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Abstract
Maize (Zea mays L.) is a global crop species in which CO2 assimilation occurs via the C4 pathway. C4 photosynthesis is typically more 
efficient than C3 photosynthesis under warm and dry conditions; however, despite this inherent advantage, considerable variation 
remains in photosynthetic efficiency for C4 species that could be leveraged to benefit crop performance. Here, we investigate the 
genetic architecture of nonphotochemical quenching (NPQ) and photosystem II (PSII) efficiency using a combination of high- 
throughput phenotyping and quantitative trait loci (QTL) mapping in a field-grown Multi-parent Advanced Generation Inter-Cross 
(MAGIC) mapping population. QTL mapping was followed by the identification of putative candidate genes using a combination of 
genomics, transcriptomics, protein biochemistry, and targeted physiological phenotyping. We identified four genes with a putative 
causal role in the observed QTL effects. The highest confidence causal gene was found for a large effect QTL for photosynthetic 
efficiency on chromosome 10, which was underpinned by allelic variation in the expression of the minor PSII antenna protein light 
harvesting complex photosystem II subunit (LHCB6 or CP24), mainly driven by poor expression associated with the haplotype of the 
F7 founder line. The historical role of this line in breeding for early flowering time may suggest that the presence of this deficient 
allele could be enriched in temperate maize germplasm. These findings advance our understanding of the genetic basis of NPQ and 
PSII efficiency in C4 plants and highlight the potential for breeding strategies aimed at optimizing photosynthetic efficiency in maize.

Introduction
Maize (Zea mays L.) is one of the most important cereal crops in the 
world and is widely cultivated for food, feed, and fuel (Haarhoff 
and Swanepoel 2020). Current maize yield trends, when projected 
in future climate scenarios, may be insufficient to meet produc
tion demands and require new approaches to improve productiv
ity in a sustainable way (Ray et al. 2013; Eckardt et al. 2023). 
Photosynthesis, the process by which solar energy is converted 
to chemical energy, is the primary source of plant productivity. 
Previous work has suggested that targeted manipulation of photo
synthetic pathways can contribute to resilience and yield poten
tial in maize (e.g. Salesse-Smith et al. 2018, 2020; Wu et al. 2019) 
and other species (e.g. Yoon et al. 2020; De Souza et al. 2022), mak
ing it a promising avenue to develop the crop varieties of the fu
ture (Ort et al. 2015).

Maize uses C4 photosynthesis, which under warmer and drier 
environments is more efficient than C3 photosynthesis due to a 

molecular pump that concentrates CO2 close to the site of ribu

lose bisphosphate (RuBP) carboxylase-oxygenase (Rubisco) 

expression, consequently suppressing RuBP oxygenase 

activity and associated energetic losses via the photorespiration 

pathway (Hatch 1987). Despite the inherent advantage of 

the C4 photosynthetic pathway over the C3 pathway, there is 

still margin to improve photosynthetic efficiency in maize, 

which could in turn result in increased productivity 

(Salesse-Smith et al. 2018) and contribute to mitigate 

environmental stress (Doron et al. 2020; Salesse-Smith et al. 

2020). Increasing photosynthetic efficiency could therefore be 

an important trait to maintain current and future productivity 

of maize and other C4 crops (see also review by Sales et al. 

(2021)).
One way to improve photosynthesis is by improving the ca

pacity of the plant to effectively use incoming photons. 
Excessive light energy absorbed by the photosynthetic antennae 
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enhances the probability of formation of reactive oxygen species 
(ROS), which can inflict oxidative damage to thylakoid compo
nents and thereby lead to deactivation of photochemistry (Aro 
et al. 1993). Photoinhibition gives rise to sustained downregulation 
of photosynthetic efficiency and can therefore reduce crop carbon 
gain and associated growth and productivity (Long et al. 1994). To 
reduce the risk of photoinhibition, photoprotective nonphoto
chemical quenching (NPQ) is induced under high light, which dis
sipates excess energy in a controlled manner (Murchie and Ruban 
2020). The sporadic nature of light availability in crop canopies 
(Long et al. 2022) means that rapid induction and relaxation re
sponses of NPQ are necessary to adequately adjust the efficiency 
of light-harvesting to the intensity of intercepted light.

Model simulations (Zhu et al. 2013) and proof of concept stud
ies in field-grown tobacco (Nicotiana tabacum) and soybean 
(Glycine max) (Kromdijk et al. 2016; De Souza et al. 2022) suggest 
that accelerating NPQ relaxation can enhance crop yields by re
ducing the lag time to return to high PSII operating efficiency and 
CO2 fixation upon a switch from high to low light. In addition, en
hancing the NPQ amplitude and rate of induction have also been 
linked with increased yields in rice (Hubbart et al. 2018). These 
pioneering proof-of-concept studies have been conducted on 
C3 crops, focusing on known NPQ determinants such as the 
PSII subunit S (PSBS), violaxanthin de-epoxidase (VDE) and zeax
anthin epoxidase (ZEP). Only relatively few studies have ex
plored NPQ kinetics in species that perform photosynthesis via 
the C4 pathway, which may alter NPQ responses (Guidi et al. 
2019). Genetic factors involved in NPQ determination can be 
identified using forward genetics approaches on diversity pan
els, as recently reported in maize (Sahay et al. 2023) and sor
ghum (Sorghum bicolor) (Sahay et al. 2024), who characterized 
the genetic determinants of variation in NPQ kinetics using col
lections of lines grown in the US Midwest, Nebraska. These stud
ies identified multiple, independent candidate genes underlying 
NPQ variation, whose roles in photoprotection were validated 
using mutants of Arabidopsis thaliana (Arabidopsis) putatively or
thologous genes.

In our study, we aimed to expand upon the work of Sahay et al. 
(2023) by phenotyping dynamic photoprotection and PSII effi
ciency of field-grown maize close to the northern latitudinal range 
limit for maize cultivation, where cold acclimatation could be 
achieved through optimized photoprotection (reviewed by: 
Burnett and Kromdijk 2022). Additionally, we focused on elucidat
ing the genetic underpinning of these traits using a Multiple 
parent Advanced Generation Inter-Cross (MAGIC) maize popula
tion (Dell’Acqua et al. 2015), thereby enabling high-power and 
high-resolution genetic mapping. Maize segregating populations, 
like the MAGIC panel used in our study and the Nested 
Association Mapping (NAM) maize panel (Yu et al. 2008), have 
been utilized to characterize and study the architecture of numer
ous complex phenotypes (Gage et al. 2020; Scott et al. 2020) and, 
given their nature, represent invaluable community assets for ge
netic studies in maize. In this study, we detected substantial and 
consistent variation for NPQ and PSII efficiency and their re
sponses to dynamic irradiance which allowed for the identifica
tion of 42 associated QTL. From these QTL, we used genomics, 
transcriptomics, protein biochemistry and targeted physiological 
phenotyping to provide further evidence to support the role of 
four genes in the regulation of NPQ and PSII photochemistry. Of 
these four, we particularly highlight a role for a deficient allele 
of the CP24 minor photosystem II antenna protein which may be 
more prevalent in temperate germplasm and has a strong nega
tive impact on photosynthetic efficiency.

Results
Genetic variation exists for PSII efficiency and NPQ 
across the MAGIC maize population
To discover and map allelic variation for maximum PSII efficiency 
(Fv/Fm), operating PSII efficiency (ΦPSII) and NPQ as well as their 
responses to dynamic irradiance, 320 MAGIC maize recombinant 
inbred lines (RILs) were grown in a replicated alpha-lattice design 
in the east of the United Kingdom (52.2 °N, 0.1 °E) for 2 consecutive 
field seasons (2021 and 2022). We successfully phenotyped 315 
RILs in 2021 and 312 in 2022, where 301 RILs were common be
tween the 2 yr (Supplementary Tables S1 and S2). This repre
sented data collected from more than 3700 leaves in total. 
Chlorophyll fluorescence imaging of leaf segments was employed 
to determine timeseries data for photosystem II efficiency (ΦPSII) 
and NPQ induction and relaxation in response to 10 min high light 
exposure followed by 12 min dark recovery. We have previously 
confirmed that measuring these traits on detached leaves for 
the benefit of high throughput does not introduce bias (Ferguson 
et al. 2023). The resulting NPQ and ΦPSII values were analyzed 
separately for each measured timepoint as well as modeled across 
the light and dark phases of the protocol (Fig. 1). Substantial ge
netic variation was detected for all measured and modeled traits 
in both years (Fig. 2; Supplementary Fig. S1 and Tables S1 and 
S2). The 2022 growing season was drier and warmer than the 
2021 growing season and necessitated irrigation (Supplementary 
Fig. S2). Consistent with the drier and warmer conditions in 
2022, the population average for maximum NPQ was higher and 
the rate constants of relaxation of NPQ and recovery of ΦPSII fol
lowing the actinic light being switched off were slower than in 
2021 (Fig. 2). Despite these environmental differences, the 
population-wide range of variation was similar across both exper
imental years and strong year-by-year correlations were found 
(Fig. 2; Supplementary Fig. S1). This was reflected in broad-sense 
heritability across all traits (H2

B), computed both for each year in
dividually and jointly, ranging between 0.3 to 0.7 (Supplementary 
Figure S3).

Pair-wise trait correlations were largely conserved across the 2 
yr or when testing using predicted means derived from both years. 
Indeed, 75 (out of a possible 91) significant trait interactions held 
true between 2021 and 2022 (Supplementary Table S3). Significant 
negative associations between the rate constants of NPQ induc
tion and relaxation were observed across both years, suggesting 
that RILs with fast rates of induction of NPQ had slower rates of 
relaxation and vice versa. Since the NPQ relaxation rate constant 
positively correlated with the rate constant of recovery of ΦPSII, 
the latter was also observed to have a significant negative correla
tion with the rate constant of NPQ induction across both years 
(Supplementary Table S3).

Multiple QTL control ΦPSII and NPQ and with 
varying effects depending on the light 
environment
MAGIC maize RILs and founder lines were genotyped with 74,706 
single nucleotide polymorphism (SNP) markers. These were used 
to probabilistically reconstruct the RIL genomes according to hap
lotypes of founder lines. We first focused on the identification of 
QTL for NPQ and ΦPSII at each timepoint throughout the meas
urement protocol, based on predicted means derived from the 
joint year model. The QTL mapping results for these traits showed 
that the genomic regions associated with the observed variation 
were dependent on the time elapsed following the actinic light 
being switched on or off (Supplementary Videos S1 to S4). For 
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example, variation in NPQ during the light induction phase of the 
experimental protocol was initially defined by a QTL on chromo
some 10 (Fig. 3A) which rapidly disappeared before QTL on chro
mosomes 9, 5, and 1 sequentially appeared (Fig. 3, B and C). 
Similarly, variation in NPQ during the dark relaxation phase was 
initially associated with the same chromosome 1 QTL as the light 
phase (Fig. 3D), before other QTL on chromosomes 2 (Fig. 3E) and 6 
(Fig. 3F) appeared. The genetic architecture of ΦPSII in the MAGIC 
panel was relatively less complex. A highly significant large-effect 
QTL for dark-adapted ΦPSII (Fv/Fm) was identified on chromosome 
10 and co-located with the QTL for induction phase NPQ (shown in 
Fig. 3A). This QTL was largely present throughout both the light 

phase (where ΦPSII declines, Fig. 1D) and during the dark 
phase (where ΦPSII recovers, Fig. 1F) where it gradually increased 
in significance (Supplementary Fig. S4, C and D and Videos S3 and 
S4). An additional QTL for ΦPSII during the light phase was 
found on chromosome 9 for time-points from 60 s onwards 
(Supplementary Fig. S4B).

