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ABSTRACT
We examined whether conventional peak-based traits or curve-shape characteristics better explain photosynthetic performance 
under realistic warming conditions that combine elevated mean temperatures with pronounced diurnal fluctuations and recur-
rent heat extremes. Photosynthetic temperature-response curves of 14 rice genotypes, including wild relatives and cultivated 
varieties, were quantified using a unified modified Arrhenius model, and thermal breadth and sensitivity traits were extracted 
and used to simulate daily carbon gain under midsummer diurnal temperature patterns. All 14 genotypes exhibited substantial 
divergence in their photosynthetic thermal responses. While the optimum temperature for photosynthetic rate (Topt) was highly 
conserved (the phenotypic coefficient of variation, PCV = 5.7%), shape-based metrics showed far greater variation, especially the 
high-temperature sensitivity (Slopehigher), with PCV exceeding 70%. Thermal breadth (Breadth80) ranged from 14.2°C to 29.1°C, 
and Aopt varied by more than 60% across genotypes. Then the genotypes were divied into distinct thermal response groups, which 
are broad-and-stable types (e.g., SY63, N22), high-capacity but fragile types (e.g., O. glumaepatala (E8-2)), and heat-sensitive 
types (e.g., LYPJ). Simulations revealed that daily carbon gain corresponded more strongly to Breadth80 and high-temperature 
sensitivity than to peak traits. Our findings demonstrate that thermostability, not peak performance, is the key determinant 
of carbon assimilation under hot environments with substantial daytime temperature fluctuations. Incorporating curve-shape 
traits into breeding and phenotyping efforts will be essential for developing climate-resilient rice.

1   |   Introduction

Global warming and its impacts on regional agroecosystems are 
becoming increasingly pronounced (Gong et al. 2023; Jagadish 
et al. 2014; Xu et al. 2020; Liu et al. 2018; Mathur et al. 2014; 
Shi et  al.  2017; Xu et  al.  2020). In the middle reaches of the 
Yangtze River, a core rice-producing region characterised by 
a subtropical monsoon climate, summer temperatures during 
the rice growing season have risen markedly in recent decades 
(Deng et  al.  2023; Li et  al.  2025; Liu et  al.  2024). Daytime air 
temperatures in July and August now commonly remain above 
30°C, with extreme events frequently approaching or exceeding 

40°C (CMA 2024). These conditions indicate a shift toward high 
temperatures that are not only more intense, but also more per-
sistent and recurrent (Jiang et  al.  2023, 2024; Radhakrishna 
et al. 2018). In addition to elevated means, the region typically 
experiences diurnal temperature ranges of around 10°C, ex-
posing rice plants to substantial thermal fluctuations within a 
single day (Rehmani et  al.  2021; Sang  2012; Yang, Zhang, Li, 
et  al.  2020; Zhang et  al.  2025). Therefore, understanding how 
rice photosynthesis responds to both high temperatures and 
their fluctuations has become essential for anticipating the im-
pacts of future climate warming on regional rice production 
(Kanno et al. 2009; Makino 2021).
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The response of photosynthesis to temperature has long 
been recognised as one of the central questions in plant eco-
physiology (Angilletta  2006; Asbury and Angilletta  2010; 
Kontopoulos et  al.  2024; Molnár et  al.  2017). It is now well 
established that the relationship between net photosynthetic 
rate and leaf temperature is not linear but follows a charac-
teristic unimodal pattern, typically represented by a peaked 
curve (Atkin et al. 2006; Bernacchi et al. 2003; Bytnerowicz 
et al. 2022; Dusenge et al. 2025; Mathur et al. 2014; Medlyn 
et  al.  2002; Padfield et  al.  2021; Sage and Kubien  2007; 
Salvucci and Crafts-Brandner  2004; Sharkey  2005; Sharkey 
and Zhang 2010; Way and Yamori 2013; Yamasaki et al. 2002; 
Yamori et  al.  2013; Yamori et  al.  2005). Among the various 
analytical frameworks developed, Arrhenius-type models, 
particularly modified formulations incorporating enzyme 
deactivation at high temperatures, have become the com-
mon tools for quantifying photosynthetic thermal responses 
(Mathan et  al.  2021; Medlyn et  al.  2002; Molnár et  al.  2017; 
Noguchi et  al.  2015; Yin  2021), although debate exists 
(Kontopoulos et al. 2024; Padfield et al. 2021). These models 
capture the fundamental biochemical processes that govern 
temperature-dependent changes in photosynthetic capacity 
and allow the estimation of key peak parameters such as the 
optimal temperature for photosynthesis (Topt) and the maxi-
mum photosynthetic rate (Aopt) (Geange et al. 2020; Glaubitz 
et al. 2014; Moore et al. 2021; Yamori et al. 2005, 2013; Yang, 
Zhang, Huang, et al. 2020).

