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ARTICLE INFO ABSTRACT

Keywords: Manual phenotyping of photosynthesis-related traits in rice is labor-intensive and limits the scale and temporal
Ri'ce . resolution of genetic analysis under field conditions. Here, we integrated unmanned aerial vehicle (UAV)-based
High Throughput Phenotyping high-throughput phenotyping (HTP) with genome-wide association studies (GWAS) to dissect the diversity and
GWAS . genetic architecture of photosynthesis-related traits in a large indica rice diversity panel (>300 accessions)
Stomatal density

evaluated across three dry seasons. A total of 45 traits, including UAV-derived NDVI, canopy height, and canopy
temperature, together with leaf gas-exchange, stomatal, anatomical, and agronomic traits, were quantified. UAV-
derived traits captured temporal growth and senescence dynamics and showed strong and consistent correlations
with leaf photosynthetic rate, stomatal conductance, flowering time, biomass, and grain yield. GWAS identified
multiple QTLs for photosynthetic and HTP traits, including a cross-year stable transpiration-rate QTL
(@qTRMMOL-2-2) and a photosynthetic-rate QTL (qPHOTO-1-2). Haplotype analyses revealed that the wall-
associated receptor-like kinase gene OsWAK6 and the potassium transporter gene OsHAK1 were strongly asso-
ciated with variation in photosynthetic rate and transpiration, respectively. Several elite accessions with
consistently high photosynthetic performance carried superior haplotypes at multiple QPHOTO loci, suggesting
their potential value for breeding. Together, our results demonstrate that UAV-based HTP provides reliable field-
scale proxies for physiological performance, and that integrating HTP with GWAS can enable the identification of
genetic targets for improving photosynthesis, water use, and yield potential in rice.

Photosynthesis
Agronomic traits

1. Introduction than 1% [2]. Meanwhile, ongoing climate change is affecting global
temperature and rainfall patterns, resulting in significant challenges to

By 2050, demand for cereal grain is likely to increase by 50% [1]; food security. It is widely recognized that improvements in radiation use
meeting this demand is currently unfeasible given that the annual in- efficiency and photosynthetic performance are credible ways of closing
crease in rice yields resulting from genetic improvement is currently less the yield gap [3-6]. This is likely to be achieved through targeted
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Fig. 1. (A) Images of the fields in 2016. (B) The average temperature during the growing months in 2016, 2017, and 2019. (C) The average humidity during the
growing months in 2016, 2017, and 2019. The error bars indicate the highest and lowest values for each month.

genetic manipulation of key photosynthetic processes, driving the cur-
rent interest in understanding the genetic determinants of photosyn-
thetic capacity [7,8]. Several potential approaches to enhance
photosynthetic efficiency, along with experiments involving elevated
levels of CO;, have demonstrated a yield benefit where increased
photosynthesis is observed in food crops [9-11]. Natural genetic vari-
ation of photosynthetic capacity already exists within plant populations,
providing the potential for enhancing photosynthetic abilities through
genetic approaches. For example, Australian and Mexican wheat vari-
eties displayed a significant link between rising CO; assimilation rates
and genetic improvement in yield over successive release years, indi-
cating that breeding efforts have inadvertently favored higher rates of
photosynthesis [12,13]. Modern japonica rice varieties exhibited a
higher net CO: assimilation rate than landraces, while linkages between
photosynthetic rates and release years were not significant (Honda et al.,
2024). The natural variation found in wild and cultivated rice varieties
also offers a valuable and extensively resource for studying photosyn-
thetic performance [14-16]. Harnessing this diversity will require
effective strategies and tools to fully unlock its genetic potential.

The 3000 Rice Genome Project (3K RG project) released the se-
quences of 3000 rice genomes [17]. This dataset enables the identifi-
cation of genetic variation within known genes and its association with
phenotypic diversity, thereby allowing the genetic dissection of traits
with established phenotypic variation. What is now needed is trait

information to help assign function to unknown genes and assess how
variation at the genetic level is related to phenotypes under field con-
ditions. Collecting this phenotypic data using traditional methodologies
is labor-intensive and costly because phenotypes need to be measured in
replicated field trials, in multiple environments, and over multiple
seasons. This means that only single easy-to measure phenotypic traits
are usually studied, which has created a bottleneck in breeding for these
traits. To address this issue, scientists have developed non-destructive
‘high-throughput phenotyping” (HTP) methods [18-20]. These
methods allow significantly quicker measurement of more traits under
field conditions as compared to traditional methods. The speed of data
collection allows multiple screens which capture the whole-life cycle of
the plants, not just at single time points. Advancements in sensor tech-
nology and statistical techniques have boosted progress in enabling
high-throughput phenotyping for photosynthesis under field conditions
[21-23]. These methods now offer alternatives for measuring photo-
synthetic traits that can rapidly cover field experiments involving
several hundred accessions.

Genome-wide association studies (GWAS) are powerful tools for
identifying associations between phenotypic traits and allelic variants
across diverse varieties. Rice is particularly well-suited for GWAS due to
its abundant natural variation and the extensive sequencing data
available in the 3 KRG project. This approach has been widely applied in
rice research to uncover genetic factors influencing agronomic traits
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such as yield, stress tolerance, and metabolism [24-27]. Multiple
quantitative trait loci (QTLs) associated with photosynthesis have been
identified by GWAS, such as two QTLs associated with CO, assimilation
rate located on chromosomes 4 and 8 in temperate japonica rice vari-
eties [28]. Together with HTP approaches, GWAS offers an unprece-
dented ability to understand the genetic architecture of complex traits
such as photosynthesis. Through the comparison of a diverse range of
rice genomes, we can identify alleles present in rice grown across
various environments to dissect the genetic foundation of key mecha-
nisms in photosynthesis.

This study evaluated 318 lines representing the genetic diversity of
indica rice for 45 traits, including photosynthetic traits, leaf anatomy
traits, and agronomic traits, across three dry seasons. The correlations
between these traits and rice yield were also investigated. We performed
GWAS analyses to identify the co-location of photosynthetic traits with
other traits. By examining a large indica rice panel over multiple years
and exploring the relationship between photosynthetic capacity and
yield, this study provided valuable insights that may accelerate molec-
ular breeding for the development of high-yielding rice varieties.

2. Materials and methods
2.1. Plant growth conditions

Field experiments were conducted over three dry seasons (2016,
2017, 2019) at the International Rice Research Institute (IRRI) research
farm in Los Banos, Laguna, Philippines (14° 08’55” N, 121 ° 15°49” E).
In each of the three years, a total of 318 indica rice accessions were
screened. These accessions were specifically chosen for their ability to
flower at the IRRI research farm during the dry season. The plots were
comprised of 5 x 6 hills with a single plant per hill and spacing of 20 cm
between hills (Fig. 1). The field designs were partially replicated, and
randomizations were performed independently for each year. The
accession names and the corresponding replicates evaluated in each year
are listed in Table S1. Twenty-one-day-old rice seedlings were trans-
planted on January 16, 2016; January 29, 2017; and January 31, 2019.
At 7 days after transplanting (DAT), basal fertilizer was applied at a rate
of 35-35-35kg N-P-K ha'as a complete fertilizer. Urea was subse-
quently applied as the first topdressing at a rate of 150 kg ha~* between
18 and 24 DAT. Additionally, ammonium sulfate at 10kgha™! was
applied 8 weeks after transplanting. The plants were maintained under
favorable, irrigated conditions following IRRI’s standard procedure. In
the 2016 and 2017 experiments, potassium chloride was applied as the
second topdressing at a rate of 50 kg ha™!, also at 8 weeks after trans-
planting. The average temperatures during the 2016, 2017 and 2019
experiments were 28.25 °C, 27.5°C, 27.25°C, respectively. Corre-
spondingly, the average humidity levels were 65.25%, 68.5% and 65.5%
for the same years.

2.2. Trait data collection and processing

2.2.1. Leaf anatomy traits

Leaf anatomy traits were measured as per IRRI Genebank standards
for rice [29]. Ligule length (LIGLT), leaf blade length (LLT), and leaf
width (LWD) were measured manually at 10 weeks after transplanting.
Ligule length was measured on 5 samples per accession from the base of
the collar to the tip of the ligule of the penultimate leaf, i.e. the leaf
below the flag leaf. Leaf width was measured at the widest portion of the
penultimate leaf (i.e. highest leaf below the flag leaf) on the main culm
on five representative plants. Flag leaf length (FLT) and width (FLWD)
were manually measured on 5 representative plants per plot at 7 days
after anthesis. Culm length (CULT) was measured from ground level to
the base of the panicle on 5 plants per plot. Culm diameter (CUDI) was
measured using a digital caliper. Culm number (CUNO) was recorded as
the total number of grain-bearing and non-bearing tillers on 5 plants per
plot. Panicle number per plant (PNO) was recorded as the total number
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of panicles on 5 plants. Panicle length (PLT) and the length of the main
panicle axis were measured manually from the panicle base to the tip of
5 plants per plot at 7 days after anthesis or at full panicle exertion.