The same QTL were also found when mapping the fluorescence 
parameters that were determined from combined analysis of sev
eral time-points, representing the time series of the parameter. 
The QTL on chromosome 10 was also detected for the photopro
tection index (PI) and for the y-axis intercept from the exponential 
model describing the recovery of ΦPSII. PI is a modification of the 

Figure 1. Example of models used to fit the dynamic NPQ and operating PSII efficiency (ΦPSII) data based on 2 distinct RILs (SSA_00157 and SSA_00376). 
Data shown are from N = 6 biological replicates of each RIL. A) NPQ throughout the measurement protocol. Circles represent the mean value, and the 
bars represent the standard error of the mean. B) Initial NPQ induction modeled via a linear regression. The solid line represents the mean of the 
predicted NPQ according to the linear regression fit and the ribbon represents the standard error of the predicted fit. C) NPQ induction modeled via an 
exponential equation. D) NPQ relaxation modeled via an exponential model. E) ΦPSII through the measurement protocol. F) ΦPSII recovery modeled via 
an exponential model.
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pNPQ approach outlined by Ruban and Murchie (2012), which pro
vides a measure of the “photoprotectiveness” of NPQ following 
high light exposure by accounting for the predicted decrease in 
PSII efficiency due to NPQ. To identify pleiotropic QTL such as 
the Chr 10 QTL, which affect several traits in parallel, is not sur
prising and reflects the high correlation existing between these 
traits and their common association with PSII photochemistry 
(Supplementary Table S3). The rate constant of NPQ induction 
was estimated by the initial slope of NPQ during the first 60 s of 
the light phase as well as by a first-order exponential model for 
the whole light phase, both of which were associated with the 
QTL on chromosome 9 previously found for several early time
points during the light phase (Tables 1 and 2). The QTL on chromo
some 1 found later in the light phase and early dark phase, was 
also found for the amplitude of NPQ induction, amplitude of 
NPQ relaxation and amplitude of ΦPSII recovery. This is consistent 
with the mechanistic links between NPQ relaxation and recovery 
of ΦPSII following a change in light intensity (Table 2).

A multi-faceted approach for identification 
of candidate genes underpinning QTL
Altogether, the QTL identified contained 3,064 unique gene mod
els (Supplementary Table S4). For all QTL-associated gene models 
we identified the Arabidopsis gene with the highest sequence sim
ilarity and used gene ontology to find genes with known roles in 
photosynthesis and in the detoxification of ROS (summarized in 
Supplementary Fig. S5). However, exclusive prioritization based 
on gene ontology annotations would rule out discovery of genes 
with no prior association to the phenotypes measured here. We 
therefore also used 2 alternative methods based on genomics to 
prioritize candidate genes within confidence intervals of QTL 
(Dell’Acqua et al. 2015). The first method considers the level of ex
pression of gene models in the QTL interval as measured on the 
founder lines of the MAGIC population and evaluates correlations 
with the founder haplotype effects, i.e. coefficients, estimated at 
the QTL locus. The underlying hypothesis is that the contribution 

of a founder haplotype at the QTL may be driven by constitutive 
differences in gene expression at the locus. The second method 
uses SNP markers derived from the full genome sequence avail
able for the founder lines, imputing SNP alleles on reconstructed 
haplotypes in the region of the QTL with the aim of identifying 
gene models with variants associated with the variation of pheno
types via a local GWAS. These are both indirect approaches based 
on assumptions that may or may not manifest in different QTL, 
i.e. the phenotype may be due to the difference in expression level 
or differences in sequences, by neither, or by both. Hence, the 2 
methods are used in combination, and provide partial results. 
Gene models whose expression level in the founder lines was sig
nificantly associated with founder coefficients at QTL are reported 
in Supplementary Table S5. Gene models associated with imputed 
SNP variants in QTL mapping intervals are reported in 
Supplementary Table S6. The following 2 sections detail the fur
ther exploration of these results, by corroborating candidate 
genes identified with these 2 methods by means of analyzing 
Arabidopsis mutants for the genes with the highest sequence sim
ilarity, as well as additional molecular, biochemical, and physio
logical measurements on distinct founder lines.

Correlating transcript abundance variation with 
founder haplotype effects identifies candidate 
genes for NPQ regulation
For each of the joint year QTL on chromosomes 1, 5, 9, and 10 
(Fig. 4, A, C, E, and G) we determined the contribution of different 
founder haplotypes as reconstructed by the mapping procedure 
(Fig. 4, B, D, F, and H). The same founder haplotype may contribute 
with different effects in different QTL; for example, the founder 
line F7 was contributing with a positive effect in the QTL on chro
mosome 1, and with a markedly negative effect in the QTL on 
chromosome 10. We correlated transcript abundance of all genes 
within these QTL intervals as measured by RNA sequencing with 
said founder contributions. This approach identified 3 genes with
in the QTL on chromosome 1, 3 within the QTL on chromosome 5, 

A B C D E

F G H I J

Figure 2. Comparison of selected parameters across the 2 experimental years. A to E) Boxplots demonstrating population wide variation across both 
experimental years for maximum efficiency of photosystem II (Fv/Fm), NPQ induction rate, maximum NPQ, NPQ relaxation rate, and operating PSII 
efficiency(ΦPSII) recovery rate. The boxes of the boxplots denote the median and interquartile range. The whiskers show the minimum and maximum 
range, with RILs falling away from that range being shown as individual circles (2021: N = 316; 2022: N = 312). F to H) Scatter plots demonstrating 
associations between the same traits across each experimental year. Correlations were statistically tested via linear models, with the associated 
regression line and standard error being denoted as the fit and associated shaded area respectively (N = 301). Significant differences and correlations are 
denoted at the following P-value levels: * 0.05, ** 0.01, *** 0.001, **** 0.0001, where ns, nonsignificant (i.e. P > 0.05).
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and 4 within the QTL on chromosome 10, while none were found 
for the QTL on chromosome 9. We phenotyped T-DNA insertional 
mutants of the Arabidopsis orthologs of these genes to further test 
their potential roles as described below.

The Arabidopsis genes with the highest sequence similarity to 
the 3 genes within the QTL on chromosome one were a protein in
volved in cell division regulation (CDC48) and an uncharacterized 
transducing repeat protein (AT5G02430). The remaining gene 
within this QTL and identified through this expression association 
approach was orthologous to 2 reversibly glycosylated polypepti
des (RGP1 and RGP2). Arabidopsis mutants for cdc48 and for the 
transducing repeat protein (SALK_136212C) did not show signifi
cantly different NPQ values relative to wild type during the induc
tion and relaxation phases (Supplementary Fig. S6, B and C). The 
rgp2 mutant, however, demonstrated significantly enhanced 
NPQ relative to wild type during the end of the induction phase 
(Supplementary Fig. S6A). This mirrors the identification of 
this QTL for maximum NPQ (as well as NPQ at other points 
(Fig. 4, Table 1) and may suggest a role for reversible glycosylated 
polypeptides in NPQ regulation.

The Arabidopsis genes with the highest sequence similarity to 
the 3 genes within the QTL on chromosome 5 were a gamma- 
tocopherol methyltransferase gene (VTE4; AT1G64970), an un
characterized phosphofructokinase family protein (AT1G76550), 
and an uncharacterized ARID-domain containing protein 
(AT2G17410). We observed no difference in NPQ relative to wild 
type for vte4 or the mutant of the ARID-domain containing protein 
(SALK_026835C; Supplementary Fig. S7, B and C). However, NPQ 
was significantly reduced in the mutant of the phosphofructoki
nase family protein (SAIL_1151_H05) at 8 points during induction 
and relaxation (Supplementary Fig. S7A), which may suggest a 
role for this gene in NPQ regulation and agrees with the traits 
with which the associated QTL was identified (Fig. 4C, Table 1).

The Arabidopsis genes with the highest sequence similarity to 
the 4 genes within the QTL on chromosome 10 included the 
minor PSII antenna protein (CP24), an uncharacterized clathrin 
light chain protein (AT2G20760), and an uncharacterized 
aluminum-induced protein (AT4G27450). The final associated 
gene was orthologous to 2 Arabidopsis K + efflux antiporter pro
teins (KEA1 and KEA2, Supplementary Fig. S8A). The role of CP24 

A D

B E

C F

G

Figure 3. QTL mapping of NPQ at different timepoints within the induction (light) and relaxation (dark) phases. Mapping is performed using the 
predicted means derived from the joint-year linear mixed effect models. A) QTL for NPQ 20 s after the actinic light is switched on. B) QTL for NPQ 60 s 
after the actinic light is switched on. C) QTL for NPQ 420 s after the actinic light is switched on. D) QTL for NPQ 20 s after the actinic light is switched off. 
E) QTL for NPQ 60 s after the actinic light is switched off. F) QTL for NPQ 120 s after the actinic light is switched off. G) Broad-sense heritability (H2

B) for 
NPQ over time.
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for photosynthetic electron transport is well characterized in 
Arabidopsis, and mutants have significantly reduced Fv/Fm 

(Kovacs et al., 2006; de Bianchi et al. 2008) in line with the QTL ef
fect observed here. KEA1 and KEA2 are part of an extended K+/H+ 

antiporter family with distinct roles for specific isoforms which 
are conserved between Arabidopsis and maize (Kong et al. 2021). 
Whereas KEA3 localizes to the thylakoid where the antiport activ
ity directly affects lumen pH and thereby NPQ and ΦPSII 
(Armbruster et al. 2014), KEA1 and KEA2 localize to the chloroplast 
inner envelope (Ferro et al. 2010; Kunz et al. 2014), are involved in 
osmoregulation and chloroplast development (Aranda Sicilia 
et al. 2016) and do not directly affect thylakoid lumen pH 

(Aranda Sicilia et al. 2021) or Fv/Fm (Kunz et al. 2014) unless expres
sion of both isoforms is disrupted simultaneously. Accordingly, 
Fv/Fm in Arabidopsis kea1 and kea2 knockout mutants was not dif
ferent from the genetic background (Supplementary Fig. S9). 
Independent 3′ mRNA-seq data for the negative effect founder 
line (F7) and a neutral effect founder line (B73) from Cackett 
et al. (2023) were used to scrutinize expression levels for 
ZmKEA1, 2 and 3. The moderate decrease in expression in F7 of 
Zm00001d026645 (Supplementary Fig. S8C), the maize AtKEA1/2 
homolog located in the Chr 10 QTL, was mirrored by a moderate 
increase in F7 of transcripts of the other ZmKEA1/2 isoform 
(Zm00001d001788, Supplementary Fig. S8B). In addition, ZmKEA3 

Table 1. QTL associated with NPQ and ΦPSII at each measured timepoint

Period Model Phenotype Chr. Average peak position 
(Mbp)

Max 
LOD

Min CI- low 
(Mbp)

max CI- high 
(Mbp)

Time (s)

Dark Joint-year NPQ 1 255 8.5 247.0 262.1 20
Dark Joint-year phiPSII 10 149.2 19.9 147.8 150 20, 40, 60, 120, 180, 360, 540
Light Joint-year NPQ 10 148.7 9.9 147.7 149.5 20
Light Joint-year NPQ 9 154.4 15.6 152.9 154.5 40, 60, 120
Light Joint-year NPQ 5 208.1 9.0 199.5 209.7 60, 120
Light Joint-year NPQ 1 258.4 8.5 248.3 263.5 240, 300, 360, 420, 480, 540, 600
Light Joint-year NPQ 1 229.8 8.5 204.5 234.3 60
Light Joint-year phiPSII 10 149.1 21.3 147.8 149.5 20, 40, 60, 180, 240, 300, 360, 420, 

480, 540, 600
Light Joint-year phiPSII 9 154.4 11.6 154.0 155.4 60, 120
Dark 2021 phiPSII 10 149.2 19.0 147.7 150.0 20, 40, 60, 120, 180, 360, 540
Light 2021 NPQ 10 148.7 11.3 146.3 149.0 480
Light 2021 NPQ 9 154.4 13.7 152.0 154.7 40, 60, 120
Light 2021 NPQ 5 207.8 10.9 195.5 210.0 60, 120
Light 2021 NPQ 3 158.6 8.5 150.3 164.5 240, 300, 360, 420, 480, 540, 600
Light 2021 phiPSII 10 149.0 20.6 148.5 149.5 20, 40, 60, 240, 300, 360, 420, 480, 

540, 600
Light 2021 phiPSII 9 154.4 10.7 154.0 155.6 60, 120

Dark 2022 NPQ 2 240.6 10.4 240.3 241.9 180
Dark 2022 NPQ 1 249.3 10.8 215.1 260.9 120, 180
Dark 2022 NPQ 1 229.8 8.6 215.1 234.0 60
Dark 2022 phiPSII 10 149.2 12.6 148.0 149.5 120, 180, 360, 540
Light 2022 NPQ 9 154.4 11.8 136.3 155.2 60, 120, 180
Light 2022 phiPSII 10 149.2 12.6 148.0 150.0 20, 50, 480, 540, 600
Light 2022 phiPSII 9 154.5 10.6 154.4 155.3 120, 180

