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Abstract

Background: Metabolomics is one of the most widely used omics tools for decipher-
ing the functional networks of the metabolites for crop improvement. However, it
is technically demanding and costly.

Results: We propose a relatively inexpensive approach for metabolomics analysis

in which metabolomics is combined with hyperspectral imaging via machine learning.
This approach can be used to target important steps in flavonoid and lipid biosynthesis
in rice. We extract 1848 hyperspectral indices and 887 metabolites from polished grains
of 533 Oryza sativa accessions. Hyperspectral indices are then linked to metabolites
through correlation analysis and modelling. Based on this, a total of 554 metabolites
and 1313 hyperspectral indices are identified for further genome-wide association
study (GWAS). By GWAS, we detect 17,509 significant locus-trait associations with 2882
single nucleotide polymorphisms (SNPs). Colocalization analysis links these SNPs

to the corresponding metabolites and hyperspectral indices. We detect 6415 pairs

of metabolites and hyperspectral indices within a linkage disequilibrium of 300 kb

in the Oryza sativa genome. We then characterize 1761 candidate genes colocal-

ized to these loci by transcriptomic analysis. We further verify novel candidate genes
encoding a novel flavonoid (LOC_0Os09g18450) and a flavonoid/lipid (LOC_0Os07g11020)
respectively by gene editing and overexpression in rice.

Conclusion: Our findings indicate that hyperspectral imaging combined
with machine learning methods could serve as a powerful tool for quickly and inex-
pensively assessing crop metabolites.

Keywords: Hyperspectral imaging, Metabolism, Machine learning, Genome-wide
association study, Polished rice
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Background

Cultivated rice is vital to global food security, feeding more than 50% of the global
human population [1]. An additional 112 million metric tons of rice is estimated to be
necessary for feeding the ever-increasing population by 2035. This is a major challenge
given the decreases in arable land and irrigation water as well as the unpredictable cli-
matic conditions [2]. Thus, there is a need to develop new elite rice accessions that are
resistant to various biotic and abiotic stresses to secure future rice production [2]. In
terms of breeding targets, rice primary metabolites play important roles in maintain-
ing growth and development [3-5], and secondary metabolites can protect the plants
from the detrimental effects of stress [5-7]. For example, anthocyanins are involved in
pollination, hormone regulation and biotic or abiotic stress responses, which can be
linked to their strong antioxidant effects [8, 9]. Moreover, due to these properties, antho-
cyanins can prevent cardiovascular disease and have anticancer effects in humans [10].
Like anthocyanins, many rice metabolites are beneficial to human health or are able to
improve learning and memory [11], either as essential nutrients or via medicinal effects
[12]. Phospholipids can inhibit tumour growth and metastasis [13] and can have anti-
inflammatory effects [14].

Numerous methods have been developed for the qualitative and quantitative measure-
ment of the>200,000 diverse metabolites identified in the plant kingdom [15]. Among
metabolomic approaches, nuclear magnetic resonance (NMR) spectroscopy- or mass
spectrometry (MS)-based methods, such as liquid chromatography-mass spectrometry
(LC-MS), gas chromatography-mass spectrometry (GC-MS), ultra-performance LC
and high-resolution mass spectrometry (UPLC-MS), electrospray ionization mass spec-
trometry (ESI-MS) and capillary electrophoresis—mass spectrometry (CE-MS), are the
typical methods used to assess large numbers of metabolites rapidly [15]. In addition, for
the targeted assessment of particular metabolites, the MALDI-MSI and IMS-MS meth-
ods are usually the optimal choices [16]. Among all of the metabolomic platforms, LC-
MS and its derivative approaches, such as UPLC-MS, represent the most comprehensive
techniques with high metabolite resolving power and sensitivity. For example, the levels
of 840 diverse metabolites, including primary metabolites such as nucleotides, amino
acids and fatty acids, as well as secondary metabolites such as polyamines, terpenoids
and flavonoids, were measured in the leaves of 529 O. sativa accessions [4]. UPLC-MS
was used to measure the levels of 825 annotated metabolites during the entire rice devel-
opmental cycle [17]. By using LC-MS, the levels of 85 flavonoids were measured in 14
plant species, with rice exhibiting the highest accumulation of flavones [18]. These pow-
erful platforms have promoted the vigorous development of crop metabolomic research;
nevertheless, the sample preparation process for metabolite measurement is cumber-
some and time consuming. Thus, efficient, accurate, and high-throughput metabolite
detection technology is needed to improve the application of metabolomics in plant
science.

Spectroscopy is a fast and non-destructive technique that can be employed for chemi-
cal measurement [19]. The variable absorbance, reflection, or penetrability of light
in plants can indicate the intrinsic chemical content as well as the surface structure.
Thus, optical sensors can be used to measure the chemicals accumulated in plants dur-
ing their life cycle [20]. Typically, the levels of macromolecular chemicals (e.g. proteins
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and starch) within plants can be predicted precisely and through a limited number of
spectral bands because of their higher concentrations than those of small-molecule
chemicals, such as metabolites. To date, protein and starch levels have been predicted
precisely in many plants, such as rice [21], wheat [22] and maize [23]. As small-molecule
metabolite detection is relatively difficult, to date, few studies have focused on the pre-
diction of metabolite levels in plants via spectroscopy. The emergence and development
of hyperspectral imaging (HSI) technology has enabled the acquisition of high-resolu-
tion continuous spectral information in the visible and infrared bands, which makes it
easier to predict the content of low-molecular-weight chemicals in plants. Indeed, two
hundred metabolites in the ears and leaves of wheat plants were non-destructively meas-
ured through HSI and LASSO regression prediction models, with 32 metabolites being
predicted with R* values greater than 0.30 [24]. The pelargonidin-3-glucoside (P3G) con-
tents of strawberry plants at different harvest stages were predicted via HSI and partial
least square regression (PLSR). The wavelength (1303 nm) related to anthocyanins was
found to be the most meaningful wavelength for predicting P3G content [25]. The total
anthocyanin content of mulberry fruit was predicted precisely through Vis—NIR HSI
and PLSR regression [26]. In addition, HSI can be used to predict the contents of trace
elements in wheat grain and flour. By combining the HSI and PLSR prediction methods,
calcium, magnesium, molybdenum and zinc levels were predicted precisely with model
R? values of up to 0.50 [27]. As listed above, HSI can serve as a powerful tool for quanti-
fication of small-molecule chemicals, such as metabolites and trace elements, while HSI
is used mainly for the prediction of metabolite levels in fruits and vegetables [28]. Few
studies have focused on stable crops, especially large populations, and no research on
metabolite level measurement by HSI in polished rice has been published thus far.