2.2.2. Leaf water potential-related traits

At booting stage in 2017 and 2019, leaves were sampled to deter-
mine the leaf water potential (LWP) by inserting one leaf into a pressure
chamber at mid-day, pressurizing the leaf using compressed Ny and
recording the minimum pressure at which outward sap flux was
observed. After LWP measurement, the leaves were immediately placed
in a plastic bag with water and brought to the laboratory where they
were fed into the LI-3100C Area Meter (LAM) connected to a laptop to
automatically record leaf area (Area), leaf length, and maximum leaf
width. Leaves were then oven-dried, and the specific leaf area (SLA) was
calculated as the ratio of leaf area (Area) to leaf dry weight (Leaf DW).

2.2.3. Photosynthesis-related traits

Gas exchange measurements were conducted between booting and
flowering stages, specifically at 51 & 55 DAT in 2016, 53 & 57 DAT in
2017, and 46 & 50 DAT in DS2019. Five plants per plot were selected
and tagged. The youngest fully expanded leaf or if the plant was in the
booting stage, the penultimate leaf, was chosen for measurement.
Instantaneous measurements of maximum photosynthesis (Photo, umol
CO, m~2 s71), stomatal conductance to water vapor (COND, mol H,0
m~2s™), intercellular CO, concentration (Ci, mmol CO, mol™!), water-
use efficiency (WUE) and transpiration (TRMMOL, mmol H20 mm 2
s 1) were conducted under ambient conditions between 08:00 h and
13:00 h. Measurements were made using a portable photosynthesis
system, LI6400XT (Li-Cor, Lincoln, NE USA) fitted with a standard
2 x 3 cm leaf chamber and a 6400-02B light source. Reference CO2 was
set to 400 umol mol~! and photosynthetic active radiation (PAR) was set
at 1500 pmol photon m~2 s™!. Leaf temperature for all measurements
was maintained at 30 °C. The relative humidity of the chamber was
maintained at 65-70% with a flow rate of 400 ymol s~. The leaf-to-air
vapor pressure deficit (VPD) was kept between 1.5 and 2.5 kPa for all
measurements. All of the data were recorded after achieving a steady
state for all gas exchange parameters.

2.2.4. Agronomic traits

The days to heading (DTH) were recorded once 80% of the plants
within the plot had flowered. Grain yield was taken from 12 hills per plot
in 2016, 2017 and 2019. Grains were dried at 40 °C for three days and
then dried for ~one month at 15%RH and 15 °C, then yield was
calculated at a 14% moisture content. In 2017, the total above-ground
biomass (biomass) from 12 hills per plot, which included panicles and
straw, was collected, dried at 40°C for three days, and then weighed. The
harvest index (HI) was determined by dividing the grain mass by the
total above-ground biomass. The growth duration (GD) was recorded on
the harvest day, while the grain filling duration (GFD) was the number
of days between heading to harvesting.

2.2.5. Stomatal density measurement

The same segment of leaf that was used for the gas exchange mea-
surement was tagged and collected a week after gas exchange mea-
surements for stomatal measurement. Leaves were placed in labeled
falcon tubes containing water. In the laboratory, the tip and base portion
of the leaf were removed, and the middle segments were fixed in tubes
containing formaldehyde-acetic acid-alcohol (FAA) solution under a
fume hood. The tubes were then placed in racks and stored at room
temperature until further processing. Clear abaxial epidermal peels were
prepared by gently scraping away the mesophyll tissue with a sharp
blade following the procedure of J. Chatterjee, et al. [30]. The under-
lying epidermal peels were mounted in water on glass slides and
examined under a 400x magnification on Olympus BX51 and Olympus
BX61 motorized microscope. Digital images were captured using an
Olympus DP71 digital image documentation system on both
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microscopes. Stomatal densities (SD) were determined from the entire
field of view in each image. Numbers of stomata (s) and epidermal cells
(e) were counted from the photomicrographs using ImageJ image pro-
cessing software (Wayne Rasband, National Institute of Health, USA).
The leaf stomatal index (SI) was estimated using the formula [s/(e +
s)]x 100.

2.2.6. High throughput phenotyping traits

Drone imaging flights were conducted weekly from approximately
20 days after transplanting until harvest using a fixed wing sensefly eBee
drone equipped with RGB (senseFly S.0.D.A.), multispectral (Parrot
Sequoia) and thermal (senseFly ThermoMAP) cameras, in combination
with a DJI Matrice M100 quadcopter equipped with RGB (DJI X3) and
five-band multispectral (MicaSense RedEdge-M) cameras. A minimum
of 6 ground control points located around the perimeter of the field were
surveyed using RTK GPS (Leica Geospatial) and used during processing
to georeference the imagery. Calibration panel images taken prior to
each flight were used for radiometric calibration of multispectral im-
agery during processing. Imagery was processed using PIX4D Mapper
Pro software with standard 3D mapping templates for RGB, multispec-
tral and thermal imagery. Processing outputs included full resolution
digital surface model (DSM) and index maps (WGS84 UTM 51 N coor-
dinate system) for each camera band.

Rectangular polygon shapefile plot maps were generated using the
fishnet tool in ArcMap and adjusted manually as needed to align with
early season imagery. The polygons were reduced in size by 20 cm on all
sides to eliminate edge effects. The plot sampling area of plots with
missing rows was further reduced to include only the planted area. Plot
level pixel data was extracted using R 3.2.2 [31] to calculate median plot
values for each camera band and the values of normalized difference
vegetation index (NDVI). Median values were used to reduce the influ-
ence of outliers associated with mixed pixels, shadows, soil background,
and other noise sources common in UAV-derived field imagery. The
calculations of NDVI and canopy temperature were conducted as
described by Tanger et al. [20]. The pixel count and standard deviation
for each camera band and a subset of indices was also computed for
evaluation of plot variability. Canopy height was measured by drone in
2017 and 2019 and calculated as the difference between median plot
DSM elevation and the pre-season mean plot DSM elevation. The data
was compiled for the entire season into a single table in csv format. The
NDVI was used to calculate the relative growth rate (RGR), which rep-
resents the difference between two time points just before the NDVI
reached its peak, divided by the number of days between these two
points. The relative senescence (SR) was calculated from the period
before the end of NDVI measurements. The measurement periods of RGR
and SR are indicated in Fig. 2.

The relative growth rate (RGR1) and the relative senescence rate
(SR) were derived from the NDVI values.

In(NDVID2) — In(NDVIDl)

1=
RGR (Day2 — Day1)

In(NDVIDl) — In(NDVIl)z)

SR = (Day2 — Day1)

Where NDVIp; and NDVIp, are the NDVI values at two different time
points, and Day 1 and Day 2 are the corresponding days.
The relative growth rate (RGR2) was derived from the HT values.

IH(Hsz) — In(HTDl)

RGR2 = (Day2 — Day1)

Where HTp; and HTp; are the HT values at two different time points,
and Day 1 and Day 2 are the corresponding days. The measurement
times for HT1 in 2016, 2017, and 2019 were 58, 50, and 48 DAT (days
after transplanting), respectively, while for HT2 they were 87, 88, and
89 DAT, respectively.
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Fig. 2. Time course of HTP traits, (A) NDVI (B) plant height (C) canopy tem-
perature, during the growing periods in 2016, 2017 and 2019. The data from
2016, 2017 and 2019 are presented in red, blue, and black. The solid lines are
the means of all accession. i, ii, iii indicate the periods for calculating relative
growth rate (RGR) in 2016, 2017 and 2019, respectively. iv, v, vi indicate the
periods for calculating relative senescence rate (SR) in 2016, 2017 and 2019,
respectively.

