
len fitness (Chen et al., 2021; Liu et al., 2023); PPC (phos-
phoenolpyruvate carboxylase) essential for growth,
development, and seed quality (Feria et al., 2022); RLT1 is
a regulator protein required for the maintenance of the
plant vegetative phase (Li et al., 2012); AZI1 (AZELAIC ACID
INDUCED 1)—a lipid transferase protein that seems to con-
trol flowering and lignin synthesis besides conferring cold
tolerance (Shi et al., 2011; Xu et al., 2011); RID1 (root initia-
tion defective1-1) has been shown to be temperature sensi-
tive for adventitious and lateral root formation (Ohtani
et al., 2013); CEL1 is an endoglucanase that plays a role in
cell wall relaxation during cell growth and expansion
(Tsabary et al., 2003); Dynamin-related protein 3A (DRP3A)
is highly expressed in flower tissues and is involved in per-
oxisome and mitochondria fission (Lingard et al., 2008).
REVOLUTA (REV) encodes a transcription factor regulating
the relative growth of apical and non-apical meristems
(Tsabary et al., 2003). The onset of reproduction is a crucial
stage in a plant’s life cycle, and natural selection can opti-
mize the most appropriate time and conditions for flower-
ing to ensure reproductive success (Sinha et al., 2022).

Intracellular trafficking pathways are crucial for the reg-
ulation of stress response mechanisms. They significantly
impact essential cellular processes by aiding the movement
of diverse molecules and ions across the plasma mem-
brane. This movement is necessary for maintaining ion
homeostasis, adjusting osmotic balance, facilitating signal
transduction, and aiding detoxification (Vishwakarma
et al., 2019). We identified a suite of genes associated with
transport across membranes. Vascular protein sorting 18
(VPS18) involved in pathways to the protein storage vacu-
oles (Rojo et al., 2003) are upregulated in abiotic stress con-
ditions, including hydric stress (Neves et al., 2021). This
gene was associated with precipitation of the coldest quar-
ter. Other transport membrane proteins included At4g32640
(Qu et al., 2014) and At3g30340 (Busov et al., 2004).

A few candidate genes appeared to be involved in
plant pathogen resistance. RIN7 (Holt et al., 2002), PUB26

negatively regulates immunity by marking BKI kinases
whose phosphorylation and accumulation are central to
immune signal propagation (Wang et al., 2018). These
pathogen resistance genes were associated with precipita-
tion of the coldest quarter. The dispersal and infection suc-
cess of phytopathogens is greatly enhanced by
precipitation and abundant moisture (Milici et al., 2020).
This may indicate that, in addition to climate, other factors,
including pathogens, insects, and herbivores, could con-
tribute to the diversity and local adaptation of the eggplant
populations.

We also detected a gene PU1T (Wattebled et al., 2008)
involved in starch metabolism. Starch metabolism result-
ing in sugar accumulation has been described in the litera-
ture as a mechanism for drought response, possibly
because sugar accumulation helps the plant to stabilize its
membranes and proteins to resist dehydration (Perdiguero
et al., 2012; Pommerrenig et al., 2018). Lastly, six genes did
not have any known function. These genes are interesting
candidates for future investigations to unravel the molecu-
lar basis of fitness in different environmental conditions.

Evidence for distinct genomic signatures of anthropic
versus environmental selection in the Indian
domestication center

Approximately 12 000 ago, with the onset of agriculture,
humans started selecting plants with desirable characteris-
tics for cultivation (Diamond, 2002; Milla, 2023). However,
during early agriculture, humans had much lower control
on the agroecosystems than they exert today with irriga-
tion, fertilizers and crop protection agents. It is therefore
likely that, besides human selection, local environmental
factors present in the domestication centers such as cli-
mate, geography, pathogens, soil composition, exerted
selective pressures on early cultivars, directly affecting the
adaptive traits and associated regions in the genome (Zhao
et al., 2013).