Genome-wide association study (GWAS) is a powerful tool for analysing complex
quantitative traits and screening important candidate genes in plants. The GWAS strat-
egy can be further advanced via combination with metabolomics (mGWAS). In rice,
Chen et al. performed a quantitative analysis of 840 biochemical metabolites in 524 nat-
ural rice populations and used mGWAS to identify many important genetic loci associ-
ated with different metabolites [4]. Chen et al. quantified 805 metabolites in 182 wheat
cultivars that could be associated with 1098 mGWAS associations with large effects. The
associations were validated via enzymatic assays of the targeted gene products in wheat
seeds, which revealed correlations with flavonoid pathways [29]. Another advancement
of the GWAS strategy is its combination with phenomics (P GWAS). Yang et al. identi-
fied 141 associated loci via GWAS of 15 traits that were acquired non-destructively by
high-throughput rice phenotyping, 25 of which included known genes such as the Green
Revolution semidwarf gene, SD1 [30]. Moreover, particular features acquired from HSI
and models of macromolecular chemicals, such as proteins [21] and chlorophyll [31],
can reportedly be used as indicators for GWAS. Nevertheless, no published research has
elucidated whether the features acquired from HSI and models of small-molecule chem-
icals, such as metabolites, can serve as indicators for GWAS.

In this study, we utilized automatic HSI and a high-performance liquid chromatog-
raphy (HPLC)-based targeted method to extract hyperspectral indices and metabolites
from 533 O. sativa accessions. Correlation analysis and eight machine learning meth-
ods were used to identify important hyperspectral indices that were associated with the



Feng et al. Genome Biology (2025) 26:55 Page 4 of 24

corresponding metabolites. GWAS was conducted for both metabolites (mGWAS) and
hyperspectral indices (hRGWAS), and significant SNPs with p <1.3E — 6 were selected. To
further explore the genetic relationships between metabolites and hyperspectral indi-
ces, colocalization analysis was performed on the basis of the screened SNPs from the
mGWAS and hGWAS. Gene expression selection and KEGG keyword mapping were
subsequently conducted on the basis of the colocalized loci. Furthermore, networks
connecting metabolites and hyperspectral indices were established on the basis of the
screened candidate genes. The roles of two genes screened from the networks, LOC_
0Os07¢11020 and LOC Os09g18450, in their respective pathways were validated via
gene-editing and overexpression experiments in rice. This work shows how hyperspec-
tral indices that are both phenotypically and genetically associated with corresponding
metabolites could serve as indicators of metabolites in GWAS. This strategy can be used
to accelerate plant breeding programs.

Results

Acquisition of metabolites and hyperspectral indices of polished rice

To explore the potential of using hyperspectral indices as indicators of metabolites in
polished rice grains for GWAS, 533 O. sativa accessions (Additional file 1: Table S1;
Additional file 2: Fig. S1) containing 4.3 M SNPs were cultivated at Huazhong Agri-
cultural University, Wuhan city. Seeds of these accessions were harvested in 2019
and used in our analysis (see the “Methods” section). First, 20 seeds of each acces-
sion were randomly selected (Fig. 1a), placed in a grinder (Fig. 1b) and ground to
powder (Fig. 1c). The powder was used for spectral reflectance acquisition via an
automatic hyperspectral image acquisition system (Fig. 1d) and for HPLC-based tar-
geted assessment (Fig. le). The matched hyperspectral indices ranging from 400 to
1700 nm (Fig. 1f) and the metabolite traits of 14 groups of each O. sativa accession
were extracted for further joint analysis (Fig. 1g). For each accession, the levels of a
total of 887 diverse metabolites (Fig. 1h) were measured. The average value, stand-
ard deviation (SD) and coefficient of variation (CV) of the metabolites in the whole
group and the 5 subpopulations, designated Admix, Aus, Indica, Japonica and VI,
were calculated. As shown in Additional file 2: Fig. S2, the frequency of the CVs of
the metabolites in the 5 subpopulations was consistent with that of the metabolites
in the whole group, with a majority of the CVs within 20-40%. Additionally, 1848
hyperspectral indices were targeted through an image analysis pipeline constructed
for hyperspectral index extraction (Fig. 1i). Similarly, the average value, SD and CV
of the hyperspectral indices were also calculated. As shown in Additional file 2:
Fig. S3, the frequency of CVs of the hyperspectral indices in the 5 subpopulations
was also consistent with that of the whole group, with a majority of the CVs within
10-30%. Then, correlation analysis (Fig. 1j) and machine learning methods (Fig. 1k)
were subsequently performed to screen for important hyperspectral indices of the
corresponding metabolites. The screened matched pairs of important hyperspectral
indices and metabolites (Fig. 11) were related to particular phenotypes. GWAS was
performed, and then SNPs colocalized with metabolites and hyperspectral indices
were screened (Fig. 1m). Gene expression selection and KEGG mapping were con-
ducted on the basis of the colocalized SNPs (Fig. 1n). Finally, several candidate genes
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Fig. 1 Combination of hyperspectral imaging and machine learning to decipher the genetic architecture
of rice grain metabolism. For the acquisition of metabolites and hyperspectral indices, 533 rice core
germplasm resources were collected (a); a grinder (b) was used to grind them into powder (c); and a
hyperspectral imaging system (d) and a metabolite measurement system (e) to acquire the corresponding
spectroscopic data (f) and metabolic data (g). To select vital metabolites and hyperspectral indices, several
procedures were performed on the acquired 887 metabolites (h) and 1848 hyperspectral indices (i),
including correlation analysis (j) and machine learning-based modelling (k); the phenotypically related
metabolites and hyperspectral indices thus identified were screened (I). For further screening of genetically
related metabolites and hyperspectral indices, GWASs and colocalization analyses were performed (m), and
colocalized loci functioning in corresponding metabolic pathways were identified (n), after which several
candidate genes were screened and validated (o)

that were both phenotypically and genetically related to metabolites and hyperspec-
tral indices were targeted for validation (Fig. 1o). Descriptions of the process and
details of these spectral traits are shown in Additional file 1: Table S2 and Table S3
and in Additional file 2: Fig. S4 and Fig. S5. The original hyperspectral images
obtained at 400—1700 nm for 533 O. sativa accessions were available at http://plant
phenomics.hzau.edu.cn/usercrop/Rice/image/2024-HSI.
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Screening important hyperspectral indices of metabolites through correlation analysis