Table 2. QTL associated with Fv/Fm and traits derived from the linear and exponential modeling of NPQ induction, NPQ relaxation and 
ΦPSII recovery

Phenotype Model Chromosome Peak position (Mbp) LOD value CI- Low (Mbp) CI- high (Mbp) QTL span (Mbp)

Fv/Fm 10 149.2 21.8 149.0 149.2 0.2
NPQ induction amplitude Joint-Year 1 258.2 7.7 248.8 263.1 14.3
NPQ induction linear Joint-Year 9 154.4 10.1 152.9 155.2 2.3
NPQ induction rate Joint-Year 9 154.4 15.7 154.3 154.4 0.1
NPQ relaxation amplitude Joint-Year 1 258.4 8.4 248.3 263.0 14.8
phiPSII induction amplitude Joint-Year 1 258.4 8.1 247.4 263.0 15.6
phiPSII induction residual Joint-Year 10 149.0 12.2 148.7 149.5 0.8
PI Joint-Year 10 149.2 19.4 148.9 149.2 0.3
Fv/Fm 2021 10 149.2 20.3 148.9 149.4 0.4
NPQ induction rate 2021 5 207.1 8.3 199.5 210.1 10.6
NPQ induction rate 2021 9 154.4 16.7 154.1 154.4 0.3
NPQ relaxation amplitude 2021 3 158.6 7.9 151.0 163.4 12.4
phiPSII induction amplitude 2021 3 158.6 7.9 151.5 162.4 10.9
phiPSII induction rate 2021 6 43.8 9.4 38.7 64.6 25.9
phiPSII induction residual 2021 10 149.0 11.0 148.7 149.5 0.8
PI 2021 10 149.2 18.8 148.9 149.4 0.4

Fv/Fm 2022 10 149.2 12.2 148.8 149.2 0.4
phiPSII induction amplitude 2022 5 22.1 8.2 21.2 23.3 2.1
PI 2022 10 149.2 10.3 148.7 149.2 0.5
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(Zm00001d041308) expression levels were invariant between both 
lines (Supplementary Fig. S8D). On this basis, it seems unlikely 
that expression level variation of Zm00001d026645 underlies the 
Chr 10 QTL effect. Analysis of Fv/Fm in Arabidopsis knockout mu
tant lines for AT4G27450 and AT2G20760 also did not observe any 
significant differences compared with wild type (Supplementary 
Fig. S9). Further testing of the role of CP24 in the context of this 
QTL is described subsequently.

A protein kinase is identified by local GWAS in the 
QTL interval for NPQ induction
Through our local GWAS approach (described above) we identified 
23 significant trait-SNP associations within the confidence inter
vals of the most prominent QTLs (Fig. 3). Notably, only few of these 
associations were located within gene sequences (Supplementary 
Table S6). Interestingly, on the chromosome 9 QTL, for which we 
did not find any gene candidates based on correlated transcript 
levels, the local GWAS approach obtained a statistically 

significant signal within the sequence of Zm0001d048314 (Fig. 5). 
This gene encodes a chloroplastic protein kinase according to 
PLAZA Integrative Orthology (Van Bel et al. 2018) matching an 
Arabidopsis orthologous gene family of protein kinases 
(Supplementary Table S7). These kinases include PROTEIN 
KINASE 1b (PK1B or APK1B) which has previously been implicated 
in light-induced stomatal opening (Elhaddad et al. 2014). We 
measured NPQ in Arabidopsis T-DNA insertional mutants of 3 
Arabidopsis genes with high sequence similarity to 
Zm0001d048314, namely PK1B, CONSTITUTIVE DIFFERENTIAL 
GROWTH 1-LIKE 1 (CDL1) and APK1A. In all cases, these mutants 
showed significantly reduced NPQ at various points throughout 
the induction and relaxation phases (Supplementary Fig. S10, 
A to C) and the rate of NPQ induction was significantly reduced 
(Supplementary Fig. S10D) which is consistent with the trait for 
which this QTL was identified.

It is worth noting that the carotenoid cleavage dioxygenase 1 
(CCD1) gene was also found to be within the confidence interval 
of the chromosome 9 QTL. In maize, extensive CCD1 copy number 

A B

C D

E F

G H

Figure 4. Key QTL identified for NPQ and Fv/Fm. A, C, E, G) Main effect QTL for selected traits; B, D, F, H) Founder effects associated with each QTL. NPQ, 
non-photochemical quenching; Fv/Fm, maximum efficiency of photosystem II.
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variation (CNV) has been documented and linked to enhanced 
carotenoid breakdown in white grain varieties (Tan et al. 2017). 
For completeness and due to the known role of carotenoids in 
ROS scavenging (Zakar et al. 2016), we checked for CNV in the 
founders using qPCR (Supplementary Table S8) and via WGS 

read counts (Supplementary Table S9). All major founders con
tained only 1 CCD1 copy. CML91 was observed to have 10 copies, 
but since this contributes less than 5% of total allelic variation 
to the MAGIC population (Dell’Acqua et al. 2015), CCD1 CNV 
seems very unlikely to underpin this QTL.

Figure 5. Identification of a putative chloroplastic protein kinase as a candidate gene regulating NPQ induction rate A) LOD score plot of NPQ induction 
rate on Chromosome 9 QTL, the horizontal dotted line represents the threshold of significance. B) top panel: SNP association mapping within a 4 Mbp 
region, centered on NPQ induction rate QTL on chromosome 9. Bottom panel: Zoomed in view of the same region (± 0.25 Mbp, centered on QTL), 
showing a putatively associated SNP falling within the coding region of Zm0001d048314. In this panel all 36 gene models annotated in this zoomed-in 
region are shown. In both panels, SNPs having LOD scores > 99th percentile are highlighted in red.
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A deficient CP24 allele explains the large effect 
QTL for NPQ and ΦPSII on chromosome 10
We further explored a potential role of CP24 in the large effect QTL 
on the distal portion of chromosome 10 which was found across 
many of the ΦPSII and NPQ parameters (Fig. 3; Supplementary 
Fig. S4 and Tables 1 and 2). For illustrative purposes, here we refer 
to data from the joint-year model for Fv/Fm (Fig. 4G). The QTL ef
fects estimated per founder haplotype clearly showed that this 
QTL was driven by a negative effect associated with the F7 haplo
type (Fig. 4H). Independent 3′ mRNA-seq expression data for F7 
and B73 (Cackett et al. 2023) confirmed significantly reduced 
CP24 expression in F7 (Fig. 6A). The reduction in Fv/Fm in F7 
relative to B73 was also independently confirmed (Fig. 6B) as 
part of an in vivo assessment of fast fluorescence kinetics 
(Supplementary Fig. S11). Here, we observed significantly lower 
fluorescence rise times in F7 relative to B73 (Fig. 6C) and a lower 
Fv/Fm mainly associated with an increase in minimum fluores
cence (Fo, Supplementary Fig. S11), both of which are similar to 
the alteration of light harvesting efficiency and photochemical 
yield observed previously in cp24 mutant lines (Kovács et al. 
2006; de Bianchi et al. 2008). Immunoblot analysis of B73 and F7 
using a CP24-specific antibody confirmed that F7 also had severely 
reduced CP24 protein abundance compared with B73 (Fig. 6D). 
While the fainter band just below the strong CP24 band likely re
flects some unspecific binding of the antibody, the band above the 
strong CP24 band has also been seen in previous studies using this 
antibody (Du et al. 2018; Myouga et al. 2018) and may reflect un
processed CP24 protein. The reduced CP24 protein abundance in 
the F7 founder is also consistent with a decreased abundance of 
higher order PSII-LHCII supercomplexes in blue native PAGE anal
ysis of purified thylakoid membranes from both founder lines 
(Fig. 6E) indicating a substantial truncation of PSII antenna size as
sociated with the F7 haplotype. Altogether, these results are con
sistent with strong allelic variation in CP24 expression driving the 
QTL effect on chromosome 10.

The nature of the CP24 deficiency in F7 
is inconclusive
To investigate a number of potential causes of poor CP24 expres
sion by the F7 allele, we utilized short-read whole-genome se
quencing (WGS) data from the MAGIC maize founder lines 
(Dell’Acqua et al. 2015). First, we analyzed normalized WGS 
read counts within the confidence interval of this QTL as a proxy 
for CNV, yet the results did not point to any CNV differentiating 
the F7 haplotype from the other founders (Supplementary 
Table S9). Using the same WGS data, we developed consensus se
quences for each founder haplotype at this locus to identify puta
tive nonsynonymous substitutions in the protein-coding region, 
as well as any other sequence variants present in 1 kb down
stream and upstream of the relative position of the gene model. 
The observed absence of non-synonymous substitutions supports 
the hypothesis that poor CP24 expression in F7 is not caused by di
rect alterations to the protein-coding sequence of the gene. Four cis- 
genic allelic variants exclusive to the F7 haplotype were identified 
(Fig. 6F, Supplementary Table S10). One variant was found down
stream of CP24, 1 was positioned upstream, and 2 (a nucleotide sub
stitution and a 3 bp deletion) were located within the 5′ and 3′ UTR 
respectively. Potential transcription factor binding sites (TFBS) were 
identified using the MEME suite and annotated in the consensus se
quence of the CP24 allele in each of the founder lines. Three of the 
unique F7 variants were observed to overlap with regions that affect 
predicted TFBS. The variant located upstream of the gene model, 

resides in a region with accessible chromatin based on ATAC-seq 
data from Ricci et al. (2019), and introduces a binding site for ABI4 
which is unique to the F7 haplotype (Fig. 6F; Supplementary 
Table S11). Furthermore, the variants in the 5′ and 3′ UTRs also im
pact the predicted TFBS pattern in F7, while the deletion down
stream of the gene model does not result in a unique TFBS status 
in F7 (Supplementary Table S11).

Discussion
Natural genetic variation in photosynthetic traits provides the 
starting point for non-transgenic strategies aiming to achieve im
proved photosynthetic efficiency in crops (Lawson et al. 2012). 
Here we used a high-throughput protocol to characterize induc
tion and relaxation of NPQ and ΦPSII across 311 maize MAGIC 
RILs and founder lines grown in a maritime climate close to the 
northern latitude edge of maize cultivation in the UK (52.2 °N, 
0.1 °E), where maize acreage has expanded considerably in recent 
decades. Understanding the genetics underpinning limitations to 
photosynthetic efficiency under such conditions is important as 
maize cultivation expands further into northern Europe. The re
sults from our study confirm the existence of large heritable var
iation across a range of measured and calculated NPQ and PSII 
efficiency traits. Below we discuss the implications of our findings 
in the context of the genetic architecture of these traits, and the 
potential utility of the identified allelic variation for improving 
photosynthetic efficiency in maize.

Variation of ΦPSII and NPQ in the MAGIC maize 
population is predominantly determined by allelic 
variation at 4 loci
The kinetics of NPQ induction and relaxation can impact the per
formance of photosynthesis under fluctuating light conditions, an 
important determinant of photosynthetic efficiency under field 
conditions (Kaiser et al. 2018; Long et al. 2022). Natural genetic 
variation for induction and relaxation kinetics of NPQ and ΦPSII 
holds promise for crop improvement strategies (Murchie et al. 
2018), yet only a few studies have assessed these traits in large 
field-grown populations to identify genetic associations. Wang 
et al. (2017) measured NPQ levels on a diverse collection of field- 
grown rice accessions leading to GWAS-based identification of 
33 unique associated SNPs, some of which were validated using 
bespoke F2 populations.