In order to discriminate anthropic from environmental
selection in the Indian domestication center, we compared
the five more significant QTLs identified in the GWA (cor-
col_a, frucol_a, frucur, frushr, and fruape) with the five
more significant regions associated with environmental
selection (PDrM_14, PCoQ_19, MTDrQ_9, nitro, and silt),
searching for overlapping (anthropic and environmental)
versus exclusive (anthropic or environmental) QTLs (Fig-
ure 6). Of the 133 QTLs analyzed in this approach, 115 were
exclusive, considering the linkage disequilibrium of the
Indian subcontinent accessions (Table S12), while 18
anthropic QTLs overlapped or were located at less than
1 Mbp from environmental ones (Table S13).

Among the overlapping QTLs, the ones for frushr and
nitro on chr. 4 contains a gene coding for IRE
(Inositol-Requiring Enzyme), while the ones for silt and
frushr on chr. 8 contain an APC5: Anaphase-promoting

© 2025 The Author(s).
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Figure 6. Comparison of the effects of anthropic and environmental selection on the eggplant genome in the Indian domestication center.
The five QTNs showing the most significant associations by genome-wide association and the five adaptive candidate SNPs showing the most significant asso-
ciations by genotype-environment association are shown, respectively, in (a) and (b).

complex subunit 5 gene, encoding a subunit of a complex,
APC/C, highly conserved among eukaryotes, which plays a
key role during gametogenesis, growth, hormone signal-
ing, symbiotic interactions, and endoreduplication onset
(Heyman & de Veylder, 2012). Altering SICCS52A (an acti-
vator of APC/C) expression altered endoreduplication and
fruit size in tomato, in keeping with the frushr trait associ-
ated with this QTL (Mathieu-Rivet et al., 2010).

The QTL for frucol_a on chr. 7 contains a BHLH117, a
member of the basic helix-loop-helix (bHLH) transcription
factors. The anthocyanin biosynthetic genes are transcrip-
tionally regulated by a MYB-bHLH-WD40 (MBW) complex
(Xu et al., 2015). In the vicinity, a PEX22 gene was identi-
fied in the QTL for nitrogen content of the soil. Nitric oxide
is an important signaling molecule, which influences

© 2025 The Author(s).

processes as root growth, photomorphogenesis, the hyper-
sensitive response, programmed cell death, stomatal clo-
sure, flowering, pollen tube guidance and germination
(Nyathi & Baker, 2006). Our results suggest that the
anthropic selection for fruit color and the natural selection
in response to nitrogen content in the soils acted in the
same genomic regions.

The QTL for frucur on chr. 7 contains a WAK2 (Wall
Associated Kinase 2) gene, which is implicated in signaling
pathways that mediate cell wall integrity and stress
responses, as well as in controlling cell expansion, mor-
phogenesis and development. In the vicinity, a AZIT
pEARLI1-like lipid transfer protein 1 gene was identified in
the QTL for PCoQ_19. This lipid transfer protein seems to
control the flowering process and lignin synthesis, as well

The Plant Journal published by Society for Experimental Biology and John Wiley & Sons Ltd.,
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as to prevent electrolyte leakage during freezing damage
(Shi et al., 2011; Xu et al., 2011). Our results suggest that
the anthropic selection for fruit curvature and the adapta-
tion to precipitation of the coldest quarter acted in the
same genomic regions.

In conclusion, the limited overlap between anthropic
and environmental QTLs is likely due to chance, consider-
ing the extent of the linkage disequilibrium in the Indian
subcontinent population. This suggests that anthropic and
environmental selection act largely independently, and on
distinct genomic regions. Further refinement of the pheno-
typic data collected on accessions originating from a pre-
cise geographic area, and of the pedoclimatic and
environmental conditions prevalent in that area, will allow
a better understanding of this point.