2.3. GWAS analysis

Genome-wide association (GWA) analysis was performed using
genome-wide efficient mixed model analysis software (GEMMA v. 0.95
alpha) [32]. The 4.8 million single nucleotide polymorphisms (SNP)
marker set downloaded from the Rice SNP-Seek database [33,34] was
merged with imputed HDRA samples [35]. Then the target subset of
samples was extracted and re-filtered for < 15% of missing data and
minor allele frequency > 3% using PLINK 1.9 [36,37]. After removing
highly correlated SNPs via LD (linkage disequilibrium) pruning with r?
= 0.98 using the PLINK command “-indep-pairwise 15 kb 1 0.8”, the
final data set of 1008345 SNPs was used for GWAS. Additionally, we
generated a second LD pruned dataset with more stringent criteria (r* =
0.6) for kinship and PCA calculation. The kinship matrix and principal
components (PC) were computed using GEMMA command “-gk 1” and
PLINK “-pca”, respectively.

Mixed linear model (MLM) analysis with kinship matrix and prin-
cipal components as fixed effect covariates was performed. The optimal
number of principal components was determined by testing associations
between PCs and phenotypes, and was set to 7 for most traits. Signifi-
cance thresholds were calculated according to [38,39]. The estimated
effective number of independent tests was 52,319, which corresponds,
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Table 1
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Significant correlations between photosynthetic rate (Photo), stomatal density (SD), and grain yield with other measured traits in 2016, 2017, and 2019. * indicates
significant correlations (p-value <0.05). Background color indicates correlation strength: close to 1 in dark green, close to 0 in white, and close to —1 in dark red.
Measurements that were not conducted in a given season are represented as NA with a gray background.

Trait 2016 2017 2019
Cond | 0.6205° 04836  0.4063
Trmmol | 0.5982* 04387  0.5154*
WUE -0.0055  0.2112*  0.1548*
SD 0.1744* 01034  0.2474*
Photo vs CULT -0.256*  -0.0864 -
LLT -0.2276*  -0.0776
Grain_Yield 0.0853  0.1539*  0.2055"
BloMAss  [NARN o.1177* [NARE
DTH -0.0069  0.112*  0.0668
Cond 0.1636*  0.028  0.2436"
Trmmol 0.1887* -0.0412 0.1559*
sl 0.1939*
cupl 0.2691*  0.1579*
CULT [ -05783* | -0.2032*
CUNO -0.0617  -0.2196*
LLT -0.4024*  -0.1095
LWD 0.2361*  0.0325
PNO -0.2208*
SDvs FLLT -0.1948"
FLWD 0.1747*
DTH 0.0442  0.2696*  0.1316*
GD 0.3081*
BIOMASS 0.2825*
Grain_Yield 0.2833*  0.179*  0.1905*
Area 0.1888*  0.0209
SLA 0.0274  -0.1388*
leaf. DW 0.2545*  0.0879*
Cond 0.086  0.1261*  0.1986*
Trmmol 0.0401  0.1977*  0.1301*
CUNO -0.1521*  0.0191
CuLT -0.018  -0.257*
LIGLT 0.1686*  -0.02
LLT 0.1212*  -0.16
LWD 0.2361*  0.0229
o PLT 0.2723*
Grain Yield vs FLLT 0.2368*
FLWD 0.2692*
DTH 0.2645*  0.0143  0.0539
GFD -0.1254*
BIOMASS 0.4403*
HI 0.5796*
Average_Width 0.1644* 0.1898*
LWP 0.0011  0.1272*

via a Bonferroni-Sidak style correction for nominal significance level
alpha= 0.05, to a cutoff of —log10(p) at 6.01, which was taken as the
conservative genome-wide significance level. In addition to this (still
conservative) genome-wide significance threshold, to increase sensi-
tivity we employed a suggestive threshold of -log10(p) = 5 as is common

in rice GWAS studies. To determine GWAS peak (QTL) extent around
each genome-wide significant SNP, we used LD clumping implemented
in the PLINK “1.9 —clump” command (with settings r2 = 0.5 and
p2 = 0.001). Overlapping LD clumps were merged to obtain a final list
of QTLs. For haplotype analyses, SNPs in the region of identified loci
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were downloaded from the Rice SNP-Seek Database (https://snp-seek.
irri.org). Haplotype groups were defined by merging haplotypes with
small genetic distance using hierarchical clustering in R. Association
between haplotype groups and phenotypes was tested with the Im()
function using both original phenotype values and residuals from pop-
ulation structure adjustment. The post-GWAS/QTL analysis was con-
ducted to examine the QTLs associated with target traits and to provide
insights into the potential functions of genes within the QTL regions.
Coexpression network analysis was performed using RicePilaf with the
RiceNet V2 dataset [40,41], and modules were detected using the
ClusterOne algorithm [42].

2.4. Correlation analysis and three penalized regression models

Correlation analysis was performed in R 4.3.3 [43] using the package
“corrplot” [44]. Additive main effects and multiplicative interactions
(AMMI) analysis was conducted using agricolae package (v. 1.3.5) [45,
46]. For prediction of photosynthetic traits from HTP indices (NDVI, HT
for 2016 and NDVI, HT, CT for 2017, 2019), the plot-level values were
averaged per genotype. Three penalized regression models were Lasso,
Ridge Regression, and Elastic Net with mixing coefficient a = 0.5 using
R package "glmnet" [47]. For each model, the penalty parameter A was
optimized using a repeated 10-fold cross-validation procedure (2 re-
peats) using R package "tidymodels" and "tune" [48,49] across loga-
rithmically spaced grid from 10~*° to 101, The model minimizing the
root mean square error (RMSE) averaged across the 20 assessment folds
was selected.The predicted values across the 20 assessment folds were
used to create scatterplots of predicted vs actual trait values.

3. Results
3.1. Variations and correlations of phenotypes

To investigate genetic variation in the relationships between rice
photosynthesis, agronomy, leaf morphology, and indices collected by
HTP, a panel of 318 indica accessions (Table S1) was evaluated during
the dry seasons of 2016, 2017, and 2019. The exact numbers of acces-
sions measured for each trait varied in different years due to time and
labor constraints (Table S2). The average temperature in 2016 (28.3C)
was higher than in 2017 (27.5°C) and 2019 (27.3C), and the humidity in
2017 (69.5%RH) was higher than in 2016 (65.3% RH) and 2019 (63.5%
RH) (Fig. 1). Most of traits showed strong correlation coefficients across
years, suggesting that genetics played a more significant role in con-
trolling these traits than environmental factors (Table S3).

The photosynthetic traits exhibited significant correlations with each
other in all three years (Table 1 and Figure S1). The photosynthetic rate
(PHOTO) exhibited significantly positive correlations with stomatal
conductance (COND) and transpiration rate (TRMMOL), while demon-
strating a negative correlation with water use efficiency (WUE). In
addition, the photosynthetic rate (PHOTO) was positively correlated
with grain yield and biomass but negatively correlated with leaf blade
length (LLT) and culm length (CULT). Stomatal density (SD) showed
significant positive correlations with photosynthetic traits, including
PHOTO, COND and TRMMOL and some agronomic traits that included
Grain Yield, days to heading (DTH), growth duration (GD), and Biomass
(Table 1; Tables S4-5S6). Negative correlations were observed between
stomatal density (SD) with leaf morphology and plant growth traits,
including LLT, flag leaf length (FLLT), CULT, culm number (CUNO), and
panicle number (PNO). Grain yield showed a strong positive correlation
with harvest index (HI) and biomass, as well as positive correlations
with several leaf and panicle morphology traits such as LWD, LIGLT,
FLLT, FLWD, and PLT (Table 1). Days to heading (DTH) exhibited pos-
itive correlations with PHOTO, SD and grain yield (Table 1; Tables S4-
S6). DTH also showed positive correlations with leaf and panicle
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morphology traits (LLT, LWD, LIGLT, FLLT, FLWD, CULT, PLT). On the
other hand, grain filling duration (GFD) showed negative correlations
with biomass and DTH.

The high throughput phenotyping (HTP) traits, including NDVI and
plant height (HT), were collected across all three years, while canopy
temperature (CT) data were only collected in 2017 and 2019 (Fig. 2).
The NDVI values showed an increase until approximately 50 days after
transplanting (DAT), while HT continued to increase until around 80
(DAT), and these trends were consistent across all three years. Addi-
tionally, canopy temperature exhibited relatively more stable values in
2019 compared to 2017. The correlation analysis across the growing
period showed that NDVI values were negatively correlated with
PHOTO, COND and Tmmol at early stages across the three years (Fig. 3).
However, the correlation between NDVI and WUE varied across years:
the correlations were positive for most time points in 2016, remained
consistently but weakly positive in 2017, and were nearly absent in 2019
(Fig. 3). Days to heading (DTH) was positively correlated with NDVI at
later growth stages when the NDVI was decreasing, and grain yield was
positively correlated with NDVI at around 50-60 days after trans-
planting when the NDVI was highest (Figure S2). NDVI at the late
growth period was positively correlated with leaf and panicle
morphology traits (CULT and LLT), leaf blade length (LWD), panicle
length (PLT), and FLLT, but negatively correlated with PNO and CUNO
in 2016 and 2017 (Figure S2). The correlation analysis of the NDVI
relative growth rate (RGR1) and NDVI relative senescence rate (SR)
showed that DTH was positively correlated with RGR1, but negatively
with SR in all three years. SR was highly correlated among the three
years, but not for RGR1 (Table S7).