and machine learning methods

A total of 1848 hyperspectral indices and 887 metabolites (Fig. 2a and Additional file 1:
Table S4 and Table S5) were used in this analysis. Pearson correlation coefficients of the
hyperspectral indices and metabolites were calculated, and matching pairs with values
greater than 0.30 were identified. This method targeted 551 metabolites and 1284 hyper-
spectral indices (Fig. 2b and Additional file 1: Table S6). Moreover, eight machine learn-
ing methods, namely, partial least squares regression (PLSR), light gradient boosting
machine (LGBM) regression, least absolute shrinkage and selection operator (LASSO)
regression, ridge regression (RR), convolutional neural network (CNN) regression, sup-
port vector machine (SVM) regression, random forest (RF) regression and stepwise
linear regression (SLR), were used for metabolite prediction and vital hyperspectral
index selection. Of the eight models, LGBM performed the best because there were 235
metabolites with an R, greater than 0.50. Whereas, for the other methods listed above,
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Fig. 2 Information on phenotypically related metabolites and hyperspectral indices. a The number

of metabolites in each group. b Distribution of hyperspectral indices from 400 to 1700 nm that are
phenotypically related to metabolites. ¢ The number of metabolites with Ry, values greater than 0.5 identified
through modelling. d The number of metabolites with the best R, values among the eight machine learning
models. e The R, distribution of all 887 measured metabolites. f The R, distribution of the 554 screened
metabolites. g The R, distribution of lipid groups. h The R, distribution of the flavonoid groups. i Scatter plot
of epicatechin. j Scatter plot of phosphocholine
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the number of metabolites with R, greater than 0.50 was 232, 199, 159, 135, 134, 123
and 116, respectively (Fig. 2c and Additional file 1: Table S7). For each metabolite, when
considering the highest R, value of the eight machine learning models as the optimal R,
value, PLSR and LGBM performed well in predicting the greatest number of metabolites
(286 and 273 metabolites, respectively), with optimal R, values being derived from these
two models. The other models did not perform so well, as the number of metabolites
with optimal R, values ranged from 8 to 98 (Fig. 2d). Using the highest R, from the eight
models for each metabolite, the Rp of all 887 targeted metabolites followed a normal dis-
tribution, with an average value of 0.45 (Fig. 2e). However, an R, of over 0.50 was set as
the threshold for highly predictive metabolite screening, as there was at least one metab-
olite with R, over 0.50 in each metabolite group. This led to 346 metabolites with high R,
(>0.50) values being identified in each of the eight derived models, and 859 correspond-
ing vital hyperspectral indices were screened (Additional file 1: Table S8). Ultimately, by
combining the selected results from correlation analysis and machine learning models, a
total of 554 diverse metabolites and 1313 different hyperspectral indices were screened
(Additional file 1: Table S9 and Table S10).

The R, values of the 554 screened metabolites also followed a normal distribution, and
their average value was 0.53, which was higher than the average R, value of 0.45 for all
887 measured metabolites (Fig. 2f and Additional file 1: Table S7). Moreover, the average
R, of the 13 metabolite groups was greater than 0.50, with only the amino acid group
having an average R, lower than 0.50. Notably, the average R, values of the terpene, poly-
phenol and alkaloid groups were greater than 0.60, with values of 0.64, 0.62 and 0.60,
respectively. Most of the 554 metabolites were located in the lipid, vitamin, organic acid,
amino acid and flavonoid metabolite groups (Fig. 2g, h; Additional file 2: Fig. S6), and
many of these metabolites have medical value or play important roles in rice growth
and development. For example, the metabolite epicatechin in the flavonoid group can
enhance metabolism [32] and regulate immunity and defence against tumours [33]. The
optimal R, of epicatechin was 0.75 (Fig. 2i), indicating good predictability. The metabo-
lite phosphocholine in the lipid group is an important growth regulator of rice; it can
reduce the photorespiration of plants [34], promote crop growth [35], and promote the
formation of rice seedling roots [36]. The measured phosphocholine level also showed
high predictability, as the optimal R, was 0.82 (Fig. 2j). Most of the 1313 important
hyperspectral indices screened were first-order (dA) or second-order (ddA) derivatives
of the average reflectance. For example, the distributions of the epicatechin and choline
contents and the corresponding top 5 vital hyperspectral indices screened were all dA-
or ddA-related traits (Additional file 2: Fig. S7). Moreover, the level distribution of some
vital spectral indices is consistent with the corresponding metabolite level distribution,
even in different rice subgroups (Additional file 2: Fig. S8). Ultimately, the 554 metabo-
lites and 1313 hyperspectral indices screened via correlation analysis and machine learn-
ing models were used for further GWAS.

GWAS of screened metabolites and important hyperspectral indices

GWAS coupled with metabolites (mGWAS) and important hyperspectral indices
(hGWAS) were performed through EMMAX (see the “Methods” section). Overall, a
total of 17,509 significant locus—trait associations were revealed within 2882 screened
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lead SNPs (P<1.3E — 6) for 554 metabolites and 1313 hyperspectral indices. Specifically,
3421 significant loci-metabolite associations were identified for 514 metabolites, with
1715 lead SNPs, whereas 14,088 significant loci-hyperspectral index associations were
found for 1181 hyperspectral indices, with 1300 lead SNPs (Additional file 1: Table S11).

Colocalization analysis between selected metabolites and hyperspectral indices
Chromosomal colocalization analysis was performed with 1715 lead SNPs linked to
metabolites and 1300 lead SNPs linked to hyperspectral indices. Considering the linkage
disequilibrium (LD) decay of rice (Additional file 2: Fig. S9), a colocalization region was
defined as being 300 kb in size. To decrease the number of possible false positives, only
co-detected loci underlying metabolic traits highly correlated with the spectral traits
(r>0.3, P<1.3E — 6, Pearson’s correlation coefficient) were considered. This led to 6415
locus pairs of metabolites and hyperspectral indices being extracted, among which there
were 14,128 significant loci—trait associations with 2152 lead SNPs. This represented
2415 significant locus—metabolite associations of 496 metabolites with 1184 lead SNPs
and 11,713 significant loci-hyperspectral index associations of 1122 hyperspectral indi-
ces with 1101 lead SNPs (Additional file 1: Table S12).

High-throughput screening of candidate genes regulating hyperspectral and metabolite
levels

We next sought to select phenotypically and genetically related matching pairs of
metabolites and hyperspectral indices. This involved relating gene expression selection
and KEGG keyword mapping with these colocalized lead SNPs. The detailed keyword
descriptions concerning each metabolite group are listed in Additional file 1: Table S13.
A total of 12,512 locus-trait associations with high gene expression, which could be
related to 399 metabolites and 1105 hyperspectral indices within KEGG pathways, were
identified (Additional file 1: Table S14). The associations of the hyperspectral indices
were more than ninefold greater than those of the metabolites because of the redun-
dancy of the spectral bands. However, the average associations of the screened hyper-
spectral indices were more than twofold greater than those of the metabolites, indicating
their potential applicability in novel candidate gene selection. Among these significant
locus—metabolite associations, lipid-related associations ranked first, the number of
which was 566. Each lipid-related metabolite had an average of 4.5 significant associa-
tions, and their standard deviation was 4.2. The vitamin- and organic acid-related asso-
ciations ranked second and third, the numbers of which were 364 and 233, respectively.
For each metabolite in these two groups, the average numbers were 4.4 and 4.3, and
the standard deviations were 5.3 and 7.0, respectively. However, the polyphenol-related
associations were the fewest in number with only two. The details of all the statistical
information regarding the associations and corresponding loci are available in Addi-
tional file 1: Table S15 and Table S16.