CONCLUSIONS

Our study contributes to elucidating the complex interplay
between genetics, human and environmental selection in
shaping the extraordinary diversity of eggplant. Using his-
torical genebank characterization data and SPET genotyp-
ing data covering the whole genome on 3449 accessions,
significant correlations between various traits and genetic
markers were identified, and QTNs and QTLs associated to
key agronomic traits were detected. We note that the
MYB1 and BEAT genes identified as candidate anthocyanin
regulators in this work have also been identified by inde-
pendent approaches (Docimo et al., 2016; Sulli et al., 2021),
thus providing a nice confirmation of the suitability of
genebank-collected phenotypic data for associations stud-
ies. By leveraging a comprehensive dataset of georefer-
enced accessions from the Indian subcontinent and
applying advanced GWA methods on environmental fac-
tors driving genomic divergence over 300 potential adap-
tive genes have been identified, underscoring the
importance of understanding local adaptation for crop
improvement. Further environmental factors representing
a multifactorial nature of the environment may be consid-
ered in future studies as they develop. Reliable global data-
sets of environmental data sets are also steadily
developing and will significantly improve the outcomes of
future studies (Dauphin et al., 2023). Our work provides a
valuable resource for breeding programs aimed at enhanc-
ing resilience and productivity in the face of changing cli-
matic conditions.

EXPERIMENTAL PROCEDURES
Germplasm collection for GWAS

A total of 3449 accessions of eggplant and its wild species were
provided by seven genebanks, including the International vegeta-
ble genebank at the World Vegetable Center (Taiwan), the Leibniz
Institute of Plant Genetics and Crop Plant Research (IPK, Ger-
many), the Germplasm Bank at the Universitat Politecnica de

Valencia (UPV-COMAV, Valencia, Spain), the Centre de
Ressources Biologiques Légumes de I'Unité de Génétique et
Amélioration des Fruits et Légumes (GAFL, INRAE, Montfavet,
France), the Centre for Genetic Resources (CGN, Wageningen,
The Netherlands), as well as by the genebanks of the Bati Akde-
niz Agricultural Research Institute (BATEM, Antalya, Turkey) and
the Council for Agricultural Research and Economics (CREA,
Montanaso Lombardo, Italy) (see Barchi et al., 2023 for their
detailed description).

Genome-wide association analysis

We analyzed historical phenotypic data available for 23
qualitative/pseudo-qualitative descriptors referring to three trait
categories (plant, inflorescence, and fruit) for 438 (fruit size) to
1519 (fruit color at commercial ripeness) accessions (Tables S1
and S2). Different genebanks assessed the phenotypic traits dur-
ing their characterization trials based on standardized morphologi-
cal descriptors (ECPGR, 2008; IBPGR, 1990; Taher et al., 2017; van
der Weerden & Barendse, 2007). Before analysis, all data were
reviewed and harmonized, removing any inconsistency (e.g., traits
not registered likewise or outliers). For fruit color at the commer-
cial stage and corolla color, discontinuous values were converted
in tristimulus parameters L*, a* and b* (representing lightness,
redness, and yellowness, respectively) as well as to hexadecimal
values [from RGB coordinates, according to the formula: D = ([R *
256]% + [G * 256] + B)I.

We carried out the GWA analysis using MLMM (Segura
et al., 2012), FarmCPU (Liu, Huang, et al., 2016), and BLINK (Huang
et al, 2019) methods implemented in GAPIT3 (Wang &
Zhang, 2021), using target SPET SNPs (see Barchi et al., 2023) with
a MAF >0.05 as molecular markers. The significance threshold for
MTAs was set at o = 0.01 using the false discovery rate (FDR)
value according to the Benjamini-Hochberg procedure. We gener-
ated the Manhattan plots for each trait using the CMplot R pack-
age (Yin et al., 2021). To identify candidate genes, LD regions of
significant SNPs were investigated, while overall QTLs were iden-
tified by merging overlapping LD regions for the 23 descriptors in
the study using bedtools (Quinlan & Hall, 2010). GWA analyses
were also carried out separately on the India and Southeast Asian
material, and accessions from these regions were identified and
analyzed as previously described using BLINK (Huang et al., 2019)
method.