The canopy height (HT) drone-based measurements exhibited a high
positive correlation with NDVI values measured on similar dates (Fig. 3;
Tables S4-S6). The HT was also positively correlated with RGR2 and
DTH. In addition, RGR2 was more strongly correlated with leaf
morphology traits as compared with RGR1. RGR2 was significantly
positively correlated with SD in 2017 and 2019. The canopy tempera-
ture (CT) was negatively correlated with NDVI, HT, COND, and grain
yield, but positively correlative with DTH, GD, RGR1, RGR2, and
PHOTO in the early growth period (Fig. 3; Tables S5-S6). In the late
growth period (after 60 DAT), the CT was negatively correlated with
PHOTO, COND, DTH, GD, BIOMASS, Grain Yield, NDVI, and HT, but
positively correlated with SR (Table S8). CT was significantly negatively
correlated with SD at most measurement times in both 2017 and 2019.

The principal component analysis (PCA) showed that traits with
strong correlations clustered closely together (Figure S3). For example,
PHOTO, Trmmol, and COND grouped tightly and were positioned near
SD. NDVI measurements also formed two distinct clusters, separating
early stage observations (before 50 DAT) from later stage measurements
(after 60 DAT) consistently across all three experimental years. The
AMMI biplots further revealed clear genotype x year interaction pat-
terns across traits (Figure S4). PHOTO, COND, and Trmmol exhibited
strong and similarly oriented interaction structures, indicating that gas
exchange traits were highly responsive to interannual environmental
variation, particularly in 2017 (Figure S4A—C). In contrast, WUE showed
weak interactions, with most genotypes clustering near the origin, while
SD displayed minimal GxE effects, as evidenced by tight genotype
clustering along IPCA1 and short, similarly oriented year vectors
(Figure S4D-E). Grain yield demonstrated the strongest GxE in-
teractions among all traits, with broad genotype dispersion and clearly
separated year vectors, reflecting the cumulative impact of environ-
mental variation on final productivity (Figure S4F).

To test the predictive capacity of the HTP derived vegetative indices
(NDVI, HT, CT) on five photosynthetic traits, we ran three penalized
regression models: Lasso, Ridge Regression (RR), and Elastic Net (EN)
for each trait-year combination. The EN model was set up with mixing
coefficient alpha= 0.5 interpolating equally between RR and Lasso
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Fig. 3. Correlations plot of traits measured in (A) 2016, (B) 2017, and (C) 2019. The NDVI20-NDVI89 represent NDVI measured at 28-89 days after transplanting
(DAT). HT and CT were measured at corresponding DAT intervals. The matrix displays colors indicating correlation strength and direction, with deep blue for strong
positives and deep red for strong negatives. Significant correlations (P < 0.05) are marked with an asterisk (*); non-significant correlations are left blank. Corre-
lations were calculated using pairwise complete observations. Traits include photosynthetic rate (Photo), stomatal conductance (Cond), transpiration rate (Trmmol),

water use efficiency (WUE), stomatal density (SD), and stomatal index (SI).

penalties. Fig. 4 shows the average cross-validation R squared value for
each year and trait, representing an estimate of predictive capacity on
unseen data. Predictive capacity had a strong effect of year (2016 had
higher R? values across traits compared to the other two years) and by
trait, ranging from 7.3% (WUE 2019) to 44.3% (SD 2016). As for indi-
vidual genotype predictions, the range of out-of-fold predicted values for
SD was consistently narrower than that of observed values (Fig. $26). All
three models reported similar average R? values with relatively little
variation across years.

Seventeen accessions that were ranked in the Top 30 for photosyn-
thetic rate in two or three years also exhibited correspondingly high
stomatal conductance and transpiration rates (Table 2). Conversely,
these same high-photosynthesis accessions demonstrated a trade-off in
the form of diminished water use efficiencies. Several among those 17
accessions exhibited elevated stomatal densities and correspondingly
achieved higher grain yield (Table 3). However, the plant height of these
17 accessions, whether measured manually (PH) or via drone mea-
surements (HT), generally tended to be shorter (Table 3).
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Fig. 4. Cross-validation R squared of the 3 penalized regression models (Lasso, Ridge Regression (RR), Elastic Net (EN)).

WUE

3.2. GWAS analysis The panel contains accessions from all 4 indica subgroups defined in

Wang et al. (2018) at K= 9, representing a subset of global indica

The diverse range of phenotypic traits in this indica panel presents a variation. The first two principal components effectively separate the

valuable opportunity for performing a genome-wide association study known subgroups (ind14, ind1B, and ind2), while also revealing the

(GWAS) aimed at identifying genetic markers linked to multiple traits. prevalence of admixed individuals within the indica group. These
Table 2

Photosynthetic trait values (ranked in brackets) for 17 selected accessions. These 17 accessions ranked in the top 30 for at least 2 out of 3 years for photosynthetic rate
(Photo). NA: No Data.

Trait Photo Photo Photo Cond Cond Cond Trmmol Trmmol Trmmol WUE WUE WUE

Accession Year 2016 2017 2019 2016 2017 2019 2016 2017 2019 2016 2017 2019
ARIANA::GERVEX 396-C1 NA 34.9(3) 35.6 (9) NA 1.05 1.52 NA 12.3 (85) 16.9 (2) NA 2.83 2.10
(94) @ (45) (306)

C 662083::IRGC 62101-1 25.0 29.8 34.5 0.85 1.30 0.87 9.6 12.6 (76)  12.2(49) 2.61 2.36 2.81
13) 27) (10) 77) (25) (113) 117) 13) (156) (131)

CN 44-40-7::IRGC 24.84 22 33.3 1.17 1(113) 0.98 14.7 (3) 12 (96) 11.9 (65) 1.69 1.83 2.81
45368-1 (15) (264) (21) 14) (58) (178) (282) (132)
CT 9506-18-7-1T-2::IRGC 26.0 (7) 30.7 34.3 0.83 0.67 0.94 10.1 8.3(290) 13.1(29) 2.58 3.7 (2) 2.65
116973-1 a7 (10) (83) (288) 77) 99) a7) (174)
DA GANG ZHAN:IRGC NA 30.1 33.2 NA 1.08 0.68 NA 11.3 10.4 NA 2.67 3.19
67103-1 (23) (21) (85) (216) (126) (160) (72) (57)
FACAGRO 64::IRGC 30.1 (1) 31.2 30.9 1.23 0.83 0.72 13.9(7) 11.4 12.0 (61) 2.17 2.73 2.57
82059-1 an (69) (O] (199) (197) (123) (89) (64) (204)
IR 19058-107-1::IRGC 27.3(3) 31(15) 32.3 1.06 0.97 1.00 12.8 14.6 (23) 13.8(15) 2.13 2.13 2.34
72997-1 (35) (36) (132) 54) (20) 99) (220) (269)
IR 77298-14-1-2-10::G1 26.2 (6) 30.6 28 1.07 1.09 1.37 12.6 13.8(39) 13.4(18) 2.24 2.21 2.24
(18) 171) (35) (81) @ (25) 71) (193) (284)

IRGA 411-1-6-1F-A::IRGC 24.0 31.2 34.2 1.21 1.21 1.23 13.3 13.6 (49) 13.5(16) 1.81 2.29 2.52
117344-1 27) 12) (10) (12) (40) an (19) (158) (180) (213)

J 6 1R 520 (WC 693)::IRGC 24.3 25.6 33.1 1.03 0.67 0.96 11.5 9.8(216) 11.6 (78) 2.10 2.62 2.85
57600-1 (22) (137) (22) (41) (286) 64) (46) (104) (78) (120)
KH 998::IRGC 16948-2 23.9 30.6 28.3 1.37 1.81 1.76 13.8 (8) 15.5(14) 14.9 (9) 1.74 1.97 1.92
(30) 21 (159) (€)) (@))] (€))] 171) (246) (303)