For each metabolite group, the matching hyperspectral indices were located mainly
within visible-light bands (400-760 nm). The lipid groups had the most matched pairs
with hyperspectral indices, whereas the flavonoid groups ranked fifth (Fig. 3a). The 399
screened metabolites had an average Rp of 0.53, with an overall normal Rp distribution.
The Rp values of 60.4% of the metabolites were greater than 0.50, which was better than
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Fig. 3 Information on the screened hyperspectral indices and metabolites that are both phenotypically and
genetically related. a UpSet plot of the screened metabolites of 13 groups and hyperspectral indices that are
phenotypically and genetically related. b R, distribution of the screened metabolites after gene expression
selection and KEGG key word mapping. € The colocalized loci of metabolites and hyperspectral indices. d
Distribution of the screened loci among different metabolite groups. e The distribution of the colocalized
SNPs of metabolites and hyperspectral indices among chromosomes. f A relationship network constructed
on the basis of the screened metabolites and hyperspectral indices and colocalized loci

those of all 887 metabolites (52.5%) without selection (Fig. 3b). When 1761 loci/can-
didate genes were screened with the 399 reserved metabolites and 1105 hyperspectral
indices, 881 were related to metabolites, 992 were associated with hyperspectral indices,
and 112 loci were related to both (Fig. 3c). Among the 1761 loci/candidate genes, most
were linked to vitamin-related roles, with those involved in lipid metabolism ranked sec-
ond (respectively 266 and 264). A total of 46 loci/candidate genes were linked to flavo-
noid biochemistry, which was the 6th ranked group (Fig. 3d). In terms of chromosomal
colocalization, while there was some variation, most metabolite/hyperspectral index-
selected genes colocalized to chromosomes 2 and 7 (Fig. 3e).
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Finally, a relationship network between the 1105 hyperspectral indices screened
and 399 metabolites identified on the basis of colocalized loci was constructed as a
resource for polished rice metabolism gene selection (Fig. 3f). The 399 metabolites
were clustered and highlighted according to the group information listed in the net-
work, which makes it convenient for selection of candidate locus regulating the lev-
els of metabolites with similar structures and corresponding hyperspectral indices.
Another correlation network of the screened metabolites, the hyperspectral indices
and the colocalized loci are shown in Additional file 2: Fig. S10. The 1761 candi-
date locus were highlighted and separated into three groups listed as same candidate
locus screened from hGWAS and mGWAS, candidate locus screened from hGWAS
only and candidate locus screened from mGWAS only. There were 880 candidate
loci screened from hGWAS only, indicating the great potential of using important
hyperspectral indices as indicators of metabolites to unravel the genetic mechanisms
that regulate metabolite levels in polished rice. All the metabolites and hyperspec-
tral indices were filtered from the original data; they were phenotypically related and
may have a genetic relationship, as they were colocalized within 300 kb. Thus, the
metabolites and hyperspectral indices in the networks were worthy of attention, and
the candidate loci in the networks were valuable genetic resources for subsequent
functional gene analysis on regulating the levels of metabolites and corresponding

hyperspectral indices.

Evidence of metabolism-hyperspectral linkages

To experimentally validate the direct metabolite-hyperspectral index association, the
metabolites with the highest correlation and colocalization with the hyperspectral
indices were selected. For example, the correlation network and hierarchical cluster
analyses showed a strong correlation between the hyperspectral index ddA42 and the
accumulation patterns of multiple flavonoids (including catechins, epicatechins, and
their glycosylated (e.g. epicatechin O-hexoside) and polymerized form compounds (e.g.
procyanidin B2, procyanidin B3), and a few unmodified flavonols) in the rice popula-
tion, whereas dA270 showed a high correlation with multiple lipids (mainly diacylglycer-
ophospholipids) at the locus (Additional file 2: Fig. S11A and S11B; Fig. 4h). In addition,
a prominent locus, at the 6.08 Mb on chromosome 7 was located by the above metabo-
lites and hyperspectral traits via mGWAS and mQTL analyses (LMM, n=>533). The lev-
els of these metabolites and hyperspectral traits were significantly associated with lead
single nucleotide polymorphism (SNP) sf0706085999 (Fig. 4a—d). These results imply
that there may be genetic factor(s) at this locus that regulates multiple metabolites and
hyperspectral indices simultaneously. In searching for candidate genes, we noted that
Rc (LOC_0s07g11020) in this region has previously been reported to affect seed coat
colour, and the functional variant SNPs of Rc were strongly associated with the levels of
hyperspectral index ddA42 and dA270 and the above metabolites (Fig. 4e—g). Further-
more, we conducted haplotype analysis based on four SNPs and two InDels (Insert or
delete fragments) in the gene coding region and promoter region. The one SNP and one
InDel in the fifth exon of the LOC_0Os07g11020 gene result in early stopping of the gene
(SNP4) and a frameshift variant (InDel2), respectively. And haplotypes with disrupted
gene function of LOC_0s07g11020 (type3, type5 and type6) contain significantly lower
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ddA42 and the metabolite traits PC 18:0/18:0 and epicatechin. Overview (f) and closer view (g) of the
associated SNPs and InDels in the region Chr7 6.05989-60.68818 Mb where the Rc locus was located. h Triple
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hyperspectral traits (dA270 and ddA42) were identified via mMGWAS and hGWAS. i Generation of Rc mutations
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WT, CRI'and OE lines. For metabolomic and hyperspectral data, the data per row are Z-score standardized. |
Inversion results of the procyanidin content distributed in polished rice grains. The vital coefficient selected
from the PLSR model of the corresponding rice power data was used to generate a pseudocolour image

levels of hyperspectral ddA42, dA270, flavonoids, and lipids than normal functioning
haplotypes (typel, type2, type4) (Additional file 2: Fig. S12A), suggesting that Rc may
affect these traits.
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To confirm the regulatory function of Rc and hyperspectrum is specifically associ-
ated with metabolites, we constructed Rc-CRISPR (CRI) and overexpression (OE)
lines (Fig. 4i—j). The transgenic progeny (T2 generation) overexpressing Rc exhibited
increased levels of catechins, epicatechins, and their glycosylated (e.g. epicatechin
O-hexoside) and polymerized form compounds (e.g. procyanidin B2, procyanidin B3),
and multiple diacylglycerophospholipids. In contrast, T2 CRI lines presented the oppo-
site phenotype (Fig. 4k). This result shows that ddA42 has the potential to specifically
refer to unmodified flavonols, catechins and catechin derivatives in the flavonoid family,
whereas dA270 can specifically refer to diacylglycerophospholipids in the lipid family.