With respect to C4 species, recent studies have evaluated var
iation in the kinetics of NPQ and ΦPSII across a large diversity pan
el of 804 unique maize accessions (Sahay et al. 2023) and across 2 
independent sorghum diversity sets, 1 incorporating 374 acces
sions and the other incorporating 911 accessions (Sahay et al. 
2024). The associated field trials were carried out in the traditional 
maize-growing region of the US Midwest (Lincoln, NE). The broad- 
sense heritability and the range of variation of measured traits 
were similar between Sahay et al. (2023) and our study, yet we 
mapped a smaller number of loci associated with the determina
tion of ΦPSII and NPQ, which is likely a reflection of the reduced 
genetic diversity captured by the MAGIC population (Scott et al. 
2020). The study of Sahay et al. (2023) yielded 18 unique SNPs sig
nificantly associated with at least 1 trait and an additional 185 
unique SNPs associated at a lower significance threshold, suggest
ing the existence of a multitude of small-effect genetic loci. 
Within the confidence intervals of our QTL there were 3,064 
protein-coding genes, whereas Sahay et al. (2023) identified a total 
of 229 protein-coding genes through their GWAS approach. In to
tal, 20 genes were common between the 2 studies (Supplementary 
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Tables S12 and S13). The Arabidopsis orthologs of these genes 
have not previously been demonstrated to have roles in photosyn
thesis. These similarities and discrepancies may reflect the differ
ence in environment, genetic materials considered as well as 
fundamental characteristics of our genetic mapping approach. 
The MAGIC design used here allows high mapping power with a 

relatively low number of distinct genotypes, alleviating the phe
notyping bottleneck for traits that are difficult to measure in suf
ficiently high throughput (Dell’Acqua et al. 2015). The MAGIC 
design also comes with the advantages of low population struc
ture and fully resolved identity by descent (Scott et al. 2020), 
which enable detailed further study of haplotype effects on trait 

Figure 6. Differences in CP24-related phenotypes between B73 and F7 founder lines. A) Expression of CP24 (t-test, P = 1.3e−6, N = 12). B) Maximum 
efficiency of photosystem II (Fv/Fm) (t-test, P = 1.6e−10, N = 8) C) fluorescence rise time. (t-test, P = 3.6e−8, N = 8) D) Western blot of B73 and F7 thylakoid 
membrane protein samples using a CP24-specific antibody. E) Blue native gel electrophoresis (BN-PAGE) of thylakoid membrane complexes of B73 and 
F7. Red bracket indicates size of supercomplexes perturbed by absence of CP24 in F7 (F) Coding region analysis of the CP24 gene (Zm00001d026599) ± 
1000 bp. The barplot illustrates regions of accessible chromatin identified through ATAC-seq data generated from the fourth leaf by Ricci et al. (2019). 
Gray dots are positioned along the x-axis according to the physical position of predicted transcription factor binding site (TFBS) motifs relative to the B73 
reference genome (V4; y-axis P-values represent the likelihood of a TFBS motif matching the sequence by random chance). Vertical blue dotted lines 
mark the positions of 4 unique variants within the F7 haplotype. The horizontal schematic shows the CP24 gene structure: light blue segments 
represent the 5′ and 3′ untranslated regions (UTRs), yellow segments denote exons, and the black line indicates the intron.
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determination and candidate genes mapping (Scott et al. 2020). 
For the results presented here, the mapped QTL contain tens to 
hundreds of gene models (Tables 1 and 2), hence it becomes para
mount to prioritize candidate genes within the mapping intervals.

Identification of candidate genes in QTL mapping 
intervals
One potential means for genetic variants to give rise to QTL effects 
is via impacting transcription of genes via variation in proximal or 
distal regulatory elements. Transcriptome-wide association study 
(Gamazon et al. 2015) has been developed to identify transcrip
tionally regulated genes in association with complex traits, which 
in combination with GWAS or QTL mapping can help prioritize 
causal genes by means of colocalization, as demonstrated re
cently for water use efficiency trait variation in Sorghum bicolor 
(Ferguson et al. 2021). Here, we used preexisting expression data 
for the founder lines specifically for the gene models contained 
within each QTL interval to test for correlations between gene ex
pression level variation and QTL effects by founder haplotype. 
This strategy filters for genes which are consistent with the specif
ic case where a genetic variant associates with both the expres
sion level of a causal gene and the trait of interest. It should be, 
however, emphasized that this is only 1 nonexclusive mode of ac
tion to explain QTL effects, as variation in a trait may not be due to 
the difference in expression levels and expression levels at the 
fourth leaf stage, as used in this study, may not be maintained 
in the adult plant in which the phenotypic measurements were 
conducted. Nevertheless, 10 genes were found to be potentially 
in agreement with this case, i.e. for which previously determined 
expression levels were significantly correlated with clustered QTL 
effects. Of these 10 genes, the presence of phenotypes in knockout 
mutants of the orthologous genes in Arabidopsis consistent with 
the corresponding QTL effects can be interpreted as evidence in 
favor of a causative role of an uncharacterized phosphofructoki
nase and a protein capable of reversible glycosylation (RGP2) in 
regulating NPQ, but not as conclusive proof. The mechanisms 
underlying this regulation are also not immediately clear from 
the annotated functions of these genes or gene families, which 
therefore provides interesting targets for further study. A further 
means of candidate gene prioritization was provided through the 
local GWAS approach which enabled the identification of 2 signif
icant SNP-trait associations where the SNPs lay within a gene 
model (Fig. 5, Supplementary Table S6). Through this approach 
we identified a chloroplastic protein kinase where the phenotypes 
of Arabidopsis mutants for the 3 genes with high sequence simi
larity to the identified maize gene were consistent with a role in 
NPQ induction (Supplementary Fig. S10). Previous work has high
lighted a role for members of this gene family in stomatal re
sponses to light (Elhaddad et al. 2014). The tentative 
identification of this maize chloroplastic protein kinase as a can
didate gene here may be reflective of proposed associations be
tween guard cell electron transport and chloroplast redox 
regulation with stomatal behavior (Lemonnier and Lawson 2024).

The shared large-effect QTL for ΦPSII and NPQ on chromosome 
10 was primarily driven by the negative founder effect of the F7 
founder haplotype (Fig. 4, G and H). This effect was validated by 
further measurements on the F7 founder line, which showed re
markably low CP24 expression levels and protein accumulation, 
decreased supercomplex abundance, and fast fluorescence rise 
time (Fig. 6). A. thaliana T-DNA insertion mutants of the additional 
4 genes that showed expression patterns matching QTL founder 
effects did not have any effect on dark-adapted maximal PSII 

efficiency estimated by Fv/Fm (Supplementary Fig. S9), thereby fur
ther increasing confidence in CP24 as the causal gene. CP24 
(LHCB6) is a monomeric light-harvesting complex protein which 
is positioned between the moderately bound LHCII trimers and 
the core complex. Nevertheless, excitation energy transfer from 
CP24 is predicted to occur via the moderately bound LHCII to the 
core PSII complex (Croce and Van Amerongen 2020). CP24 seems 
to have evolved in land plants and has been lost in some sub
groups of gymnosperms (Koziol et al. 2007; Kouřil et al. 2016). 
Previous work on Arabidopsis thaliana knock-out mutants of CP24 
shows a pronounced reduction of Fv/Fm, NPQ amplitude and an
tenna supercomplex abundance, which also manifests in reduced 
growth rates (Kovács et al. 2006; de Bianchi et al. 2008). 
Additionally, it was observed that CP24 deficiency may result in 
PSII particles becoming organized into tightly packed arrays which 
may limit protein dynamics and plastoquinone diffusion (de 
Bianchi et al. 2008). This may therefore form the mechanistic basis 
for the Chr 10 QTL effect of the F7 allele observed here. Significant 
CP24 downregulation has been observed in Arabidopsis in re
sponse to high light (Ballotari et al. 2007; Floris et al. 2013) which 
may suggest that F7-specific post-transcriptional regulation could 
have contributed to the observed CP24 deficiency. However, the 
strong decrease in CP24 transcript levels in F7 seems to suggest 
that the deficiency does not primarily result from translational 
regulation. Whilst we found preliminary evidence that allelic var
iation at TFBS may be responsible, the specific genetic mechanism 
of the CP24 deficiency in F7 remains unresolved.

Potential utility of identified QTL for maize 
improvement
Fv/Fm and ΦPSII are robust indicators of the maximum quantum 
yield and the operational efficiency of PSII photochemistry respec
tively (Baker 2008; Murchie and Lawson 2013). ΦPSII is tightly 
linked to the quantum yield of CO2 fixation (ΦCO2) measured by 
gas exchange in maize (Fryer et al. 1998; Pietrini and Massacci 
1998; Leipner et al. 1999) and other C4 species (Cousins et al. 
2002; Ripley et al. 2007) across a range of environmental condi
tions. This suggests that the QTL for ΦPSII on chromosomes 9 
and 10 are quite likely to impact the efficiency of photosynthetic 
CO2 assimilation, which could consequently have implications 
for yield (Wu et al. 2019). F7, which harbors the negative 
ΦPSII chromosome 10 allele, is an important founder line 
for European breeding programs (Unterseer et al. 2017) 
(Supplementary Fig. S12 and Table S14). F7 is an early-flowering 
flint line and has historically been used to breed for earliness, 
which has been actively selected for in temperate regions to com
pensate for shorter growing seasons (Soengas et al. 2006). 
Interestingly, Mayer et al. (2020) recently discovered a haplotype 
that co-localizes with our negative chromosome 10 QTL as part 
of a characterization of double haploid lines derived from 3 
European flint maize landraces. This haplotype has substantial 
and unfavorable effects on vigor and plant height at multiple de
velopmental stages and across 11 independent environments, 
which may be aggravated by reduced photosynthetic rates.

Although NPQ is less directly related to CO2 assimilation, it has 
been shown to transiently limit ΦCO2 in C3 species like Nicotiana taba
cum (Kromdijk et al. 2016) and Glycine max (De Souza et al. 2022). 
Several recent studies have demonstrated variation in NPQ induction 
and relaxation in C3 species (Rungrat et al. 2019; Cowling et al. 2022; 
Theeuwen et al. 2022). Direct comparisons of NPQ kinetics between 
these studies and ours are complicated by the use of different pheno
typing protocols and the use of different methods for modeling the 
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response of NPQ to illumination and darkness. Despite this, it seems 
that NPQ is generally slower to relax in the aforementioned C3 studies 
compared with NPQ in the C4 crop maize in this study and in Sahay 
et al. (2023). Although substantial variation remains, this may suggest 
that NPQ kinetics are generally already closer to optimal in maize. 
Nevertheless, manipulation of photoprotection via enhanced NPQ 
amplitude may also have benefits for yield (Hubbart et al. 2018) and 
intrinsic water use efficiency (Głowacka et al. 2018; Turc et al. 2024) in
dependent from NPQ kinetics.

For the identification of QTL or SNPs in collections of highly ho
mozygous accessions in diversity panels or mapping populations 
to be relevant for improvement of photosynthesis in new maize 
cultivars, the associations need to remain important in heterozy
gous backgrounds. Maize is a model species for heterosis (Shull 
1948). Indeed, plant breeding vastly enhanced maize yield by ex
ploiting the positive effects of heterosis on plant size and growth 
rate. However, despite the importance of heterosis, its molecular 
basis and underlying genetic mechanisms are still largely unclear, 
notwithstanding some recent progress (Xiao et al. 2021). The level 
of heterosis varies strongly between traits and determines the 
ability to predict hybrid performance based on the inbred founder 
phenotypes, where traits with greater heterosis show relatively 
weaker correlations (Flint-Garcia et al. 2009). Evidence for hetero
sis effects on photosynthetic traits is inconsistent. Recent work in 
A. thaliana found heterosis effects on photosynthetic traits to be 
negligible across 4 sets of reciprocal F1 hybrids from contrasting 
ecotypes, despite strong heterosis effects on biomass accumulation 
(Liu et al. 2020). In maize, some work indicates that heterosis may 
impact photosynthetic traits (Mehta and Sarkar 1992; Meena et al. 
2021), whereas others report a much lesser impact (Kamphorst 
et al. 2022). Maize homozygous lines suffer from inbreeding depres
sion due to the accumulation of deleterious mutations, and culti
vated maize germplasm segregates for many SNPs predicted to 
result in deleterious variants (Mezmouk and Ross-Ibarra 2014), pos
sibly including negative alleles for photosynthetic efficiency such as 
that in F7. While the heterotic potential of the identified QTL re
mains unclear, it is possible that these alleles still have an effect 
in a heterozygous background. Future research will therefore 
need to include validation of the QTL effects in a heterozygous state.