Landscape genomics analysis

We georeferenced 324 and 342 accessions from the Indian sub-
continent and Southeast Asia, respectively (Tables S14 and S15;
Figure S8). Among the Southeast Asian accessions, 195 are from
Thailand and 147 are from the Philippines. We focused our land-
scape genomics analysis on the Indian subcontinent domestica-
tion center because: (i) It presents a diverse pedoclimatic
environment that already includes the climates occurring in Thai-
land and the Philippines, where the vast majority of georeferenced
samples from Southeast Asia were collected (Figure S7); (ii) It
allows to assess environmental adaptation across a continuous
geographic gradient that allows both geneflow and selection pro-
cess to happen, in contrast to the geographic isolation between
Thailand and the Philippines, that might lead to altered signals of
local adaptation and genetic drift due to limited geneflow; (iii)
fine-grained geoclimatic data (see below) were more readily
retrievable for Indian subcontinent compared to Southeast Asia.
We categorized the populations from Indian subcontinent into
Southern, Central, Eastern, and North/Northeastern India and
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those from Bangladesh as Southern, Central, and Northern
regions.

We obtained bioclimatic variables related to temperature pre-
cipitation, solar radiation, wind speed, and vapor pressure from
WorldClim 2.0 (Fick & Hijmans, 2017) with a 2.5 min (~5 km) reso-
lution. The data represent a 30-year average from 1970 to 2000.
We averaged the monthly solar radiation, wind, and vapor pres-
sure rasters to obtain annual value rasters from this period. Soil
variables included nitrogen, soil organic carbon, organic carbon
density, organic carbon stock, cation exchange capacity, pH, clay
sand, and silt content. We downloaded the soil data from the Soil-
Grids database released in 2016 (https://soilgrids.org/) through
ISRIC—WDC Soils (Hengl et al., 2017) at 250-m resolution and at a
depth of 15-30 cm, approximated from the eggplant root depth.
We aggregated the resolution of the soil dataset to match that of
the climate data, ensuring they are consistent in both resolution
and extent. The raster package in R (Hijmans & van Etten, 2023)
was used to average the aggregated soil values using the resam-
ple and extent functions and to extract the individual sampling
point values from the georeferenced collection sites of the acces-
sions. We further selected the bioclimatic and soil variables (here-
after called environmental variables) based on variable inflation
factors at a threshold of 5 to mitigate the collinearity problem in
the landscape genomics analysis approaches applied. We used
the following selected environmental variables in our subsequent
analyses: precipitation of the driest month (BIO14), precipitation
seasonality (BIO15), precipitation of the warmest quarter (BIO18),
precipitation of the coldest quarter (BIO19), mean temperature of
the driest quarter (BIO9), soil nitrogen, clay, silt contents, soil
organic carbon stock and cation exchange capacity of the soil
(Table S7; Figure S4). A total set of 4308 SNPs were employed in
the analysis.

Genotype-environment association analysis

We used three known landscape genomics approaches that com-
plement each other due to their distinct statistical techniques:
RDA (Legendre & Legendre, 2012), LFMM (Frichot et al., 2013),
and PCAdapt (Privé et al., 2020). RDA and LFMM are GEA
approaches that test the association between the environmental
and geographic variables with the genetic variation within the
populations. To account for the effect of geographic distances on
SNP variation in the RDA analysis, we used distance-based Mor-
an’s eigenvector maps (dbMEMs) in RDA (Legendre & Legen-
dre, 2012). To account for the effect of population structure on
SNP variation in the partial RDA analysis, we used the ancestry
coefficients estimated by the STRUCTURE (Evanno et al., 2005)
program with the optimal K (K = 4) as covariates. PCAdapt is an
outlier differentiation method that does not incorporate environ-
mental variables but identifies outlier loci related to population
structure. With this approach, we expect to identify additional can-
didate SNPs that have not yet been captured by the GEA
approaches.

The three sets of variables for our RDA analysis included the
10 environmental variables, the doMEM, and the ancestry coeffi-
cients (Table S8). We conducted a full RDA to model the effect of
all the variables on the SNP variation. To model the effect of each
variable on the SNP variation, we used partial RDA conditioned
on covariates, that is, to estimate the proportion of the SNP varia-
tion explained by the environmental variables, geographic dis-
tances, and population structure. We performed the RDA using
the rda function of the R package vegan (Oksanen, 2010). For all
RDA models in this study, we carried out 5000 permutations to
test the significance of explanatory variables with the R function

© 2025 The Author(s).

anova.cca. We plotted the RDA score to estimate the percentage
of variance accounted for by each component and the direction of
the effect. The plot also showed each vector depicting the vari-
ables’ orientation relative to the RDA axis. After that, we per-
formed an outlier analysis of RDA results to determine the SNPs
strongly linked with multivariate environmental gradients. We
applied an outlier function (Forester et al., 2018) to identify SNPs
on the RDA loading with a +3 standard deviation cutoff.