To further confirm the role(s) of Rc in regulating flavonoids, we first determined the
nuclear localization of Rc (Additional file 2: Fig. S13) and performed RNA-seq analysis of
seeds at the filling stage for the wild-type ZH11, OE and CRI lines. A total of 729 differ-
entially expressed genes (DEGs) were detected (|log2fold change|>1 and false discovery
rate £<0.01), of which 84.6% (617 genes) were upregulated in the OE lines compared
with the wild-type ZH11 plants. GO and KEGG analyses of the upregulated genes in
the OE lines revealed that the terms flavonoid biosynthesis, phenylpropanoid biosyn-
thesis and fatty acid biosynthesis process were enriched (Additional file 2: Fig. S14A and
Fig. S14C). Overall, 309 DEGs were detected (|log2-fold change|>1, P<0.01 for false
discovery rate), of which 78.6% (242 genes) were downregulated in the CRI lines com-
pared with the wild-type lines. Similarly, the downregulated genes in the CRI lines were
enriched in flavonoid biosynthesis, anthocyanin-containing compound biosynthesis and
fatty acid biosynthesis by GO and KEGG analyses (Additional file 2: Fig. S14B and Fig.
S14D). These results suggest that Rc may control the accumulation of flavonoids and
lipids in rice grains by regulating the expression of genes in these metabolite biosynthe-
sis pathways. In addition, the distribution of the flavonoid procyanidin in polished rice
was inverted pixel by pixel according to the vital coefficients acquired from the PLSR
model constructed from the rice powder data. In Fig. 4L, the procyanidin content is
indicated by the pseudocolor shade. Compared to the WT lines, the OE lines presented
greater procyanidin contents; however, in the CRI lines, lower procyanidin levels were
observed. This result indicates that hyperspectroscopy can accurately reflect small mol-
ecule metabolite content.

Dissecting novel metabolite loci via hGWAS

Our research has revealed that some significant SNPs could be screened by hGWAS
only. To expand the possible applicability of our approach, we tested whether a genetic
analysis of the hyperspectral data could facilitate the dissection of novel candidate locus
regulating metabolite traits. In our hGWAS of ddA42 and mGWAS of flavonoids, the
hGWAS revealed a new significant localization site on chromosome 9 compared with
the mGWAS (Fig. 4c and d). For instance, epicatechin and ddA42 were related phenotyp-
ically and genetically, as their Pearson correlation coefficient was 0.45 and they shared a
colocalized SNP sf0706085999. Whereas, an extra SNP on chromosome 9 was screened
by the hyperspectral index ddA42 only. A series of significantly linked SNPs were located
within the promoter and coding regions of a single gene (LOC_0s09g18450) (Fig. 5a—
c). The level of ddA42 was significantly associated with the lead SNP sf0911239171
(P=2.62 x 107 (Fig. 5d). LOC_0s09¢18450 is predicted to encode a flavonol synthase
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protein (OsFLS) with a molecular mass of 37 kDa, which may be involved in the conver-
sion of dihydroflavonol to flavonol (Fig. 5e). In addition, we conducted haplotype analysis
based on eight SNPs in the gene coding region and promoter region. The results showed
that SNP5 (CG to C) in the third exon of the LOC_0Os09¢18450 resulted in a frameshift
variant that disrupted the original biochemical function of the gene. As expected, the
levels of flavonoids and hyperspectral ddA42 were significantly lower in haplotypes with
loss of gene function (typel, type2, type3, type5) than in haplotypes with normal func-
tion (type4) (Additional file 2: Fig. S12B). This result suggests that LOC_Os09g18450
may function to regulate hyperspectral ddA42 and flavonoid levels.

To characterize the function of this putative gene, its open reading frame was cloned
and inserted into expression vectors with glutathione S-transferase (GST) fused to the
N-terminus. Then, the recombinant OsFLS that was successfully expressed in E. coli was
purified for enzymatic assays. The enzymatic activity of the recombinant protein was
examined by incubating OsFLS with Dih-kae (dihydro-kaempferol), Dih-Que (dihydro-
quercetin), and Dih-Myr (dihydro-myricetin) as substrates. All of these flavanols were
accepted by the enzyme, and the reaction products were identified as the flavonols
quercetin, kaempferol, and myricetin, respectively, by LC-MS (Fig. 5f). To confirm
that OsFLS can be linked to ddA42 and flavonoid content, ten transgenic OE lines were
obtained from the ZH11 background. The successful construction of OE plants was
confirmed by measuring the relative expression of OsFLS in T1 seeds at the grain-fill-
ing stage (Fig. 5g). We selected the lines with the greatest upregulation of expression
levels for metabolomics and hyperspectral detection and found a significant increase
in ddA42 and flavonoid contents compared with those in wild-type plants. In contrast,
OsFLS knockout mutants (CRIs) constructed via CRISPR-Cas9 technology presented a
lower ddA42 and flavonoid content than the wild type (Fig. 5h-m). These results con-
firm that FLS positively regulates the levels of flavonoids and ddA42 in rice grains and
that hGWAS can identify ‘hidden genetic loci’ that are not located by mGWAS. Prior
research [30] has demonstrated that ‘i-traits’ like hyperspectral indices had the capabil-
ity to identify ‘novel’ SNPs and candidate loci in GWAS analyses of complex quantita-
tive traits, like the fresh/dry weight and green leaf area of rice. This is because complex
quantitative traits can be predicted through the combination of several simpler ‘i-traits,
and these simpler traits, which are phenotypically and genetically linked to the complex
quantitative traits, may offer greater insight into studying them. Moreover, hyperspectral
cameras can acquire signals of light reflection in polished rice caused by both atomic
electron and molecular vibrational transitions. Metabolites with similar functional
groups and structures have similar reflection spectrum, for particular metabolite, the
signal may be not strong enough to be identified through GWAS. Whereas the screened
hyperspectral indices may reflect the accumulated signals of metabolites with similar
functional groups and structures, the signals may be stronger than particular metabo-
lites so as to many novel significant SNPs are screened by hGWAS only.

Discussion

Hyperspectral indices could be indicators of metabolites for GWAS analysis

Metabolomics has become an important tool for screening materials for advanced crop
breeding [15, 37-39]. However, the process of quantifying plant metabolites is often
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cumbersome and destructive. It also requires significant financial investment. In this
study, we have described a pipeline for screening matching pairs of metabolites and
important hyperspectral indices that are phenotypically and genetically associated. Fur-
thermore, we showed that the screened important hyperspectral indices could serve as
indicators of metabolites for GWAS through colocalization analysis, gene expression
pattern selection and the KEGG keyword mapping. GWAS of important hyperspectral
indices and corresponding metabolites revealed that candidate genes associated with
metabolites could be deciphered through hyperspectral indices, even for metabolites
that were not directly measured.