Conclusions
Genetic variation in leaf photosynthetic traits may have promise 
to enhance photosynthetic efficiency in maize. Here, genetic de
terminants of variation in photosynthesis and NPQ were mapped 
by phenotyping a collection of maize MAGIC RILs under temperate 
field conditions. Most trait variation was captured by 4 major QTL, 
for which potential candidate genes were identified using a range 
of approaches, which identified 4 high priority candidate genes for 
further testing. CP24 was identified as the highest confidence can
didate gene for a large effect QTL for photosynthetic efficiency and 
NPQ on the distal end of chromosome 10, driven by poor CP24 ex
pression associated with the haplotype of the F7 founder line. The 
historical role of this line in breeding for early flowering time may 
suggest that the presence of this poorly expressing allele could be 
enriched in temperate maize germplasm.

Materials and methods
Plant material and field experiments
The MAGIC maize population described in Dell’Acqua et al. (2015) 
was used in this study. This population was developed by crossing 
8 inbred lines (A632, B73, B96, F7, H99, HP301, Mo17, and W153R) 

and following a funnel breeding design. A ninth line (CML91) was 
introduced into the design as a 2-way hybrid (B73xCML91) to ac
count for failures in crossing B96xHP301. For this study, we used 
a subset of 320 RILs, different from those in the original paper, 
that well-represent the genetic composition of the population 
(Supplementary Fig. S13).

Field experiments were carried out in 2021 and 2022 at the 
National Institute of Agricultural Botany (NIAB, Cambridge, UK) 
on heavy clay loam soil types. The field experiment sites were 
approximately 500 m from each other across the 2 yr 
(Supplementary Fig. S1). Environmental data (precipitation, tem
perature, and light intensity) were collected from the same weath
er stations across the 2 yr (Supplementary Fig. S2).

In each year, 320 RILs were grown in an alpha-lattice experi
mental design with 2 replicates of 40 blocks each, where each 
block contained 8 plots. The experimental design was constructed 
using the design.alpha function of the R/agricolae package 
(Mendiburu and Simon 2015). Each plot consisted of 4 rows of 10 
plants representing a single RIL. The rows were spaced 25 cm 
apart and each plant within a row was 13 cm apart. In both years, 
seeds were sown by hand at a depth of 10 to 15 cm. 301 RILs were 
common between each year (Supplementary Table S1).

The 2021 experiment was sown on May 13, 2021 and the 2022 
experiment was sown on 04/05/2022. Irrigation inputs were pro
vided for the 2022 experiment only (Supplementary Fig. S2). In 
both years, pesticides and fertilizers were applied throughout 
the experiment as necessary and according to manufacturer in
structions (Supplementary Table S15).

Chlorophyll fluorescence phenotyping
Six plants per RIL were measured, with 3 random plants coming 
from the representative plot in the first replicate of the alpha- 
lattice experimental design and 3 random plants coming from 
the second replicate. Measurements of chlorophyll fluorescence 
were performed on the leaf subtending the ear between 3 and 8 
d postsilking. Our phenotyping focused on the leaf subtending 
the ear, since photosynthesis of this leaf is particularly associated 
with grain yield following flowering (Cagnola et al. 2021). Further, 
we tried to phenotype all leaves within a 3-to-8-d window follow
ing silking to minimize any unwanted variance due to the onset of 
leaf senescence (Wedow et al. 2021). Any variance that did occur 
within this window was statistically accounted for as described 
later.

Measurements were spread out across 3 wk in each year to ac
count for the variation in silking time.

On each measurement day, the leaf subtending the ear from 3 
plants from all plots selected to be measured that day was excised 
at the base. The excision point was then immediately submerged 
in water. This was performed at dawn (∼0530 h) within a 30-min 
window. The leaves were then returned to the laboratory and re
cut under water to maintain the water column and left in a 50 mL 
Falcon tube under stable conditions for 7 h. After this time, a 2 cm 
× 4 cm strip of tissue was cut from the middle of the leaf and 
placed on top of damp filter paper that was on top of a non- 
reflective glass plate as per (Ferguson et al. 2020). 60 to 70 cut tis
sue samples were placed together on 1 sheet of paper in a grid-like 
fashion. A reference map of each grid of samples was made using 
QR codes attached to each leaf to cross-reference the data with 
the sample it was generated from. Once all samples had been 
laid out, a non-reflective glass plate was placed on top of the sam
ples to keep them flat and in place and to ensure that they did not 
desiccate. Samples were then dark-adapted overnight using 
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aluminum foil before performing chlorophyll fluorescence meas
urements in the following morning at 0900 h. This experimental 
routine allowed us to perform additional measurements on the 
same leaf material prior to excising the tissue for chlorophyll flu
orescence. We have recently demonstrated that the data gener
ated for NPQ kinetics and maximum PSII operating efficiency 
through this approach is identical to that produced by directly 
measuring leaves that are still attached to the plant in maize 
(Ferguson et al. 2023).

Chlorophyll fluorescence measurements were performed using 
a closed chlorophyll fluorescence imaging system (FluorCam FC 
800-C, PSI, Czech Republic). Initially, the measuring beam was 
switched on to estimate minimal chlorophyll fluorescence (Fo). A 
saturating light pulse was then used to calculate dark-adapted 
maximum fluorescence (Fm). The actinic light source (1500 µmol 
m−2 s−1 photosynthetic active radiation [PAR]) was then switched 
on for 10 min. During these 10 min, a series of 12 saturating pulses 
were performed to estimate maximal fluorescence (Fm′) at the fol
lowing intervals (in seconds): 20, 40, 60, 120, 180, 240, 300, 360, 420, 
480, 540, 600. The light source was then subsequently switched off 
for 12 min and a further series of 8 saturating pulses were per
formed to again estimate Fm′ at the following intervals: 20, 40, 
60, 120, 180, 360, 540.

Using the above-described data, the maximum quantum effi
ciency of PSII photochemistry was calculated as Fv/Fm where Fv 

is the variable fluorescence between Fm and Fo. At each point of 
measurement following the initial dark-adapted saturating pulse, 
NPQ was calculated as (Fm-Fm′)/Fm′ and PSII operating efficiency 
(ΦPSII) was calculated as (Fm′-F′)/Fm′ (Fig. 1; Murchie and 
Lawson 2013). If the Fv/Fm value for any sample was below 0.70, 
it was removed from the analyses. This was done to ensure that 
samples were not included where something other than underly
ing genetics was limiting photosynthesis and resulted in less than 
2% of all samples being removed.

The slope from a linear model describing NPQ as a function of 
time was used to characterize the initial (0 to 80 s) response of NPQ 
to actinic light (NPQ induction slope; Fig. 1B). Exponential models 
were used to characterize the induction of NPQ in response to the 
actinic light being switched on (Equation 1; Fig. 1C), the relaxation 
of NPQ following the actinic light being switched off (Equation 2; 
Fig. 1D), and the recovery of ΦPSII following the turning of the ac
tinic light (Equation 3; Fig. 1F).

NPQ = a × (1 − exp(−b×t)) (1) 

Where a represents the amplitude (NPQ induction amplitude), b 
represents the rate constant for the induction of NPQ (NPQ induc
tion rate), and t represents time in seconds.

NPQ = a × ( exp(−b×t) ) + c (2) 

Where a represents the amplitude (NPQ relaxation amplitude) 
and b represents the rate constant for the induction of NPQ 
(NPQ relaxation amplitude). Here, c represents an offset to ac
count for NPQ not reaching zero during this relaxation phase 
(NPQ relaxation offset).

ΦPSII = a × (1 − exp(−b×t)) + c. (3) 

Where a represents the amplitude (ΦPSII recovery amplitude) and 
b represents the rate constant for the recovery of ΦPSII (ΦPSII re
covery rate). Here, c represents an offset to account for a non-zero 
intercept (ΦPSII recovery offset).

We also extracted the maximum value for NPQ as well as the 
final values for NPQ and ΦPSII.

Finally, we also calculated thePI (Equation 4) which is a modifi
cation of the “pNPQ” approach of (Ruban and Murchie 2012)
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For Equation (4), ΦPSIIf and NPQf are the final dark time point val
ues for ΦPSII and NPQ, respectively.

Statistical analyses
We extracted best linear unbiased predictors (BLUPs) for all meas
ured traits from a general linear mixed model (Equation 5) per
formed via restricted maximum likelihood using the lmer and 
ranef functions from the lme4 R package (Bates et al. 2015) with 
the following formula with effects treated as random:

phenotype = overall mean + genotype + year +

year:genotype + year:rep + year:rep:block + year:date +

year:silking interval + error variance

(5) 

BLUP values were added to the population mean to generate pre
dicted means for each trait. To extract year specific BLUPs, models 
identical to Equation (5) were performed but without the year 
terms and including only data from either 2021 or 2022. Broad 

sense heritability (H2
B) for each trait was calculated from the coef

ficients from the corresponding models as the ratio of genotypic 
variance to phenotypic variance according to the standard meth
od (Schmidt et al. 2019).

Correlations between identical traits across 2021 and 2022 were 
tested for statistical significance via Pearson correlation analyses 
using the cor.test function in R. Correlations between all possible 
pairwise trait interactions on a year-by-year basis were also tested 
in this manner. One-way analysis of variance (ANOVA) compari
son of means tests was performed to test for significant differen
ces in the variance of each measured trait across 2021 and 2022 
using the aov function in R.

DNA extraction, genotyping, and bioinformatic 
analysis
Genomic DNA of founders and RILs was extracted by bulking 
young leaves of 3 seedling per genotype with the GenElute Plant 
Genomic DNA Miniprep Kit (Sigma Aldrich, Germany) following 
the manufacturer’s protocol. Integrity was assessed with agarose 
gel electrophoresis; DNA samples were quantified with the Qubit 
fluorometer (Invitrogen, Thermo Fisher Scientific, US). Samples 
were delivered to IGA Technology Services (Udine, Italy) to per
form genotyping with the Single Primer Enrichment Technology 
(SPET), a protocol using single primer extension reactions to en
rich pre-defined target loci. The set of SPET probes was developed 
starting from MAGIC maize founder haplotypes to maximize 
evenness of representation (Scaglione et al. 2019). Libraries were 
prepared with the Illumina TruSeq DNA Protocol (Illumina Inc., 
San Diego, CA, United States) and targeted fragments were se
quenced with V4 chemistry in paired-end 150-bp mode on an 
Illumina HiSeq 2500 (Illumina Inc., San Diego, CA, United 
States). After initial quality assessment (FastQC), raw reads were 
filtered with erne-tool (ERNE2 package, version 2.1.1, http://erne. 
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sourceforge.net/; (Del Fabbro et al. 2013). Trimmed reads were 
then mapped against the Z. mays reference genome (RefGen V4, 
Jiao et al. (2017)) with the BWA-MEM algorithm (Li and Durbin 
2009). The HaplotypeCaller algorithm (GATK) was used for variant 
call (Poplin et al. 2018). Genotyping was completed with 
GenotypeGVCFstool (Danecek et al. 2011) to derive raw single nu
cleotide polymorphisms (SNPs). SNPs were filtered using a 
Phred-scaled score greater than 30 and a SNP missingness per in
dividual and locus lower than 20%.

RNA sequencing data
Raw transcriptome data of 8 founder lines except B96 were re
trieved from ArrayExpress (https://www.ebi.ac.uk/arrayexpress/) 
under accession number E-MTAB-3173. Briefly, these data were 
generated on the MAGIC founder lines grown under controlled 
growth conditions: 24 °C, 55% relative humidity, 170 μmol m−2 

s−1 photosynthetically active radiation at plant level in a 16 h/ 
8 h d/night cycle. Tissue for RNA extraction was sampled at the 
fourth leaf from 3 biological replicates, during the steady-state 
growth phase. Samples were extracted with Trizol (Invitrogen), li
brary prepared, and sequenced with 3 technical replicates as de
tailed by Baute et al. (2016). Raw reads were subjected to QC 
with ERNE-filter tool (ERNE2 package) and mapped against 
RefGen V4.0 (Jiao et al. 2017) using STAR v. 2.5.3a (Dobin et al. 
2013) in 2-pass protocol, with default parameters (Miculan et al. 
2021). Transcript abundances were extracted and normalized us
ing R/edgeR (Robinson et al. 2010). For QTL where founder effects 
were distinct between B73 and F7, we additionally queried gene 
expression difference between these 2 founders utilizing the 
RNAseq datasets described in Cackett et al. (2023).