Given the strong correlation between genetic clusters and
eco-geographic habitats, we wanted to understand the extent to
which population structure could be attributed to the environmen-
tal and geographic distances of the sampling locations. To achieve
this, we took a different approach by using ancestry coefficients
instead of SNPs in our RDA models. This allowed us to exclude
recent genetic variations within populations, enabling a more accu-
rate assessment of the contributions made by environments and
geographic distances to the population structure. For this analysis,
we replaced the SNPs with ancestry coefficients inferred by STRUC-
TURE, making the new response variables in our RDA models.

To assess the effect of individual environmental variables on
SNP variation, we adopted the method by Chang et al. (2022). We
systematically introduced one environmental variable as the
explanatory variable at a time while treating ancestry coefficients
as covariates in our RDA models. Due to the correlations between
environmental variables, we performed additional permutation
tests to determine the specific effects of these variables. This was
achieved by including all environmental variables in a single
model and setting the parameter “by” to “margin” in anova.cca.
By doing so, we could test the significance of each environmental
variable while accounting for any confounding effects with other
environmental variables.

In LFMM analysis, we controlled the population structure
using the optimal K (K= 4), which we initially determined using
the STRUCTURE program. We applied the Markov Chain Monte
Carlo algorithm for each variable on the LEA package in R (Frichot
& Francois, 2015) for two runs with a burn-in of 3000 and 6000
iterations to compute LFMM parameters (|z-scores) for all loci. We
calculated each locus’s FDR g-value based on the P values in R (R
Development core team). We obtained the candidate SNPs under
a FDR at « = 0.05.

The R package PCAdapt uses a PCA-based approach to
simultaneously infer population structure and identify outlier loci
related to this structure (Privé et al., 2020). We applied FDR = 0.05
as the significance level for detecting the outlier loci.

Candidate gene annotation

We identified candidate SNP coordinates on candidate genes
using the Sol Genomics Network data FTP database for the egg-
plant genome consortium version 4.1 (Barchi et al., 2021)
(https://solgenomics.net/organism/Solanum_melongena/genome).
The candidate gene search and gene ontology terms were
assigned using the Arabidopsis information resource (tair)
(https://www.arabidopsis.org/) and Uniprot (https:/www.uniprot.
org/) databases. We characterized the genes and their functions,
particularly those associated with abiotic stress and relevant to
the adaptation of the eggplant.
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Figure S1. Inter-trait Spearman correlations assessed in the map-
ping population. Colored squares show significant correlations at
P < 0 01. Calpri, calyx pricliness; colfle, average color of the flesh;
corcol, corolla color at anthesis; floear, flowering earliness from
sowing; frcodi, fruit color distribution; fruape, fruit apex shape;
frucol, fruit color at commercial ripeness; frucur, fruit curvature;
frumdp, fruit cross section; frusec, fruit position of the maximum
diameter; frushr, fruit shape length/breadth ratio; frusiz, fruit size;
fruyld, fruit yield per plant; grohab, growth habit; lealob, leaf
blade lobes; leapri, leaf prikliness.

Figure S2. Bayesian clustering results of the STRUCTURE analysis
for eggplant accessions from India and Bangladesh. The number
of clusters (K) varied from one to 10 in 10 independent runs. The
corresponding AK statistics were calculated according to Evanno
et al. (2005).

Figure S3. Spearman rank correlation between the environmental
variables (current climate and soil variables) selected for GEA
analysis.