By integrating colocalization analysis, feature screening and modelling results, we
identified the characteristic wavelength ranges for each class of metabolites (Additional
file 2: Fig. S15). The distribution of the screened hyperspectral indices was similar to
that in the visible band range (400-760 nm), while the details of the distribution differed
among the 13 metabolite groups (Additional file 2: Fig. S15). For example, characteris-
tic wavelengths for flavonoids were distributed mainly within the ranges 400—900 nm,
938-1138 nm, 1190-1352 nm and 1410-1520 nm. In other studies, absorption peaks
were observed at 400-600 nm [40], 700—760 nm [41], 870-900 nm [42], 1100—1140 nm
[43], 1150-1400 nm [44] and 1400-1500 nm [45]. These results were highly consist-
ent with the wavelengths associated with the flavonoids screened in this study. Nota-
bly, as suggested by other published works, our study excluded the wavelength range of
760—870 nm. However, the associations between these bands and flavonoids need to be
further explored. For lipids, the characteristic bands were located primarily within the
ranges of 400—-850 nm, 938-1138 nm and 1410-1645 nm. Previous research also sup-
ported our targeted hyperspectral indices as indicators of corresponding metabolites.
For example, a lack of reflectance at 520 nm was associated with anthocyanin accumu-
lation in grape leaves, and reflectance near 520 nm was significantly correlated with
carotenoid accumulation in plant leaves. This finding was consistent with our finding
identifying dA65 (522 nm) as a vital feature of anthocyanins in polished rice. Further-
more, we observed that wavelengths of 600—650 nm were important for predicting spe-
cific lipid contents in plants. Similarly, the phosphatidylcholine content of grape leaves
can be measured within the wavelength range of 600—648 nm [46], whereas the screened
vital hyperspectral index dA110 (610 nm) was located within this range. This demon-
strated the reliability of using vital hyperspectral indices as a replacement for metabo-
lites for GWAS and further candidate gene selection.

To further validate the metabolite prediction ability based on hyperspectral data to
target genes, fivefold cross-validation was conducted on each metabolite with the high-
est Rp of all eight models. The predicted value for each metabolite gained from fivefold
cross-validation was reserved for GWAS, and the significant SNPs acquired from the
predicted values of metabolites overlapped greatly with the results acquired from real
metabolite measurements, especially in the hotspot area of chromosome 7 (Additional
file 2: Fig. S16). For example, the true and predictive values of epicatechin and the cor-
responding hyperspectral index ddA42 both colocalized significant SNPs within LOC_
0Os07g11020 (Additional file 2: Fig. S17). The detailed R values of the validation set (Rv
values) are listed in Additional file 1: Table S17.
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Experimental validation confirms the reliability of the screened hyperspectral indices

as metabolite surrogates

To further confirm the reliability of using vital hyperspectral indices as a replace-
ment for metabolites for GWAS analysis and further candidate gene selection, the
pure solutions of epicatechin and procyanidin B1 were measured via a spectropho-
tometer (the details are provided in Additional file 2: Note S1) to acquire the spectral
absorbance curve shown in Additional file 2: Fig. S18 and Fig. S19 and Additional
file 1: Table S18, both of which presented a particular absorption valley at approxi-
mately 480 nm, which is in accordance with the screened hyperspectral index ddA42
(478 nm). This result further reflects the reliability of the newly screened hyperspec-
tral indices, with ddA42 serving as an indicator of flavone content.

Mapping and identifying loci or genes underlying different metabolite contents
is an important additional tool in existing genomics-assisted strategies for crop
improvement. In this study, a total of 1761 unique candidate genes were identified
and annotated with 769 metabolite-screened genes, and 880 hyperspectral indices
were used to select genes. KEGG analysis revealed that, in addition to lipid and flavo-
noid metabolism, most genes are involved in the synthesis and metabolic pathways of
plant primary and secondary metabolites. Many of these metabolites play important
roles in the interaction between plants and their environment, and the candidates
assigned in our study may provide new resources for further functional validation.
For example, lignin is an important polymer in plant resistance to pests and dis-
eases. Although phenylalanine ammonia-lyase (PAL) genes linked to lignin produc-
tion have been reported, few of these genes have been genetically mapped in rice.
Here, we used colocalization analysis to map multiple PAL genes and found that the
LOC _0s02g41650 genes were significantly associated with lignin. This gene has been
previously reported as OsPAL3 and is involved in lignin synthesis, thereby enhancing
disease resistance in rice. Moreover, numerous mGWAS-targeted metabolites, such
as amino acids, vitamins, lipids and polyphenols, determine the nutritional quality
of rice and can be mapped to possible assigned candidate genes (Additional file 1:
Tabel S15). In addition, several genetic loci that regulate the accumulation of nutri-
ents associated with the maintenance of health in humans have been identified via
mGWAS and hGWAS. The thiamine (vitamin B1) level is correlated with the hyper-
spectral dA212 in rice. The dA212 colocalized with thiamine according to both the
mGWAS and hGWAS at 1.76 Mb on chromosome 6, and the Wx gene at this locus
was shown to regulate thiamine accumulation in rice grains.

Taken together, the extensive data generated in this study represent a valuable resource
for further studies on the biosynthetic pathways and regulatory circuits of plant metab-
olites. Moreover, our approach can help overcome the limitations of single-data-type
approaches. By combining multiple datasets, it is possible to compensate for missing or
unreliable information within any single data type. We have demonstrated the power of
our approach by using this multidimensional approach to encompass genomic, hyper-
spectromic, and metabolomic data to identify important genes contributing to meta-
bolic pathways such as lipid and flavonoid metabolism. In terms of practicality, these
examples illustrate how hyperspectroscopic groups will greatly aid in improving metab-

olomic research for a wide range of natural genetic variations.
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hGWAS has the potential to explore genes involved in broad-spectrum regulation

of metabolites

The process of light propagation within plants is intricate, involving the scattering and
absorption of photons as they interact with plant tissues. These interactions lead to vari-
ous optical phenomena, including the reflection, transmission, and absorption of light by
the plant’s cellular structures. To quantify the degree of light attenuation in plant materi-
als, optical sensors like hyperspectral cameras can be employed to measure the amount
of light that is reflected from or transmitted through the plant tissues caused by both
atomic electron and molecular vibrational transitions [47]. Physically, the compressing
and stretching process of covalently bonded atoms in heteronuclear molecules will result
in ‘overtones’ of the fundamental vibration frequency when light interacts with plants.
Overtones, akin to harmonics, consist of a series of frequencies that are multiples of the
fundamental vibration’s frequency. However, ‘combinations’ arise when two or more
fundamental frequencies converge to possess the same energy level in the spectrum. It
is normal that a diverse array of combinations can emerge within any specific molecule,
leading to spectra that typically exhibit broad and frequently overlapping peaks. Thus,
high-resolution spectroscopy is indispensable for identifying and distinguishing all the
diverse structural components. For simple molecules like water, it is easy to be quanti-
fied through spectra as typical absorption peaks can be observed around 1450 nm and
1950 nm. Whereas, for most molecules in the plant kingdom, their characteristic spec-
trum peaks could be broad, weak and overlapping. To address this issue, chemometrics
is usually used for the analysis of complex spectral data [48].