Mapping of QTL and candidate gene identification
The genetic map was derived by anchoring the intermated B73 x 
Mo17 (IBM) genetic position over the SNPs derived after QC on 
the RefGen V4. Missing genetic distances were interpolated using 
values proportional to the physical distance. The reconstruction 
of the founder’ haplotypes in the RILs genomes (i.e. estimation 
of genotype probabilities) was executed using a Hidden Markov 
Model (HMM), implemented in R/qtl2 (Broman et al. 2019) that 
was used as platform for all the following mapping steps when 
not stated otherwise. QTL mapping of the phenotypes was per
formed using a mixed linear model incorporating kinship through 
the “Leave One Chromosome Out” (LOCO) method. The genome 
scan regressions logarithm of odds (LOD) scores were estimated 
using the sum of squared residuals for the null and alternative hy
potheses. Thresholds of significance were defined based on 999 
trait-specific permutations. The 95th percentile of the permuted 
LOD distributions was set as threshold to identify peaks. For 
each of the significant LOD peaks, we used Bayesian credible inter
val estimation to define QTL confidence intervals, which were ex
panded to the closest SNP marker physical positions.

For each peak, we estimated QTL coefficients within the confi
dence intervals, which represent founder haplotype effects as es
timated by the model. The model conducts the mapping using 
founder haplotypes reconstructed on RIL genomes via HMM, 
and the haplotype effects estimates derive from phenotypic val
ues observed in RILs carrying a given founder haplotype in the lo
cus of interest. QTL coefficients in the confidence interval were 
clustered using a k-means algorithm with a function implemented 
in R/fpc (Hennig 2010), that searched for the optimal number of 
clusters ranging from one to the number of founders except one. 
This procedure enabled us to identify those founders or group of 

founders that showed contrasting effects at each QTL, i.e. those 
founders that was contributed to positive or negative trait values. 
We then used this information to prioritize gene models within 
the QTL mapping intervals based on gene expression levels meas
ured on founder lines at the fourth leaf stage, under the assump
tion that constitutive differences in gene expression levels in 
founders are transferred to RILs and contribute in the determina
tion of the trait. For each QTL, we used the most divergent groups 
of founder effects (clusters) as a factor level to test for differential 
expression of genes within each corresponding confidence inter
val. In other words, we checked whether those founders most con
tributing to trait levels had significantly high (or low) expression 
level of any of the genes in the QTL mapping interval. We tested 
these differences, for each gene, with a generalized linear model 
fitting transcript count data derived from RNA sequencing on 
founder lines with the founder effect groups. We then used a 
threshold of FDR 0.1 was used for multiple testing correction aris
ing from the individual gene tests. This approach has the advant
age of rapidly detecting suggestive candidate genes within QTL 
mapping intervals even when hundreds are present. It is based 
on the following assumptions that are important to specify: (i) 
transcript levels contribute to the expression of the trait; (ii) differ
ences in transcript levels across founder lines are constitutive and 
can be detected at the fourth leaf stage; (iii) transcript levels of 
founder lines are maintained in RILs. This method will only iden
tify gene models that match all these assumptions. Arguably, QTL 
may be contributed by other mechanisms that this method is not 
able to capture. Due to the low number of RILs carrying the CML91 
haplotype at the QTL, their effect as well as transcript abundances 
were excluded from these analyses (Dell’Acqua et al. 2015). The 
search for differentially expressed genes, based on founders’ hap
lotype effects, was only applied to significant peaks having confi
dence intervals with a span of less than 30 Mbp. Once we 
identified candidate genes with this method, we searched the 
most similar Arabidopsis ortholog based on putative protein se
quence identity. The procedure was carried out using the freely 
available database in PhytozomeV13 (Goodstein et al. 2012) as 
well as Plaza Monocot v. 4.5 (Van Bel et al. 2018).

To further the characterization of the identified QTL, we em
ployed a R/qtl2 built-in procedure designed to test marker associ
ations within specific regions. This approach collapses genotype 
probabilities of the RILs to the SNPs of the founder genotypes at 
a single QTL region. For this analysis, we retrieved a comprehen
sive WGS SNP database which was made available for the found
ers of our population (Dell’Acqua et al. 2015). From this database 
we derived 4,474,859 homozygous, polymorphic SNP. With this re
source, we imputed founder SNPs onto the reconstructed RIL ge
nomes. This way we were able to test associations in a given 
QTL, using a standard mixed linear model regression that incorpo
rates kinship with the aforementioned LOCO method. To ensure 
adequate statistical power and a sufficient number of SNP 
markers within each identified QTL, the confidence intervals 
were extended by 250 kbp both upstream and downstream. The 
most significant marker within these extended intervals was 
used to prioritize candidate genes, but only if it met a 
Bonferroni-corrected threshold with an alpha level of 0.05.

To fully exploit the genetic features of the MAGIC maize popu
lation we realigned existing WGS short-read sequencing data pro
duced on the founders of the population (Dell’Acqua et al. 2015) 
against RefGen V4 using BWA-MEM. Before alignment all reads 
were quality-controlled by Fastqc v0.12.1 (Andrews 2010) and fil
tered with bbduk from bbtools v38.87 (Bushnell 2015) to gain reads 
with a quality of at least 25 and minimum length of 35 bp. Bam 
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files were filtered for a minimal mapping quality of 30 and sorted 
and indexed with samtools v1.17 (Danecek et al. 2021). Mapping 
statistics were called with qualimap v.2.2.2-dev (García-Alcalde 
et al. 2012). CNVs were determined with cn.mops v1.46.0 package 
(Klambauer et al. 2012) based on read counts in 100 K bp bins for 
each chromosome. This approach was used to provide insights 
into structural variation as inferred CNV within QTLs confidence 
intervals.

Investigation of potential determining factors for 
CP24 deficiency in F7
We narrowed down our attention to the coding region of CP24 in
cluding 1 kbps upstream and downstream the relative gene model 
position. In the first step, our aim was to identify non-synonymous 
substitutions. To the purpose, we annotated the variants of all the 
founders with SnpEff v5.2-0 (Cingolani et al. 2012). Secondly, TFBS 
profiles of the founders in this region were annotated to identify 
unique patterns characterizing the F7 haplotype. To the purpose, 
consensus sequences of the founders were obtained with sam
tools faidx v0.1.19 and bcftools consensus v1.14 (Danecek et al. 
2021). The consensus sequences were then aligned in a multiple 
sequence alignment (MSA) with mafft v7.520 (Katoh and 
Standley 2013). Potential TFBS were determined for each founder 
consensus sequence through ‘Find Individual Motif Occurrences’ 
FIMO v5.5.4 (Grant et al. 2011) using the jaspar_core_plant_sin
gle_batch_nr_db.meme database (Sandelin et al. 2004). To identify 
regions of accessible chromatin, we retrieved ATAC-seq data in 
the proximity of the coding region of CP24 from data produced 
by Ricci et al. (2019).

Phylogenetic tree reconstruction for ZmKEA1,  
−2, −3
Phylogenetic reconstruction of the ZmKEA1, −2, −3 was 
carried out using the online platform PLAZA monocot 
(version 5) (Van Bel et al. 2021). Sequences for ZmKEA1, 
ZmKEA2, and ZmKEA3 were obtained through MSA of the pro
tein sequence Zm00001d026645 against the B73 maize refer
ence genome as well as the Arabidopsis reference available 
on PLAZA monocot (version 5). The MSA was conducted with 
the MUSCLE software (version 3.8). The phylogenetic tree 
was then constructed with FastTree (version 2.1), with the 
-wag and -gamma options.

Pedigree analyses
Pedigree analyses were carried out using the MaizeGDB Pedigree 
Viewer. The tool is based on a pedigree network of 4,706 maize va
rieties that are currently available in the MaizeGDB Stock Pages.

Additional chlorophyll fluorescence phenotyping 
of B73 and F7 founders
Characterization of chlorophyll fluorescence parameters related 
to PSII antenna size and efficiency was performed using the LCF 
fluorometer of LI-6800 Portable Photosynthesis System (LI-COR 
Biosciences, USA). OJIP induction kinetics elicited by a 600 ms 
square pulse of 20,000 µmol m−2 s−1 irradiance were monitored 
using the continuous fluorescence signal mode in order to achieve 
the best signal-to-noise and temporal response (∼1.6 MHz band
width detection response with 4 μs). The relative change of fluo
rescence yield was derived from the ratio of the continuous 
fluorescence signal divided by the continuous actinic irradiance 
signal monitored by the photodiode used for pulse optical control 
(Loriaux et al. 2013). The boosted flash intensity promoted 

fluorescence rise from Fo level to maximal Fj level and the corre
sponding reduction of the primary PSII quinone acceptor (QA) 
within the first few turnovers of PSII. The half rise time t1⁄2 defined 
as the time to rising from Fo to one-half of (Fj-Fo) was used as a 
proxy of the rate of photochemical reduction of QA and the recip
rocal of t1⁄2 provided a relative estimate of the effective antenna 
size of PSII. The measurement was carried out on single leaf 
that was dark adapted for at least 30 min.

Phenotyping of Arabidopsis T-DNA insertion 
mutants
All mutant lines were generated from Arabidopsis thaliana wild-type 
Columbia-0 (Col-0) or Columbia-3 (Col-3). Arabidopsis mutant lines 
for the following genes were obtained from the Nottingham 
Arabidopsis stock center: APK1A (SALK_056259C), AT1G76550 
(SAIL_1151_H05), AT2G17410 (SALK_026835C), AT2G20760 
(SALK_133492C), AT4G27450 (SALK_046196C), AT5G02430 
(SALK_136212C), CDC48 (SALK_005957C), CDL1 (SALK_039503C), 
KEA1 (SAIL_1156H07), KEA2 (SALK_045324), PK1B (SALK_001115C), 
RGP2 (SALK_132152C) and VTE4 (SALK_036736C). All mutants were 
validated as homozygous via PCR following standard practice 
(O’Malley et al. 2015). Primers used are listed in Supplementary 
Table S16. All plants were initially grown for 6 wk under short day con
ditions (8 h light/16 h dark, 22 °C, 60% humidity, 150 µmol m−2 s−1) 
and then shifted to a growth cabinet with a 12-h light/dark cycle 
and similar conditions at least 2 d before experiments. Whole rosettes 
were phenotyped via chlorophyll fluorescence exactly as previously 
described for the maize leaf sections. The plants were placed on a 
dimly lit lab bench for >1 h and then fully dark adapted for 15 min be
fore initiation of the chlorophyll fluorescence phenotyping. Between 8 
to 15 biological repeats were measured per unique mutant and wild 
type. All plants where data are presented together were grown in 
the same batch. Statistical differences between mutant lines and 
wild type (either Col-0 or Col-3) were determined via t-test (alpha = 
0.05). Instances where P-values were less than 0.05 and thereby indi
cating a statistically significant difference are highlighted using red as
terisks. For all Arabidopsis data, we provide the means (and standard 
errors) for initial Fo and Fm (Supplementary Figs. S6 and S7 and S9, and 
S10). In all cases, there were no significant differences in either Fo or Fm 

between mutants and associated wild types. A summary of all t-test 
results is provided in Supplementary Table S17.