MALAGASY::IRGC 24.8 30.4 29.0 1.15 0.92 0.95 13.7 10.4 12.3 (43) 1.81 2.92 2.37
69717-1 a7 (22) (127) (20) (161) (64) (10) (168) (160) [€2))] (258)
SACHI::IRGC 46612-2 21.8 29.6 35.3(9) 1.04 1.27 0.74 12.0 12.4 (80) 10.2 1.82 2.39 3.46
94) (29) (38) 27) (178) (36) (166) (157) (149) (26)

WAS 173-B-B-6-2-2::C1 26.7 (5) 31.1 31.5 1.08 1.01 1.11 12.0 179 (1) 12.1 (52) 2.24 1.74 2.60
13) (44) (31) (108) (25) (34) (69) (297) (189)

WAS 21-B-B-20-4-3-3::C1 24.8 26.2 33.4 0.73 0.56 1.10 11.4 8.6 (278)  12.1 (50) 2.18 3.03 2.77
(16) (113) (16) (127) (317) (28) (51) 87) (25) (135)

WAS 174-B-3-5::C1 24.6 30.8 32.3 0.88 1.2 0.87 10.9 14.2 (30) 9.7 (191) 2.25 2.17 3.32
(18) (16) 31) (65) (44) (102) (61) (63) (209) (44)

WAS 199-B-1-2-1::C1 22.7 32.9(6) 33.5 0.84 0.94 1.09 10.5 11.7 16.4 (2) 2.16 2.82 2.04
(61) 13) (82) (146) (28) (75) (114) 93) (52) (295)
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Stomatal and agronomy traits (ranked in brackets) for 17 Selected accessions. These 17 accessions ranked in the top 30 for at least 2 out of 3 years for photosynthetic

rate. NA: No Data.

Trait SD SD SD SI BIOMASS Grain_Yield  Grain_Yield Grain_Yield PH
Accession Year 2016 2017 2019 2019 2017 2016 2017 2019 2019
ARIANA::GERVEX 396-C1 NA NA NA NA 1371.4 (38) 384.2 (168) 457.5 (87) 336 (66) 124.2 (77)
C 662083::IRGC 62101-1 626.9 (29) 515.3 (38) NA NA 897 (233) 399.8 (154) 413.9 (134) 126.8 (267) 120.3
(100)
CN 44-40-7::IRGC 45368-1 595.2 (53) 497 (48) 527.0 (42) 0.28 622.5 (304) 337.5(231) NA 280.2 (110) 77.5 (288)
(231)
CT 9506-18-7-1T-2::IRGC 615.6 (35) NA 424.7 0.29 1139.4 411.9 (139) 516.7 (32) 236.7 (159)  95.2 (214)
116973-1 (184) (204) (114)
DA GANG ZHAN::IRGC 67103-1 NA NA 458.0 0.32 1029.4 322.0 (243) 337.2 (219) 271.7 (120) 74 (300)
(134) (108) (163)
FACAGRO 64:IRGC 82059-1 421.5 448.3 (86) 467.4 0.31 996.3 (184) 308.3 (253) 351.1 (206) 87.2 (292) 96 (213)
(176) (119) (141)
IR 19058-107-1::IRGC 72997-1 533.9 (96) 528.4(35) 544.0 (31) 0.29 1045.7 442.7 (94) 525.8 (30) 599.5 (1) 100 (203)
(206) (153)
IR 77298-14-1-2-10::G1 565.3 (74) 287.3 488.3 (80) 0.29 1284.8 (49) 371.6 (187) 541.8 (22) 274.3 (117) 108.8
(164) (217) (161)
IRGA 411-1-6-1F-A:IRGC 625.4 (31) NA 495.0 (68)  0.34 (40) 1056.3 406.7 (149) 496 (49) 241.3 (153) 103.7
117344-1 (151) (183)
J 6 IR 520 (WC 693)::IRGC 622.1 (33) NA NA NA 1005.5 403.5 (151) 486.1 (57) 280.4 (108) 87.1 (245)
57600-1 (179)
KH 998::IRGC 16948-2 696.9 (7) 470.7 (65) 616.4 (3) 0.28 1498.6 (17) 343.5 (225) 594.5 (11) 280.4 (109) 116.1
(225) (125)
MALAGASY::IRGC 69717-1 573.3 (68) NA NA NA 883.6 (239) 559.1 (15) 266.4 (275) 80.6 (296) 107 (173)
SACHI::IRGC 46612-2 487.5 447 (88) 491.0 (70) 0.32 1241.5 (64) 353.6 (215) 505.4 (45) 284.4 (105) 81 (278)
(126) (107)
WAS 173-B-B-6-2-2::C1 579.4 (64) 534 (30) 572.0 (11) 0.37 (5) 1238 (67) 464.5 (72) 466.4 (77) 321.1 (77) 107 (134)
WAS 21-B-B-20-4-3-3::C1 602.8 (47)  521.1 (36) NA NA 1174.8 (97) 498.9 (47) 518.4 (31) 430.2 (12) 111.8
(147)
WAS 174-B-3-5::C1 603.3 (46) 638.5 (2) NA NA 1221.3 (73) 440.1 (69) 537.5 (25) 505.1 (4) 135.5 (28)
WAS 199-B-1-2-1::C1 763.6 (1) 608.2 (8) 478.2(93)  0.35(32) 1374.3 (37) 473.1 (93) 655.4 (4) 378.9 (33) 56 (247)

admixed accessions, labeled as "indx", occupy intermediate positions
between the main indica subgroups on the PCA plot, reflecting their
mixed genetic backgrounds (Figure S5). Significantly associated SNPs,
indicated by a threshold of -logio (P) > 5 and deviation from the ex-
pected values of -logjp (P) in the quantile-quantile plots (Q-Q), are
considered to be associated with the traits (Figures S6-525). QTLs were
defined based on adjacent significantly associated SNPs within one
estimated linkage disequilibrium (LD) block. The numbers of QTLs on
each chromosome for each trait in the three years are listed in Table S9.

The majority of QTLs linked to photosynthetic traits were identified
in a single year, with the exception of qTRMMOL-2-2 on Chr2 at
29.42-29.6 Mb, which was observed in both 2017 and 2019 (Table 4;
Fig. 5). To identify recombinant genotypes of the photosynthesis-related
QTLs and narrow down the list of loci of interest, we analyzed haplotype
variation based on non-synonymous SNPs within the coding sequences
(CDS) of non-transposable element (non-TE) genes located in the QTL
regions. One candidate gene, LOC_0s02g48210, encoding a lectin-like
protein kinase, was identified at qTRMMOL-2-2 as having three hap-
lotypes with variation in transpiration rate (TRMMOL) (Fig. 6). In the
2017 data, Haplotype 1 (n = 41) was associated with a lower TRMMOL.
Another candidate gene, LOC_Os04g32920, encoding a potassium
transporter, was identified at gTRMMOL-4-1 as having two haplotypes
associated (Fig. 7). In the 2016 data, Haplotype 1 (n = 176) was asso-
ciated with lower transpiration rates compared to Haplotype 2 (n = 11).
Among the 19 PHOTO QTLs, gPHOTO-1-2 (on Chr1 from 14.61 to 15.1)
was found to contain haplotypes associated with variation in photo-
synthetic rate within the gene region of LOC_0s01g26210, which en-
codes an OsWAK receptor-like protein kinase (OsWAK®6). Haplotype 1
(n =156) was associated with a lower photosynthetic rate, while
Haplotype 2 (n = 47), which carries a missense SNP, was associated
with a higher photosynthetic rate (Fig. 8). The haplotype analysis of
gPHOTO-associated QTLs showed that many of the 17 high-
photosynthesis accessions belonged to haplotype groups associated
with higher photosynthetic performance across multiple gPHOTO loci
(Fig. 9).

The NDVI relative growth rates (RGR1) in 2017 exhibited the highest
number of QTLs, totaling 44 (Table S9). The QTLs qRGR1-11-2 and
gqSR-1-1 were also detected in both 2016 and 2017 (Table S10). Sto-
matal density (SD) had only a few QTLs, including one QTL in 2016 and
four QTLs in 2019, while no QTLs were detected in 2017. The most
significant SNPs (-log1¢ (P) > 10) were found for the traits 2016 CULT,
2019 DTH, and 2016 LSEN. The QTLs for CULT detected in both 2016
and 2017 were qCULT-1-2, qCULT-1-4, qCULT-1-5, qCULT-1-6,
qCULT-3-1, and qCULT-11-2. The QTL of qLLT-4-1 was detected on Chr
4 at 15.8-16.0 Mb in both 2016 and 2017. The QTLs for DTH detected in
both 2016 and 2019 included gDTH-1-4 and qDTH-4-1 (Table S10).
GWAS analysis for plant height measured by drone was conducted at
two time points: one at the middle of the growing stage (HT1) and
another at the end of the growing stage (HT2). Several QTLs for HT2
were simultaneously detected, including qHT2-1-3 and qHT2-1-4 for
all three years, qHT2-1-6 for 2016 and 2017, and qHT2-7-2 for 2017
and 2019 (Table S10). The canopy temperature (CT) measured by drone
at 50 and 48 DAT was used for GWAS analysis in 2017 and 2019,
respectively. QTLs for CT didn’t co-locate between the two years.