Plants harbour an extraordinarily diverse array of metabolites, with estimates sug-
gesting that their numbers could span from 200,000 to over 1 million. A significant pro-
portion of these metabolites exhibit structural similarities; for instance, all flavonoids
feature three analogous organic rings, while fatty acids universally display elongated car-
bon chain structures. These shared structural characteristics can lead to spectral bands
that are close to each other when analysed using hyperspectral imaging. To enhance the
precision of hyperspectral bands for the detection of specific metabolites, a hyperspec-
tral imaging system with a spectral resolution of approximately 2 nm was applied in the
research. Furthermore, we constructed a pipeline to screen metabolites and hyperspec-
tral indices that were phenotypically and genetically related. Based on the result, cor-
relation networks between the screened hyperspectral indices acquired by hyperspectral
cameras and metabolites collected through mass spectrometry were constructed, aiming
to pinpoint specific hyperspectral bands indicative of key metabolites and their closely
related compounds. In addition to constructing correlation networks to identify hyper-
spectral indicators for metabolites, we also sought to broaden the application scope of
this methodology to explore if the screened hyperspectral indices could be effective in
GWAS analysis. Intriguingly, we observed that metabolites and their corresponding
hyperspectral indicators share the same statistically significant SNP loci. This finding
underscores the potential of hyperspectral imaging not only as an alternative to mass
spectrometry in detecting metabolite content but also as a potent, cost-effective tool for
exploring metabolite regulatory genes and loci.

Upon further analysis of hGWAS and mGWAS results, we observed that hGWAS
tended to identify more association sites than mGWAS. Notably, hGWAS enabled the
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successful identification of crucial genes regulating the specific metabolite levels. Taking
into account the vast disparity between the extensive number of plant metabolites (rang-
ing from 200,000 to 1 million) and the relatively limited number of hyperspectral bands
(1944), we hypothesize that certain hyperspectral signatures may possess the capabil-
ity to concurrently signify particular metabolite and its closely related substances. We
further speculate that the new loci identified in hGWAS might be linked to the over-
all content of metabolites and their high analogues. To validate this finding, we aggre-
gated the content of 11 flavonoids associated with ddA42 as presented in Figs. 4 and 5,
and conducted mGWAS based on the total content. The lead SNP (chr9. sf0911239171)
locus on chromosome 9 was successfully pinpointed in the newly obtained mGWAS
results (Additional file 2: Fig. S20). Moreover, the elevated levels of flavonoids such as
epicatechin, kaempferol, and myricetin in OsFLS overexpression material indicate that
this gene has the capacity to regulate multiple aforementioned flavonoids simultane-
ously (Fig. 5i—m). These findings not only confirm why hGWAS is capable of uncovering
novel metabolite regulatory locus but also offer novel insights into the mining of broad-
spectrum metabolite regulatory genes.

Conclusions

Our research underscores the potential of combining hyperspectral imaging with
machine learning methods to rapidly and cost-effectively quantify crop metabolites. We
proposed a pipeline to screen crucial hyperspectral indices that exhibit both phenotypic
and genetic correlations with specific metabolites. Additionally, our findings suggest that
these selected hyperspectral indices can serve as indicators for corresponding metab-
olites in GWAS for candidate gene identification. Notably, hyperspectral indicators
have the potential to uniquely uncover novel candidate loci, as they can concurrently
signify metabolites with similar structures. The correlation networks established in our
research, which connect hyperspectral indices with metabolites, encompass a wealth of
genetic resources that will facilitate further candidate gene selection in polished rice.
The methodologies introduced in this study exhibit promising potential for application
in a variety of crops beyond rice, ultimately facilitating the exploration of metabolic reg-
ulation mechanisms in crops and accelerating the breeding process.

Methods

Plant materials

A diverse global collection of 533 O. sativa accessions, including both landraces and elite
varieties, was collected [49]. Rice plants examined under field conditions were grown
during the normal rice-growing season at the Experimental Station of Huazhong Agri-
cultural University (Wuhan, China). All the seeds were planted in a seedbed in mid-May
and transplanted to the field in mid-June. The plants withing a row were 16.5 cm apart,
and the rows were 26 cm apart. Mature seeds of each accession were randomly collected
and pooled for metabolic profiling.

Hyperspectral data acquisition for polished rice
An HSI system was built to collect hyperspectral data from 533 polished rice samples.
This system contained translation stages, halogen lamps and two hyperspectral cameras
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covering the spectral range of 400—1700 nm. Twenty polished rice grains of each acces-
sion were ground to powder and then poured into 8-mm-wide plastic lids. To allow
simultaneous data acquisition, a dozen samples were placed on black metal trays. Dark
current and gain calibrations were necessary to correct the dark current of the charge-
coupled devices (CCDs) in the cameras and eliminate the influence of uneven light
among the wavelengths. The metal trays moved with translation stages under the con-
trol of the programmable logic controller until all the samples were captured by fixed
cameras. The corresponding acquired data were stored on two computers synchro-
nously. The whole data collection process was carried out in a dark room with only halo-
gen lamp lighting to provide an accurate light source [23]. Finally, for each accession,
the spectral information of 486 bands within 400—1700 nm was acquired from the HSI

system.

Metabolite measurement for polished rice

For metabolome analysis, samples were analysed via HPLC. The HPLC analytical
conditions were as follows: column, Shim-pack GISS C18 (pore size 1.9 pm, length
2.1 x 100 mm); solvent system, water (0.04% acetic acid): acetonitrile (0.04% acetic acid);
flow rate, 0.4 mL/min; temperature, 40 °C; and injection volume, 2 pL. The gradient pro-
gram was as follows: 0 min, 5% B; 12.0 min, 95% B; 13.2 min, 95% B; 13.3 min, 5% B;
15.0 min, 5% B. The targeted metabolic profiling analysis was performed via scheduled
multiple reaction monitoring (MRM) via an LC-ESI-QQQ-MS/MS system (LCMS-8060,
SHIMADZU, Japan). The ESI source operation parameters were as follows: nebulizing
gas flow, 3 L min~} heating gas flow, 10 L min~Y; interface temperature, 500 °C; DL tem-
perature, 250 °C; heat block temperature, 400 °C; and drying gas flow, 10 L min~!. The
data recorded were processed with LabSolutions 5.91 software. A total of 837 metabo-
lites were detected via this method. These metabolites belonged to a total of 13 classes,
namely, lipids, vitamins, amino acids and their derivatives, sugars, flavonoids, alkaloids,
terpenoids, nucleic acids and their derivatives, organic acids, hormones, polyamines,
polyphenols and phenolamines (Additional file 1: Table S4).