Protein analyses
Thylakoid membrane protein complexes were isolated according 
to (Järvi et al. 2011). Briefly, 1 g of frozen leaf material (fourth fully 
expanded leaf) was ground in ice-cold grinding buffer (50 mM 

HEPES/KOH, pH 7.5, 330 mM sorbitol, 2 mM EDTA, 1 mM MgCl2, 
5 mM sodium ascorbate, 0.05% BSA, 5 mM NaCl, and 10 mM NaF) 
and filtered through 2 layers of Miracloth (Sigma Aldrich). The 
flow-through was spun down for 5 min at 5000 × g at 4 °C, and 
the resulting pellet was resuspended in 2 mL shock buffer 
(50 mM HEPES/KOH, pH 7.5, 5 mM sorbitol, 5 mM MgCl2, and 
10 mM NaF) and then in 2 mL storage buffer (50 mM HEPES/KOH, 
pH 7.5, 100 mM sorbitol, 10 mM MgCl2, and 10 mM NaF). Finally, 
the pellet was carefully resuspended in 100 µL storage buffer. 
All the steps were performed under dim light and on ice. The 
chlorophyll concentration was determined from a 5 µL sample 
in 100% methanol according to (Porra et al. 1989). Aliquots of 
the thylakoid fractions were diluted with ACA buffer (50 mM 

BisTris/HCl (pH 7.0), 750 mM ϵ-aminocaproic acid, 1 mM EDTA, 
0.25 mg ml−1Pefabloc, and 10 mM NaF) to 1 µg chl µL−1 and stored 
at −70 °C.
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For western blot analysis, 2 µg chl of thylakoid samples were 
denatured for 5 min at 70 °C in 2× Laemmli sample buffer 
(138 mM Tris/HCl (pH 6.8), 6 M urea, 22.2% (v/v) glycerol, 4.3% (w/ 
v) SDS, 5% (v/v) 2-mercaptoethanol, and 0.05% bromophenol 
blue). Samples were briefly spun down (5000 × g for 5 min), loaded 
onto a 12% Mini-PROTEAN TGX Precast Protein Gel, and run in a 
Mini-PROTEAN Electrophoresis Cell (Bio-Rad) using a Tris/glycine 
running buffer (25 mM Tris base, 190 mM glycine, and 0.1% SDS). 
Proteins were then blotted onto a PVDF membrane (pore size 
0.2 µm) using a Trans-Blot Turbo Transfer System (Bio-Rad) and 
the “Mixed MW” protocol (7 min blotting time). The membrane 
was briefly washed in TBS buffer and then blocked with 10% non
fat milk in T-TBS buffer for 1 h on a shaker. After that, the mem
brane was washed 2 times for 5 min with T-TBS on a shaker and 
incubated in the primary antibody (anti-CP24 (AS01 010), 
Agrisera, 1:2,500 in 1% milk in T-TBS) overnight at 4 °C, shaking. 
The next day, the membrane was washed 4 times for 5 min with 
T-TBS and incubated in the secondary antibody (AS09 602, 
Agrisera, goat anti-rabbit IgG, HRP conjugated, dilution = 
1:12,500 in 1% milk in T-TBS) for 1 h on a shaker. Finally, the mem
brane was washed 3 times with T-TBS and twice with TBS for 
5 min each and incubated with Clarity Western ECL substrate 
(Bio-Rad). After 5 min, the blot was imaged using a G:Box Chemi 
XRQ system (Syngene) with an exposure time of 3.5 min.

For blue native-polyacrylamide gel electrophoresis (BN-PAGE), 
10 µg chl samples were solubilized with an equal volume of 2% 
digitonin (in ACA buffer, final concentration = 1%) by gently shak
ing samples at room temperature for 10 min. Afterwards, samples 
were spun down for 20 min at 18,000 × g at 4 °C and the superna
tant was transferred into new tubes containing 1/10 of the volume 
of BN-PAGE sample buffer (100 mM BisTris/HCl (pH 7.0), 0.5 M ACA, 
30% (w/v) sucrose, and 50 mg mL−1 Serva Blue G). After careful 
mixing, samples were loaded onto a 3% to 12% Native PAGE Bis/ 
Tris precast gel (Invitrogen) and were run using the XCell 
SureLock Mini-Cell system (Invitrogen) on ice. The outer chamber 
was filled with clear anode buffer (50 mM BisTris/HCl, pH 7.0), 
whereas the inner chamber contained blue cathode buffer 
(50 mM Tricine, 15 mM BisTris/HCl (pH 7.0), and 0.01% Serva Blue 
G). Electrophoresis was performed using the following protocol: 
75 V for 30 min, 100 V for 5 min, 125 V for 30 min, 150 V for 1 h 
and 175 V for 60 to 90 min. After the first 90 min, the blue cathode 
buffer was replaced with a clear cathode buffer, omitting Serva 
Blue G. The gel was then imaged using a flatbed scanner.

Analysis of CCD1 copy number by RT-qPCR
Real-time quantitative PCR (RT-qPCR) was used to determine the 
copy number of CCD1 in each founder. Genes of known single 
copy, VP14 (Tan et al. 2017) and ADH1 (Broothaerts et al. 2008) 
were used as references. Genomic DNA of founders was extracted 
from young leaves using the CTAB method. To improve the accu
racy of the RT-qPCR, genomic DNA was first digested to complete
ness with EcoRI. Reactions were then prepared using 200 ng 
digested DNA, 200 nmole of forward and reverse primer sets for 
reference genes (ADH1,5′-CGTCGTTTCCCATCTCTTCCT-3′ and 
5′-CCACTCCGAGACCCTCAGTC-3′; VP14, 5′-GCTGGCTTGGCTTG 
TATACTCTG-3′ and CCATCAGTCATATACTGTGAACAAATGT-3′) 
and CCD1 (5′-GGGAAGAGGGTGATGAAGTTGT-3′ and 5′-TGATA 
TCCATTCACCTTGTCCAAA-3′) and 5 µL of SsoAdvanced 
Universal SYBR Green Supermix (172-5270; BioRad, Hercules, 
CA, USA). All samples were analyzed in triplicate using the CFX 
connect Real-Time PCR Detection System (1855201, BioRad, 
Singapore). The following RT-qPCR conditions were used: 3 min 

at 98 °C, 40 times (10 s at 98 °C, 30 s at 60 °C), followed by a melting 
curve from 60 °C to 95 °C. Copy number was estimated using the 
ΔΔCt method (Livak and Schmittgen 2001) and Ct values were nor
malized against B73 as a single copy reference (Tan et al. 2017).

Accession numbers
The raw sequences obtained using SPET, used in this study, are 
available at the European Nucleotide Archive (ENA) (https:// 
www.ebi.ac.uk/ena/browser/home), under project ID PRJEB67515.
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Kouřil R, Nosek L, Bartoš J, Boekema EJ, Ilík P. Evolutionary loss of 

light-harvesting proteins Lhcb6 and Lhcb3 in major land plant 

groups—break-up of current dogma. New Phytol. 2016:210(3): 

808–814. https://doi.org/10.1111/nph.13947
Kovács L, Damkjær J, Kereïche S, Ilioaia C, Ruban AV, Boekema EJ, 

Jansson S, Horton P. Lack of the light-harvesting complex CP24 af

fects the structure and function of the grana membranes of high

er plant chloroplasts. Plant Cell. 2006:18(11):3106–3120. https:// 

doi.org/10.1105/tpc.106.045641
Koziol AG, Borza T, Ishida K-I, Keeling P, Lee RW, Durnford DG. 

Tracing the evolution of the light-harvesting antennae in chloro

phyll a/b-containing organisms. Plant Physiol. 2007:143(4): 

1802–1816. https://doi.org/10.1104/pp.106.092536
Kromdijk J, Głowacka K, Leonelli L, Gabilly ST, Iwai M, Niyogi KK, 

Long SP. Improving photosynthesis and crop productivity by ac

celerating recovery from photoprotection. Science. 

2016:354(6314):857–861. https://doi.org/10.1126/science.aai8878
Kunz HH, Gierth M, Herdean A, Satoh-Cruz M, Kramer DM, Spetea C, 

Schroeder JI. Plastidial transporters KEA1, -2, and -3 are essential 

for chloroplast osmoregulation, integrity, and pH regulation in 

Arabidopsis. Proc Natl Acad Sci U S A. 2014:111(20):7480–7485. 

https://doi.org/10.1073/pnas.1323899111
Lawson T, Kramer DM, Raines CA. Improving yield by exploiting 

mechanisms underlying natural variation of photosynthesis. 

Curr Opin Biotechnol. 2012:23(2):215–220. https://doi.org/10.1016/j. 

copbio.2011.12.012
Leipner J, Fracheboud Y, Stamp P. Effect of growing season on 

the photosynthetic apparatus and leaf antioxidative defenses 

in two maize genotypes of different chilling tolerance. 

Environ Exp Bot. 1999:42(2):129–139. https://doi.org/10.1016/ 

S0098-8472(99)00026-X
Lemonnier P, Lawson T. Calvin cycle and guard cell metabolism im

pact stomatal function. Semin Cell Dev Biol. 2024:155:59–70. 

https://doi.org/10.1016/j.semcdb.2023.03.001
Li H, Durbin R. Fast and accurate short read alignment with 

Burrows–Wheeler transform. Bioinformatics. 2009:25(14): 

1754–1760. https://doi.org/10.1093/bioinformatics/btp324
Liu P-C, Peacock WJ, Wang L, Furbank R, Larkum A, Dennis ES. Leaf 

growth in early development is key to biomass heterosis in 

Arabidopsis. J Exp Bot. 2020:71(8):2439–2450. https://doi.org/10. 

1093/jxb/eraa006
Livak KJ, Schmittgen TD. Analysis of relative gene expression data 

using real-time quantitative PCR and the 2(-Delta Delta C(T)). 

Method. Methods. 2001:25(4):402–408. https://doi.org/10.1006/ 

meth.2001.1262
Long SP, Humphries S, Falkowski PG. Photoinhibition of photosyn

thesis in nature. Annu Rev Plant Physiol Plant Mol Biol. 1994:45(1): 

633–662. https://doi.org/10.1146/annurev.pp.45.060194.003221
Long SP, Taylor SH, Burgess SJ, Carmo-Silva E, Lawson T, De 

SouzaAP, Leonelli L, Wang Y. Into the shadows and back into sun

light: photosynthesis in fluctuating light. Annu Rev Plant Biol. 

2022:73(1):617–648. https://doi.org/10.1146/annurev-arplant-07 

0221-024745
Loriaux SD, Avenson TJ, Welles JM, Mcdermitt DK, Eckles RD, 

Riensche B, Genty B. Closing in on maximum yield of chlorophyll 

fluorescence using a single multiphase flash of sub-saturating in

tensity. Plant Cell Environ. 2013:36(10):1755–1770. https://doi.org/ 

10.1111/pce.12115
Mayer M, Hölker AC, González-Segovia E, Bauer E, Presterl T, 

Ouzunova M, Melchinger AE, Schön CC. Discovery of beneficial 

haplotypes for complex traits in maize landraces. Nat Commun. 

2020:11(1):4954. https://doi.org/10.1038/s41467-020-18683-3

Genetic basis of PSII efficiency and NPQ in maize | 19
D

ow
nloaded from

 https://academ
ic.oup.com

/plcell/article/37/4/koaf063/8093448 by guest on 03 D
ecem

ber 2025

https://doi.org/10.1038/s41467-018-03231-x
https://doi.org/10.1038/s41467-018-03231-x
https://doi.org/10.1093/nar/gkr944
https://doi.org/10.1093/bioinformatics/btr064
https://doi.org/10.3389/fpls.2019.00174
https://doi.org/10.3389/fpls.2019.00174
https://doi.org/10.1002/agj2.20085
https://doi.org/10.1002/agj2.20085
https://doi.org/10.1016/S0304-4173(87)80009-5
https://doi.org/10.1016/S0304-4173(87)80009-5
https://doi.org/10.1038/s42003-018-0026-6
https://doi.org/10.1042/BJ20102155
https://doi.org/10.1042/BJ20102155
https://doi.org/10.1038/nature22971
https://doi.org/10.1104/pp.17.01250
https://doi.org/10.1016/j.agwat.2021.107371
https://doi.org/10.1093/molbev/mst010
https://doi.org/10.1093/molbev/mst010
https://doi.org/10.1093/nar/gks003
https://doi.org/10.1016/j.ygeno.2021.04.032
https://doi.org/10.1016/j.ygeno.2021.04.032
https://doi.org/10.1111/nph.13947
https://doi.org/10.1105/tpc.106.045641
https://doi.org/10.1105/tpc.106.045641
https://doi.org/10.1104/pp.106.092536
https://doi.org/10.1126/science.aai8878
https://doi.org/10.1073/pnas.1323899111
https://doi.org/10.1016/j.copbio.2011.12.012
https://doi.org/10.1016/j.copbio.2011.12.012
https://doi.org/10.1016/S0098-8472(99)00026-X
https://doi.org/10.1016/S0098-8472(99)00026-X
https://doi.org/10.1016/j.semcdb.2023.03.001
https://doi.org/10.1093/bioinformatics/btp324
https://doi.org/10.1093/jxb/eraa006
https://doi.org/10.1093/jxb/eraa006
https://doi.org/10.1006/meth.2001.1262
https://doi.org/10.1006/meth.2001.1262
https://doi.org/10.1146/annurev.pp.45.060194.003221
https://doi.org/10.1146/annurev-arplant-070221-024745
https://doi.org/10.1146/annurev-arplant-070221-024745
https://doi.org/10.1111/pce.12115
https://doi.org/10.1111/pce.12115
https://doi.org/10.1038/s41467-020-18683-3


Meena RK, Reddy KS, Gautam R, Maddela S, Reddy AR, Gudipalli P. 
Improved photosynthetic characteristics correlated with en
hanced biomass in a heterotic F1 hybrid of maize (Zea mays L.). 
Photosynth Res. 2021:147(3):253–267. https://doi.org/10.1007/ 
s11120-021-00822-6

Mehta H, Sarkar KR. Heterosis for leaf photosynthesis, grain yield 

and yield components in maize. Euphytica. 1992:61(2):161–168. 
https://doi.org/10.1007/BF00026807

Mendiburu FD, Simon R. Agricolae—Ten years of an open source 
statistical tool for experiments in breeding, agriculture and biol
ogy (PeerJ PrePrints). https://doi.org/10.7287/peerj.preprints. 
1404v1, 29 September 2015, preprint: not peer reviewed.