Figure S4. (a) The contribution of environmental factors in
explaining the percent SNP variation in various models. The sim-
ple_single and partial_single models estimate individual effects by
fitting one environmental variable at a time. The simple_margin
and partial_margin models estimate marginal effects by consider-
ing all environmental variables simultaneously. The partial_single
and partial_margin models are estimated based on partial RDA,
considering the influence of population structure. (b) Biplot of the
RDA conditioned on population structure and geographic dis-
tances. The arrows represent correlations of the environmental
factors with the RDA axes (more details in Table S11). cec, cation
exchange capacity; clay, soil clay content; MTDrQ_9, mean tem-
perature of the driest quarter; nitro, soil nitrogen content; ocs, soil
organic carbon stock; PCoQ_19, precipitation of the coldest quar-
ter; PDrM_14, precipitation of the driest month; Pse_15, precipita-
tion seasonality; PWaQ_18, precipitation of the warmest quarter;
Silt, soil silt content.

Figure S5. The variation of environmental (climate and soil)
parameters by regional genetic cluster identified by STRUCTURE
analysis. Colors correspond to genetic clusters identified in Fig-
ure 1. All panels were significant based on ANOVA (P< 1 x 107%).
Tukey HSD post-hoc comparison results are shown as letters
above each box plot.

Figure S6. Venn diagram showing the number of significant out-
lier SNPs detected by GEA and OA methods.

Figure S7. Genome scans for adaptation signatures using RDA.
Two Manhattan plots correspond to the simple RDA (a), and par-
tial RDA (bOmon) conditioned on population structure and geo-
graphic distances between sampling points. Significant SNPs are
highlighted as red dots (FDR = 0.05).

Figure S8. Geographic distribution of the 790 georeferenced
accessions (black dots) from the two domestication centers. Color
coding refers to the Koppen climate classification (Beck
et al., 2018). Af, tropical rainforest; Am, tropical monsoon; As,
tropical savannah, dry summer; Aw, tropical savannah, dry winter;
BSh, dry semi-arid hot; Csa, temperate, dry hot summer; Cwa,
temperate, dry winter, hot summer; Cwb, temperate, dry winter,
warm summer.

Table S1. Passport data, traits and geographic origin of the world-
wide collection of Solanum melongena accessions used in the
study.

Table S2. Total number of significant QTNs identified for the phe-
notypic traits in the study. Traits are scored according to the
IPGR/Bioversity descriptors.

Table S3. Historical genebank phenotypic data on a worldwide
collection of eggplant accessions.

Table S4. QTNs identified according to trait and model. Their posi-
tion on the genome, the associated P-value, minimum allele fre-
quency (MAF), and the adjusted FDR are reported.

Table S5. Candidate genes subject to anthropic selection identified
by GWAS. For each trait, QTL ID, the model(s) for which the QTL
was identified, Gene ID, annotation and putative function of the
most relevant genes identified within the confidence interval are
indicated. Colocalizing QTL are indicated.

Table S6. QTNs identified according to trait and geographic
region. Their position on the genome, the associated P-value, min-
imum allele frequency (MAF) and the adjusted FDR are reported.
Table S7. Description of the environmental (climate and soil), geo-
graphic distance, and STRUCTURE coefficient variables used in
the genome-environment association (GEA) analysis. The acro-
nyms for the Koppen climates are also described.

Table S8. Individual effects (simple and marginal effects) of the
environmental variable in the RDA analysis.

Table S9. SNP identity, chromosome number, gene and gene
functions of the 305 candidate SNPs detected by the genome-envi-
ronment association (GEA) and outlier detection method.

Table $10. RDA Loading of the environmental variable to the RDA
axes for partial RDA analysis conditioned on population structure
and geographic distances.

Table S11. Gene annotation and associated variables for 29 poten-
tially adaptive SNPs/genes commonly detected by at least two
methods.

Table $12. Unique QTLs detected by anthropic and environmental
GWA.

Table S13. Common QTLs between anthropic and environmental
GWAS with the candidate genes identified.

Table S14. Geolocalization and selected environmental variables
for the 324 eggplant accessions from the Indian subcontinent used
in the genome-environment association (GEA) analysis.

© 2025 The Author(s).
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Table S15. Geolocalization (see Figure S8) and Koppen climates
(see Table S7) for the 790 eggplant accessions from the Indian
subcontinent and Southeast Asia.
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