Data processing and hyperspectral index extraction

An image analysis pipeline was compiled for image processing and hyperspectral index
extraction via LabVIEW and C+ + programming [31]. The acquired data were normal-
ized via dark current and whiteboard data to obtain the rectified binary data stream.
Image segmentation and masking and data extraction processes were carried out to
obtain equivalent hyperspectral indices among the wavelengths. The details of these
steps were described in a previous study [31]. A total of 1944 hyperspectral indices
were ultimately acquired, which could be divided into four types: average reflectance
(A), first derivative of average reflectance (dA), second derivative of average reflectance
(ddA), and the logarithm of average reflectance (IgA). The acquisition range of the two
hyperspectral cameras overlapped within 900-1000 nm, resulting in some redundancy
in the hyperspectral indices. The redundancy was removed, and the outliers of each fea-
ture were eliminated according to the 3o criteria, leaving a total of 1848 hyperspectral
indices.
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Hyperspectral feature screening and prediction model establishment

Pearson correlation coefficients of 887 metabolites and 1848 hyperspectral indices were
computed in R 4.1.2, and those with values greater than 0.30 were considered highly
related matching pairs. Meanwhile, eight models, including the SLR, PLSR, REF, RR,
LASSO, SVM, LGBM and CNN models, were established for predicting metabolite con-
tent through hyperspectral indices (Additional file 2: Fig. S21). Automatic parameteri-
zation was used in the models to reduce artificial error. The training and test sets were
derived by dividing the data into a ratio of 1:4. Regression models were built in Python
3.6 via the sklearn machine learning package, statsmodels library, etc. (Additional file 3:
Note S2). The details were as follows: (1) for the SLR, the AIC was adopted as the evalu-
ation index, and the difference between the two adjacent sz values (the R? values of
the test set) was no less than 0.01. (2) PLSR was performed with the PLSR regression
function, and the scale parameter set was True. (3) RF, RR, LASSO and SVM regres-
sions were built with gridSearchCV and tenfold cross-validation. (4) The CNN model
was implemented via a sequential function and adjusted by observing the loss image to
prevent overfitting, and the number of epochs was thirty. Finally, important features and
metabolites of those models with R values greater than 0.50 were selected and combined
with the above highly related matching pairs for subsequent GWAS. (5) The LGBM was
developed via the Python library of the same name, automatic tuning functionalities
were incorporated to ensure optimal regression fitting for each metabolite.

Genome-wide association analysis

GWAS was performed to test the statistical associations between genotype and phe-
notype via efficient mixed model association expedited (EMMAX, v20120210). The
genotype data (SNPs) were obtained from the RiceVarMap website (http://ricevarmap.
ncpgr.cn), and a total of 4,300,150 high-quality SNPs with a minor allele frequency
(MAF)>0.05 and deletion rate<0.1 in the 533 rice cultivars were selected for hGWAS
and mGWAS. The Emmax-kin program was used to construct the kinship (K) matrix.
The Manhattan plot was drawn through the R package (qgman) and in-house R scripts.
The calculated genome-wide suggestive threshold, which was based on the original Bon-
ferroni calculation of 1/Me, was P=1.3 x 10~° for the whole population.

Candidate gene screening and identification

The colocalization analysis was conducted based on the screened lead SNPs of hGWAS
and mGWAS, and those loci within the 300 Kb in the chromosome served as colocal-
ized loci. After obtaining the colocalized locus of selected metabolites and hyperspectral
indices, the gene information upstream and downstream of the site is screened based on
the degree of LD linkage disequilibrium. According to the rice gene expression profile
data downloaded online (https://ricexpro.dna.affrc.go.jp), those genes with expression
levels higher than 200 RPKM (reads per kilobase of transcript per million reads mapped)
at the heading stage of rice panicles or 7-21 days after pollination of rice endosperm
were selected for further gene function annotation and KEGG pathway analysis using
eggNOG-mapper software. The selected loci were divided into 14 groups, and several
metabolite-related keywords were attached to each group. For example, the keywords
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‘phenylpropanoid; ‘flavonoid; ‘stilbenoid; ‘caffeine; ‘flavone; ‘flavonol; ‘anthocyanin; and
‘isoflavonoid’ were linked to the flavonoid-related loci, whereas the keywords ‘folate;
‘nicotinate, ‘nicotinamide, ‘thiamine, ‘ascorbate; ‘vitamin, ‘pantothenate;, ‘riboflavin,
‘retinol; ‘biotin, and ‘novobiocin’ were used as labels for vitamin-related loci. Then, the
locus of each group was mapped to the enrichment pathway information for rice. These
mapping processes were automatically performed via scripts compiled with Python 3.6
(Additional file 3: Note S2).

Metabolite and hyperspectral index colocalization network construction

Relationship networks between screened metabolites and hyperspectral indices were
constructed on the basis of the location of significant SNPs screened separately via the
hGWAS and mGWAS approaches, and the Pearson correlation coefficient between
them was examined. Considering the LD decay of rice, the matching pairs of metabolites
and hyperspectral indices that had significant SNPs within 300 kb in chromosomes and
a Pearson correlation coefficient over 0.30 were connected in the constructed networks.

The networks were constructed through the software Gephi 0.10.

Construction of transgenic lines

The LOC _0s07g11020, LOC_0s09g18450 and LOC_Os06g04200 overexpression con-
structs were generated by directionally inserting the full complementary DNA (cDNA)
from Nipponbare, first, into the entry vector DONR207 and then into the destination
vector pJC034 with the maize ubiquitin promoter via the Gateway recombination reac-
tion (Invitrogen). The construct vector was subsequently introduced into Agrobacte-
rium strain EHA105, which was subsequently transformed into ZH11 (Zhonghuall).
The mutant constructs for the above three genes were generated via CRISPR-Cas9

technology.

Quantitative RT-PCR (RT-gPCR) analysis

Total RNA was extracted via TRIzol reagent (Life Technologies) and reverse transcribed
into cDNA according to the manufacturer’s instructions for ReverTra Ace qPCR RT
Master Mix with gDNA Remover (Toyobo). RT-qPCR analysis was performed using
SYBR Green Real-time PCR Master Mix (Toyobo). Rice UBQ5 was used as an internal
standard to normalize the transcription of the examined genes.
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