Mezmouk S, Ross-Ibarra J. The pattern and distribution of deleteri

ous mutations in maize. G3 (Bethesda). 2014:4(1):163–171. 
https://doi.org/10.1534/g3.113.008870

Miculan M, Nelissen H, Ben Hassen M, Marroni F, Inzé D, Pè ME, 
Dell’Acqua M. A forward genetics approach integrating genome- 
wide association study and expression quantitative trait locus 
mapping to dissect leaf development in maize (Zea mays). Plant 
J. 2021:107(4):1056–1071. https://doi.org/10.1111/tpj.15364

Murchie EH, Kefauver S, Araus JL, Muller O, Rascher U, Flood PJ, 
Lawson T. Measuring the dynamic photosynthome. Ann Bot. 
2018:122(2):207–220. https://doi.org/10.1093/aob/mcy087

Murchie EH, Lawson T. Chlorophyll fluorescence analysis: a guide to 
good practice and understanding some new applications. J Exp 
Bot. 2013:64(13):3983–3998. https://doi.org/10.1093/jxb/ert208

Murchie EH, Ruban AV. Dynamic non-photochemical quenching in 

plants: from molecular mechanism to productivity. Plant J. 
2020:101(4):885–896. https://doi.org/10.1111/tpj.14601

Myouga F, Takahashi K, Tanaka R, Nagata N, Kiss AZ, Funk C, 
Nomura Y, Nakagami H, Jansson S, Shinozaki K. Stable accumu
lation of photosystem II requires ONE-HELIX PROTEIN1 (OHP1) of 
the light harvesting-like family. Plant Physiol. 2018:176(3): 
2277–2291. https://doi.org/10.1104/pp.17.01782

O’Malley RC, Barragan CC, Ecker JR. A user’s guide to the 

Arabidopsis T-DNA insertion mutant collections. Methods 
Molecular Biology. 2015:1284:323–342. https://doi.org/10.1007/978- 
1-4939-2444-8_16

Ort DR, Merchant SS, Alric J, Barkan A, Blankenship RE, Bock R, Croce 
R, Hanson MR, Hibberd JM, Long SP, et al. Redesigning photosyn
thesis to sustainably meet global food and bioenergy demand. 

Proc Natl Acad Sci U S A. 2015:112(28):8529–8536. https://doi.org/ 
10.1073/pnas.1424031112

Pietrini F, Massacci A. Leaf anthocyanin content changes in Zea 
mays L. grown at low temperature: significance for the relation
ship between the quantum yield of PS II and the apparent quan
tum yield of CO2 assimilation. Photosynth Res. 1998:58(3):213–219. 

https://doi.org/10.1023/A:1006152610137
Poplin R, Ruano-Rubio V, DePristo MA, Fennell TJ, Carneiro MO, Van 

der Auwera GA, Kling DE, Gauthier LD, Levy-Moonshine A, 
Roazen D, et al. Scaling accurate genetic variant discovery to 
tens of thousands of samples. bioRxiv 2018:201178. https://doi. 
org/10.1101/201178, 24 July 2018, preprint: not peer reviewed.

Porra RJ, Thompson WA, Kriedemann PE. Determination of accurate 

extinction coefficients and simultaneous equations for assaying 
chlorophylls a and b extracted with four different solvents: veri
fication of the concentration of chlorophyll standards by atomic 
absorption spectroscopy. Biochimica et Biophysica Acta (BBA)— 
Bioenergetics. 1989:975(3):384–394. https://doi.org/10.1016/S0005- 

2728(89)80347-0
Ray DK, Mueller ND, West PC, Foley JA. Yield trends are insufficient 

to double global crop production by 2050. PLoS One. 2013:8(6): 
e66428. https://doi.org/10.1371/journal.pone.0066428

Ricci WA, Lu Z, Ji L, Marand AP, Ethridge CL, Murphy NG, Noshay JM, 

Galli M, Mejía-Guerra MK, Colomé-Tatché M, et al. Widespread 

long-range cis-regulatory elements in the maize genome. Nat 

Plants. 2019:5(12):1237–1249. https://doi.org/10.1038/s41477-019- 

0547-0
Ripley BS, Gilbert ME, Ibrahim DG, Osborne CP. Drought constraints 

on C4 photosynthesis: stomatal and metabolic limitations in C3 

and C4 subspecies of Alloteropsis semialata. J Exp Bot. 

2007:58(6):1351–1363. https://doi.org/10.1093/jxb/erl302
Robinson MD, McCarthy DJ, Smyth GK. Edger: a bioconductor pack

age for differential expression analysis of digital gene expression 

data. Bioinformatics. 2010:26(1):139–140. https://doi.org/10.1093/ 

bioinformatics/btp616
Ruban AV, Murchie EH. Assessing the photoprotective effectiveness 

of non-photochemical chlorophyll fluorescence quenching: a 

new approach. Biochim Biophys Acta. 2012:1817(7):977–982. 

https://doi.org/10.1016/j.bbabio.2012.03.026
Rungrat T, Almonte AA, Cheng R, Gollan PJ, Stuart T, Aro E-M, 

Borevitz JO, Pogson B, Wilson PB. A genome-wide association 

study of non-photochemical quenching in response to local sea

sonal climates in Arabidopsis thaliana. Plant Direct. 2019:3(5): 

e00138. https://doi.org/10.1002/pld3.138
Sahay S, Grzybowski M, Schnable JC, Głowacka K. Genetic control of 

photoprotection and photosystem II operating efficiency in 

plants. New Phytol. 2023:239(3):1068–1082. https://doi.org/10. 

1111/nph.18980
Sahay S, Shrestha N, Moura Dias H, Mural RV, Grzybowski M, 

Schnabel JC, Głowacka K. Nonphotochemical quenching kinetics 

GWAS in sorghum identifies genes that may play conserved roles 

in maize and Arabidopsis thaliana photoprotection. Plant J. 

2024:119:3000–3014. 10.1111/tpj.16967
Sales CRG, Wang Y, Evers JB, Kromdijk J. Improving C4 photosynthe

sis to increase productivity under optimal and suboptimal condi

tions. J Exp Bot. 2021:72(17):5942–5960. https://doi.org/10.1093/ 

jxb/erab327
Salesse-Smith CE, Sharwood RE, Busch FA, Kromdijk J, Bardal V, 

Stern DB. Overexpression of Rubisco subunits with RAF1 in

creases Rubisco content in maize. Nat Plants. 2018:4(10): 

802–810. https://doi.org/10.1038/s41477-018-0252-4
Salesse-Smith CE, Sharwood RE, Busch FA, Stern DB. Increased 

Rubisco content in maize mitigates chilling stress and speeds re

covery. Plant Biotechnol J. 2020:18(6):1409–1420. https://doi.org/10. 

1111/pbi.13306
Sandelin A, Alkema W, Engström P, Wasserman WW, Lenhard B. 

JASPAR: an open-access database for eukaryotic transcription 

factor binding profiles. Nucleic Acids Res. 2004:32(suppl_1): 

D91–D94. https://doi.org/10.1093/nar/gkh012
Scaglione D, Pinosio S, Marroni F, Di Centa E, Fornasiero A, Magris G, 

Scalabrin S, Cattonaro F, Taylor G, Morgante M. Single primer en

richment technology as a tool for massive genotyping: a bench

mark on black poplar and maize. Ann Bot. 2019:124(4):543–551. 

https://doi.org/10.1093/aob/mcz054
Schmidt P, Hartung J, Bennewitz J, Piepho H-P. Heritability in plant 

breeding on a genotype-difference basis. Genetics. 2019:212(4): 

991–1008. https://doi.org/10.1534/genetics.119.302134
Scott MF, Ladejobi O, Amer S, Bentley AR, Biernaskie J, Boden SA, 

Clark M, Dell’Acqua M, Dixon LE, Filippi CV, et al. Multi-parent 

populations in crops: a toolbox integrating genomics and genetic 

mapping with breeding. Heredity (Edinb). 2020:125(6):396–416. 

https://doi.org/10.1038/s41437-020-0336-6

Shull GH. What is “Heterosis”? Genetics. 1948:33(5):439–446. https:// 

doi.org/10.1093/genetics/33.5.439

20 | The Plant Cell, 2025, Vol. 37, No. 4

D
ow

nloaded from
 https://academ

ic.oup.com
/plcell/article/37/4/koaf063/8093448 by guest on 03 D

ecem
ber 2025

https://doi.org/10.1007/s11120-021-00822-6
https://doi.org/10.1007/s11120-021-00822-6
https://doi.org/10.1007/BF00026807
https://doi.org/10.7287/peerj.preprints.1404v1
https://doi.org/10.7287/peerj.preprints.1404v1
https://doi.org/10.1534/g3.113.008870
https://doi.org/10.1111/tpj.15364
https://doi.org/10.1093/aob/mcy087
https://doi.org/10.1093/jxb/ert208
https://doi.org/10.1111/tpj.14601
https://doi.org/10.1104/pp.17.01782
https://doi.org/10.1007/978-1-4939-2444-8_16
https://doi.org/10.1007/978-1-4939-2444-8_16
https://doi.org/10.1073/pnas.1424031112
https://doi.org/10.1073/pnas.1424031112
https://doi.org/10.1023/A:1006152610137
https://doi.org/10.1101/201178
https://doi.org/10.1101/201178
https://doi.org/10.1016/S0005-2728(89)80347-0
https://doi.org/10.1016/S0005-2728(89)80347-0
https://doi.org/10.1371/journal.pone.0066428
https://doi.org/10.1038/s41477-019-0547-0
https://doi.org/10.1038/s41477-019-0547-0
https://doi.org/10.1093/jxb/erl302
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1016/j.bbabio.2012.03.026
https://doi.org/10.1002/pld3.138
https://doi.org/10.1111/nph.18980
https://doi.org/10.1111/nph.18980
https://doi.org/10.1111/tpj.16967
https://doi.org/10.1093/jxb/erab327
https://doi.org/10.1093/jxb/erab327
https://doi.org/10.1038/s41477-018-0252-4
https://doi.org/10.1111/pbi.13306
https://doi.org/10.1111/pbi.13306
https://doi.org/10.1093/nar/gkh012
https://doi.org/10.1093/aob/mcz054
https://doi.org/10.1534/genetics.119.302134
https://doi.org/10.1038/s41437-020-0336-6
https://doi.org/10.1093/genetics/33.5.439
https://doi.org/10.1093/genetics/33.5.439


Soengas P, Ordas B, Malvar RA, Revilla P, Ordas A. Combining abil
ities and heterosis for adaptation in Flint Maize Populations. 
Crop Sci. 2006:46:2666–2669. https://doi.org/10.2135/cropsci2006. 
04.0230

Tan B-C, Guan J-C, Ding S, Wu S, Saunders JW, Koch KE, McCarty DR. 
Structure and origin of the white cap locus and its role in evolu
tion of grain color in maize. Genetics. 2017:206(1):135–150. 
https://doi.org/10.1534/genetics.116.198911

Theeuwen TPJM, Logie LL, Put S, Bagheri H, Łosiński K, Drouault J, 
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