Many QTL regions co-located for different traits (Table S11). The
regions of QTLs for different photosynthetic traits overlapped, such as
qWUE-2-1/ qTRMMOL-2-1/qTRMMOL-2-2, qCOND-3-1/qTRMMOL-
3-1, and qPHOTO-4-1/qCOND-4-2/qTRMMOL-4-1. The regions of
qPHOTO-11-4/ qSR-11-1 also co-located at 23Mb on Chrll
(Table S11). Furthermore, the QTL regions for several leaf and panicle
morphology traits overlapped, including qCUNO and qPNO (qCUNO-
1-1/PNO-1-1, qCUNO-2-1/gqPNO-2-1, qCUNO-5-1/gPNO-5-1,
qCUNO-9-1/qPNO-9-1, qCUNO-12-1/qPNO-12-1), qCULT and qLLT
(qCULT-1-6/qLLT-1-1, qCULT-1-9/qLLT-1-2, qCULT-1-10/qLLT-1-3),
qFLLT&QLLT F(qQFLLT-5-1/qLLT-5-1, qFLLT-7-2/qLLT-7-6/qFLLT-
7-3), QFLWD and qLWD (qQFLWD-4-1/qLWD-4-1, QFLWD-12-1&qLWD-
12-1), and qLLT and qCUNO (qLLT-7-4/qCUNO-7-4, qLLT-7-2/
qCUNO-7-3& qLLT-7-3/qCUNO-7-4, qLLT-7-4/qCUNO-7-4/qLLT-
7-5). The QTL regions for qSD-1-2 overlapped with the QTL for canopy
temperature (qCT-1-3) and other HTP traits (qHT1-1-1, qHT1-1-2,
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The QTL detected in the GWAS analysis for photosynthetic traits and candidate genes.

Trait QTL Year CHR Peak SNP Interval (Mb) No. of SNPs P-value of peak SNP Candidate genes
Photo qPHOTO-1-1 2016 1 12366132 A G 12.3-12.4 50 2.55E-06 CRS2
qPHOTO-1-2 2016 1 14856712 G_A 14.61-15.1 104 3.74E-06 OsRboh, OsWAK5-9, OsRLCK35, OsPDH
qPHOTO-1-3 2016 1 16262685 C.T 15.77-16.74 229 1.11E-06
qPHOTO-1-4 2016 1 17338618 C.T 17.1-17.59 225 5.82E-06 EDM2, PSBO1
qPHOTO-1-5 2016 1 17921664 C_ A 17.67-18.15 164 7.48E-06 LOC_0s01g32780
qPHOTO-2-1 2017 2 2034633 C.T 2.03-2.04 8 1.46E-07
qPHOTO-3-1 2016 3 6062135 A T 6.06-6.07 8 1.83E-06
qPHOTO-3-2 2016 3 27203929 A_C 27.16-27.21 7 6.09E-06
qPHOTO-4-1 2016 4 19877800_T_C 19.76-19.88 3 8.06E-06
qPHOTO-4-2 2017 4 31904961 G_C 31.9-31.9 1 6.07E-06
qPHOTO-6-1 2016 6 18371798 C.T 18.37-18.37 1 5.40E-06
qPHOTO-11-1 2016 11 8055672 C_.T 7.89-8.2 32 8.78E-06
qPHOTO-11-2 2016 11 8472248 AT 8.22-8.61 6 8.08E-06
qPHOTO-11-3 2017 11 19011314 G A 18.77-19.26 164 1.86E-06
gqPHOTO-11-4 2016 11 23138391.C.T 23.07-23.25 64 9.08E-07
qPHOTO-12-1 2019 12 21246404 G A 21.1-21.45 4 1.46E-06
qPHOTO-12-2 2019 12 21599413 G A 21.52-21.65 4 2.38E-06 OsAPRL6
qPHOTO-12-3 2019 12 21751486_G A 21.67-21.76 31 6.51E-07
qPHOTO-12-4 2016 12 21904870 G_A 21.82-21.91 17 7.51E-06
Cond qCOND-1-1 2017 1 31957100 C_.T 31.71-32.2 82 1.36E-06
qCOND-2-1 2019 2 32339094_C_T 32.34-32.34 2 1.15E-06
qCOND-2-2 2019 2 32373789.AG 32.37-32.37 1 9.62E-08
qCOND-3-1 2016 3 4421723 T A 4.4-4.42 6 3.44E-07
qCOND-4-1 2019 4 12290635_G_A 12.08-12.54 203 7.73E-06
qCOND-4-2 2016 4 19912440 A G 19.83-19.96 55 1.80E-06
qCOND-4-3 2016 4 20220278 A_G 19.98-20.33 461 4.06E-08 QSada4-2; qSaba4-2 [50]
qCOND-9-1 2016 9 15510718 A_G 15.5-15.53 3 8.96E-07 CSLC2
WUE qWUE-2-1 2019 2 29412839.T C 29.31-29.48 148 1.47E-06
qQWUE-5-1 2017 5 19326508 A_G 19.15-19.33 5 9.26E-06
qWUE-8-1 2019 8 20948303_C_T 20.95-20.98 4 2.29E-06
qWUE-11-1 2016 11 23943110 G.T 23.71-24.12 29 4.61E-06
Trmmol qTRMMOL-2-1 2017 2 29142119.CT 29.14-29.27 10 9.17E-06 OsMDHAR4
qTRMMOL-2-2 2017 2 29427275 C.T 29.42-29.6 23 3.91E-07 OsPFP1al
qTRMMOL-2-2 2019 2 29477881 AT 29.41-29.51 42 5.13E-06
qTRMMOL-3-1 2016 3 4421723 T A 4.4-4.44 15 1.08E-07
qTRMMOL-3-2 2017 3 15114456_G_A 14.99-15.21 5 5.48E-06
qTRMMOL-4-1 2016 4 19912440_A_G 19.84-20.36 520 5.36E-07 OsHAK1
qTRMMOL-4-2 2016 4 20886714 C_T 20.74-20.89 3 3.34E-06
qTRMMOL-9-1 2016 9 20596686 _C_T 20.59-20.71 36 5.95E-06
qTRMMOL-12-1 2017 12 16504332_T C 16.49-16.54 48 9.11E-06

qHT2-1-2, qRGR1-1-3, qDTH-1-1) at 32.3-34.8 Mb on Chrl. The QTLs
for SI overlapped with QTLs for RGR on Chr4 (QRGR1-4-5/qSI-4-1),
and QTL for Leaf DW on Chr7 (qSI-7-2/qLeaf DW7-1). Multiple QTLs
overlapped within specific genomic regions, including 37.1-38.1 Mb
(gDTH, qCULT, qRGR, qHT1) and 38.2-39.6 Mb (qDTH, qCULT, qHT1,
qLLT, qHT2, gSD) on Chrl, and 0.3-0.6 Mb (qCT, qRGR, qHI) and
15.8-16.0 Mb (qDTH, qHI, qHT2, qLLT, qLeaf DW, qCULT, qPLT) on
Chr4.

Coexpression network analysis was performed to examine the po-
tential functions of genes within the QTL regions of each chromosome
using RicePilaf. One region with multiple overlapping QTLs on Chrl
38.2-39.6 (qDTH, qCULT, qHT1, qLLT, qHT2, qSD) was found in three
gene modules to be significantly enriched. Two of these modules were
enriched in gene ontology categories related to nitrogen utilization,
indicating a potential functional link between this genomic region and
nitrogen metabolism. For the region of qPHOTO-11-4/ qSR-11-1 on
Chrll 23.0-23.2 Mb, it was found that out of 2608 total network
modules evaluated, 10 modules were significantly enriched (adjusted p-
value < 0.05) with genes from this QTL region. The most significantly
enriched module (Module 1423) was annotated with the Trait Ontology
(TO) term “abiotic stress.” This module comprised six genes, including
one gene previously implicated by GWAS/QTL analyses. The second
most enriched module was also associated with “abiotic stress” and
additionally enriched in the KEGG pathway “Sphingolipid metabolism,”
suggesting possible links to stress adaptation mechanisms. The third
enriched module was characterized by the gene ontology term “ADP
binding,” primarily driven by the presence of the gene LOC_0s03g38240
within the module. The fourth module showed enrichment in KEGG
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pathways related to “MAPK signaling pathway,” “Plant hormone signal
transduction,” and “Plant-pathogen interaction,” suggesting broader
roles in stress and defense responses. Additionally, the sixth module
contained LOC_0Os11g39000, encoding the transcription factor ILI2, and
was enriched in KEGG pathways including “Starch and sucrose meta-
bolism,” “Steroid biosynthesis,” and “Plant-pathogen interaction.” These
findings indicate that this QTL region on chromosome 11 may be
involved in multiple stress response and metabolic processes, including
abiotic stress tolerance, lipid signaling, hormone regulation, and path-
ogen defense.

4. Discussion

Understanding natural variation in photosynthetic capacity and its
associated traits is essential for advancing rice improvement under
increasingly variable climates. Across three field seasons, we observed
substantial phenotypic diversity within an indica diversity panel,
spanning photosynthetic, stomatal, morphological, and agronomic
traits. For example, stomatal conductance varied three- to fivefold
among accessions, while leaf photosynthesis rates showed less variation
(Table S2). While these results validate the approach of using diversity
panels to mine natural variation in photosynthesis, they also highlight
the challenge of dissecting its underlying physiology. The relatively
weak correlation between leaf photosynthesis rates and most anatomical
and functional traits measured in our study underscores the complexity
of photosynthesis as a dynamic trait which depends on interactions
among multiple functional, anatomical, and biochemical traits, as well
as trait-trait interactions and environmental influences (Tables S4-S6).
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Fig. 5. Manhattan plots of GWAS results for photosynthetic traits in three years. (A) instantaneous measurements of maximum photosynthesis (Photo). (B) stomatal
conductance to water vapor (Cond). (C) water-use efficiency (WUE). (D) transpiration (Trmmol).

The limited number of QTLs consistently detected across environ-
ments likely reflects the strong environmental sensitivity and pheno-
typic plasticity of photosynthesis-related traits under field conditions,
rather than insufficient statistical power. Year-to-year variation in
climate and phenology, together with partially replicated field trials,
reduces the likelihood of identifying stable QTLs across environments,
such that only a small subset—such as qTRMMOL-2-2—represents
genetically stable loci. Given this complexity, integrating genetic ana-
lyses with physiological phenotyping provides a more informative
framework for dissecting variation in photosynthetic performance. By
combining haplotype analysis with multi-year field phenotyping, we
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identified accessions that consistently performed well across multiple
photosynthesis-related loci. In particular, FACAGRO 64, a heat-tolerant
indica line [51], carried favorable haplotypes at all gPHOTO regions
(Fig. 9), highlighting it as a potential donor for improving photosyn-
thetic efficiency. These results suggest that the genetic determinants of
photosynthesis are partly conserved across environments, enabling the
identification of elite haplotypes with broad breeding utility.

Our study also provides evidence addressing the long-standing dis-
cussion over whether leaf-level photosynthesis rates are associated with
grain yields [3,11,52]. Previous studies have also found that rice
photosynthesis positively correlates with grain yield and biomass, and
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of LOC_0s02g48210 gene at gTRMMOL-2-2. (B) Boxplots for transpiration rate
(Trmmol) 2016 based on haplotypes for gTRMMOL-2-2.

several QTLs associated with leaf photosynthetic rate have been iden-
tified [3,53-55]. Consistent with these findings, our multi-trait, multi--
year dataset showed robust positive correlations between
photosynthetic rate, stomatal conductance, transpiration rate, water use
efficiency, stomatal density, biomass, and grain yield (Table 1). Acces-
sions with higher photosynthetic capacity generally exhibited greater
gas-exchange activity and increased grain production. Positive correla-
tions between stomatal density (SD) and grain yield further supports the
conclusion that higher SD was associated with increased stomatal
conductance, higher photosynthetic rates, and improved yield. Previous
studies have also reported that stomatal conductance was positively
correlated with SD and yield [13,56,57], as was in this study. Our results
also showed that SD was negatively correlated with plant height, leaf
length, and culm length (Fig. 3), suggesting that accessions with higher
stomatal density may exhibit reduced vegetative growth and more
compact plant architecture. These results were confirmed in several
accessions which consistently ranked in the top 30 for photosynthetic
rate over two or more years; they also showed elevated stomatal den-
sities and produced higher grain yields but tended to have shorter plant
height (Table 2). This supports the idea that modifying stomatal traits
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Fig. 7. Haplotype analyses of the LOC_0s04g32920 candidate gene at
qTRMMOL-4-1. (A) Linkage disequilibrium (LD) block surrounding the region
of LOC_0s04g32920 gene at qTRMMOL-4-1. (B) Boxplots for transpiration rate
(Trmmol) 2016 based on haplotypes for LOC_0s04g32920. * indicates the level
of significant different (T-test, P < 0.05) between the groups. (C) The SNP
positions and alleles, the number of accessions and mean value of transpiration
(Trmmol) for each haplotype.

could influence both physiological efficiency and plant architecture.

The contrasting performance of some accessions across years illus-
trates the importance of environmental modulation of stomatal and
photosynthetic traits. For example, CT 9506-18-7-1T-2 maintained
high photosynthetic rates across seasons but displayed year-dependent
variation in water-use efficiency, likely reflecting differences in SD
and evaporative demand (Table 2 &3). AMMI analysis further showed
that stomatal density remained remarkably stable across the three years
and exhibited minimal genotype X year interaction, which is consistent
with its largely genetically determined nature (Figure S4E). This sta-
bility of stomatal density across years makes it a promising target for
genetic manipulation in the development of climate-resilient rice vari-
eties. For instance, transgenic reduction of stomatal density in the rice
cultivar ‘IR64’ has been shown to improve drought tolerance without
compromising grain yield [58,59]. Other stomatal characteristics,
including guard cell size, pore aperture, and the speed of stomatal
opening and closing, may also serve as important targets for improving
productivity and warrant further investigation.

Several QTLs for photosynthetic and stomatal phenotypes identified
in our GWAS analysis have been reported as photosynthetic related
markers or genes. For example, QPHOTO-1-2, which contains a photo-
assimilate defective gene (LOC_0s01g26920), and its mutant showed
decreased carbon assimilate and yield production [60], and
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qPHOTO-4-1 and qPHOTO-4-2 overlapped with chlorophyll content
QTLs qCCFJ-4 and QTAROqtl-1002, respectively [61]. Two chloroplast
precursors, CRS2-associated factor 2 (LOC_Os01g21990) and
CRS2-associated factor 1 (LOC_Os01g31110) are in the region of
qPHOTO-1-1. Stress response genes are also found in qPHOTO loci, such

as the ENHANCED DOWNY MILDEW 2 (EDM2) gene
(LOC_0s01g32710) at qPHOTO-1-4 and a universal stress protein
domain containing protein (LOC_0s01g32780) at qPHOTO-1-5. The
region of qQPHOTO-1-1 contains a cell death related gene, respiratory
burst oxidase (LOC_Os01g25820), and a stress response gene,

QTLs
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qPHOTO-1-2
qPHOTO-1-3

ARIANA::GERVEX 396-C1

C 662083::IRGC 62101-1

CN 44-40-7::IRGC 45368-1

CT 9506-18-7-1T-2::IRGC 116973-1
DA GANG ZHAN::IRGC 67103-1
FACAGRO 64::IRGC 82059-1

IR 19058-107-1::IRGC 72997-1

IR 77298-14-1-2-10::G1

IRGA 411-1-6-1F-A::IRGC 117344-1
J 6 IR 520 (WC 693)::IRGC 57600-1
KH 998::IRGC 16948-2
MALAGASY::IRGC 69717-1
SACHI::IRGC 46612-2

WAS 173-B-B-6-2-2::C1

WAS 21-B-B-20-4-3-3::C1

WAS 174-B-3-5::C1

WAS 199-B-1-2-1::C1
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gPHOTO-1-5
gPHOTO-3-1
gPHOTO-4-1
gPHOTO-4-2
gPHOTO-6-1

Fig. 9. Haplotype analysis of qPHOTO-associated QTLs. Green cells indicate the 17 high-photosynthesis accessions belonging to a haplotype group exhibiting a
significantly (p < 0.05) higher average photosynthetic rate compared with the alternative haplotype group (blue). Gray cells indicate accessions belonging to
haplotype groups that are not significantly different from either the high- or low-photosynthetic haplotype groups.
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cytochrome P450 72A1 (LOC_0s01g29150). The observation of over-

lapping QTLs among different photosynthetic traits, such as
qWUE-2-1/qTRMMOL-2-2, qCOND-3-1/qTRMMOL-3-1, and
qPHOTO-4-1/qCOND-4-2/qTRMMOL-4-1, suggests that certain

photosynthetic traits may be regulated by shared or common QTLs. This
corresponds with the high correlations observed between these traits
(Figure S1). Our results indicate that there are individual genes associ-
ated with variation in multiple traits from different trait groups, sug-
gesting a degree of conservation in terms of the genes that regulate
photosynthesis. The analysis has also led to the identification of several
genes with a putative or unknown function, reflecting that GWAS may
be used to help characterize unknown genes. Although the precise
mechanism of action through which these genes regulate photosynthetic
traits has yet to be established, these results are an encouraging vali-
dation of the method. It also demonstrates the potential to understand
the level of genetic variation within known photosynthetic genes.

High-throughput phenotyping using drone imaging systems is well-
suited to characterizing diversity panels and conducting time-course
measurements that would be prohibitive using manual and destructive
approaches. A previous study demonstrated that the high-throughput
measurement NDVI correlated with key phenotypic traits such as
yield, biomass, days to heading (DTH), and plant growth [20]. Prior
research has primarily focused on utilizing drone imaging systems to
detect or predict rice yield and assess plant health in relation to biotic
and abiotic stresses [62-64]. In our study, we extended the application
of drone imaging systems by exploring the correlation between
UAV-derived data and rice physiological characteristics, such as
photosynthetic capacity, stomatal density, and morphological traits. In
all three years of experiments, we observed that photosynthetic rate
(PHOTO) and stomatal conductance (COND) were negatively correlated
with NDVI during the early tillering stage (before 55 days after trans-
planting). This negative correlation indicates that NDVI can serve as a
reliable indicator of photosynthetic activity in paddy fields during this
critical growth phase. Our data also revealed that NDVI values were
positively correlated with plant height, leaf length, and DTH, but
negatively correlated with canopy temperature (Fig. 3; Figure S2). The
increase and decrease in NDVI can serve as indicators of an accession’s
growth or senescence stages. The relative growth rates (RGR) and
senescence rates (SR) based on the changes of NDVI correlated with
various agronomic traits, such as leaf length (LLT), canopy number
(CUNO), days to heading (DTH), grain yield, stomatal density (SD), and
plant height (HT), demonstrating another application of NDVI. A cooler
canopy temperature , reflecting enhanced transpirational cooling via
stomatal conductance, is associated with higher photosynthetic rates
and yield [13,65]. Consistently, canopy temperature in rice was nega-
tively correlated with stomatal conductance, plant height, biomass, and
yield. In addition to correlation analysis, we assessed the predictive
ability of HTP derived indices on photosynthetic traits via penalized
regression models. We observed strong variation in R? across years for
SD, WUE, and Photo, with the highest R? values exhibited in 2016 across
all traits except WUE. Together, these results suggest that UAV-derived
traits such as early-season NDVI trajectories and canopy temperature
can be used as first-pass screening tools to identify genotypes with
favorable photosynthetic and stomatal characteristics, which can then
be prioritized for targeted physiological measurements and
marker-assisted selection. However, while higher R? values could be
considered suitable for ranking, the range of out-of-fold predicted values
for SD was consistently narrower than that of observed values (Fig. S26),
indicating limitations of this approach for predicting absolute values for
individual genotypes.

Additionally, canopy temperature was significantly correlated with
stomatal density (SD) (Fig. 3), supporting its use as a proxy for stomatal
traits. The QTL regions for canopy temperature contain several genes
involved in cell development, hormone synthesis and stress response. For
example, qCT-1-3 contains a cytokinin dehydrogenase precursor gene
(LOC_0s01g56810) that is involved in plant growth and developmental
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processes [66], as well as several stress response genes (LOC_0s01g57270,
LOC_0s01g57280, LOC_0s01g57310, LOC_0s01g57340, LOC Os01g57
450, LOC_0s01g57460, LOC_0s01g57730, LOC_0s01g57770, LOC_Os01
g58420, LOC 0s01g58550, LOC 0s01g58610, LOC_0s01g58730,
LOC_0s01g58740). The region of qCT-1-6 contains a cytokinin glycosyl-
transferase, cytokinin-N-glucosyltransferase 1 (LOC_0s01g59100), which
is involved in cytokinin synthesis and accumulation in rice [67]. The
overlapping regions of qCT-1-1 and qPHOTO-1-4 contain a
mitogen-activated protein kinase kinase gene OsMKK6 (LOC_0s01g32660)
involved in cold tolerance [68]. The regions of aCT-1-4 and qHT1-1-1
overlap and contain an indole-3-acetic acid-amido synthetase, OsGH3.1
(LOC_0s01g57610), which is related to cell growth and seed germination,
and a transcription factor, OsEDL3 (LOC_Os01g58850), which was upre-
gulated during drought stress [69]. With further testing and validation, the
QTLs identified in our study could serve as markers in breeding programs to
select rice plants with higher yield and adaptability to future climate
conditions.

Among the identified QTLs associated with photosynthetic traits,
qPHOTO-1-2 was particularly notable for harboring haplotypes within
the gene region of LOC_0s01g26210, which encodes OsWAK6, a wall-
associated receptor-like kinase. Haplotype analysis revealed that
Haplotype 2, which carries a missense SNP, was significantly associated
with a higher photosynthetic rate compared to Haplotype 1, suggesting a
potential functional impact of OsWAK6 on photosynthetic performance
(Fig. 8). OsWAK®6 belongs to the OsWAK gene family, members of which
are known to mediate responses to biotic and abiotic stresses, as well as
contribute to plant development and reproduction [70,71]. While most
studies have emphasized their roles in disease resistance and stress
signaling, our results suggest that OSWAK6 may also influence photo-
synthetic efficiency, representing a previously underexplored function.
One of the candidate genes at qTRMMOL-4-1, identified through
haplotype variation analysis, LOC_Os04g32920 (OsHAK1), encodes a
high-affinity potassium (K*) transporter essential for maintaining po-
tassium uptake and homeostasis in rice [72]. OsHAK1 plays a crucial
role in plant growth, root development, pollen viability, and fertility, as
knockout of OsHAK1 leads to reduced root growth and impaired sugar
metabolism [73]. In our haplotype variation analysis, Haplotype 1,
which carries a missense mutation in OsHAK1, exhibited a lower tran-
spiration rate (Fig. 7). Furthermore, QTL co-location analysis revealed
that gTRMMOL-4-1 overlaps with qCOND-4-2, qGRAIN_YIELD-4-1,
and qHI-4-4, suggesting a broader role in plant performance. Together,
these findings support OsHAK1 as a candidate gene involved in regu-
lating rice transpiration rate, with potential implications for water-use
efficiency and stress response. Future studies should aim to function-
ally characterize OsHAKI in the context of transpiration and water-use
efficiency by analyzing both mutant and overexpression lines under
different environmental conditions. These approaches will help clarify
its role and potential utility in improving drought tolerance and yield
stability in rice.

5. Conclusions

By integrating manual physiological measurements with UAV-based
high-throughput phenotyping (HTP), this study revealed robust re-
lationships among photosynthetic traits, NDVI, and canopy temperature
in rice under field conditions. This integrated framework enabled the
identification of accessions with superior photosynthetic performance
and associated genomic loci with clear relevance for crop improvement.
Where such loci are absent from current elite breeding pools, they
represent valuable targets for introgression into high-yielding cultivars.
Notably, two candidate genes, OsWAK6 and OsHAK1, implicated in the
regulation of photosynthesis and transpiration, emerged as promising
targets for future functional validation. We view this work as estab-
lishing a baseline resource for dissecting the genetic and physiological
architecture of photosynthetic performance in rice. While the present
dataset provides biologically meaningful insights, the application of
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more advanced machine-learning-based predictive approaches will
likely require larger and more diverse populations. Together, our results
provide a foundation for developing high-productivity, climate-resilient
rice varieties and contribute to the advancement of sustainable agri-
cultural systems.
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