However, the peak-centric perspective presents important lim-
itations when extrapolated to field conditions (Sharkey  2005). 
Topt often shows strong conservatism and limited plasticity 
across species (Crous et al. 2024; Dusenge et al. 2021; Wittemann 
et  al.  2022), making it unlikely to fully track rising environ-
mental temperatures. Moreover, crop performance depends not 
solely on behaviour at the thermal optimum but on the ability of 
photosynthesis to be sustained as temperatures fluctuate around 
and depart from that optimum (Cai et al. 2020; Song et al. 2019; 
Yin and Struik 2017).

A growing body of work suggests that the shape of the thermal 
response curve—including its symmetry, breadth and rates of de-
cline on either side of Topt—may be equally or even more import-
ant under fluctuating thermal environments (Dowd et al. 2015; 
Dusenge et al. 2025; Rohr et al. 2018). Two genotypes may share 
similar Aopt values yet differ markedly in thermal sensitivity, 
that one may display a narrow, sharply peaked curve that de-
clines steeply with modest warming, whereas another may ex-
hibit a broader, more plateau-like curve that maintains moderate 

rates over a wider temperature range (Briceño et al. 2025; Carter 
et  al.  2019; Rohr et  al.  2018). Under natural conditions, where 
leaf temperatures rarely remain at Topt for extended periods (Liu 
et al. 2025), genotypes with modest peaks but broad, stable curves 
may accumulate more carbon over the day than those with higher 
but fragile peaks (Busch et al. 2007; Galmés et al. 2015; Katahata 
et  al.  2014; Way and Sage  2008). These insights highlight the 
need to move beyond traditional peak-centric assessments and 
to incorporate curve-shape characteristics in order to more accu-
rately capture physiological performance under realistic fluctu-
ating temperatures.

In the present study, we investigated photosynthetic 
temperature-response curves of 14 genetically diverse rice ac-
cessions, and quantified both peak-related traits and shape-
based traits that describe performance breadth and thermal 
sensitivity. Our objectives were: (1) to characterise the extent 
and pattern of genetic variation in both peak-related traits and 
shape-based traits across rice genotypes; and (2) to assess how 
different combinations of peak and shape-based traits influence 
daily carbon assimilation estimation under realistic diurnal 
temperature fluctuations.

2   |   Materials and Methods

2.1   |   Plant Materials and Growth Conditions

To explore the natural variation in photosynthetic responses to 
temperature, we studied 14 genotypes representing wide diver-
sity in species, geographical origin and variety. These included 
six wild relatives: O. alta (E1-6), O. grandiglumis (E6-3), O. glu-
maepatala (E8-2 and E8-3), O. latifolia (E9-4) and O. subulata 
(E21-1), and eight cultivated varieties of O. sativa: Huanghuazhan 
(HHZ), Shanyou63 (SY63), Yangliangyou 6 (YLY6), Yangdao 6 
(YD6), Liangyoupeijiu (LYPJ), Nagina 22 (N22), Nangeng 9108 
(NG9108) and Yongyou 12 (YY12) (Table S1). Rice seedlings were 
transplanted into 3-L pots filled with dry paddy soil, with each 
pot containing three hills. All plants were grown outdoors on the 
campus of Huazhong Agricultural University. A total of 6.0 g of 
compound fertiliser (N:P2O5:K2O = 15:15:15) was applied: 3.0 g as 
a basal application and the remaining 3.0 g applied at the early 
tillering stage, 10 days before gas-exchange measurements com-
menced. To mitigate disease and pest pressure, pesticides were 
applied 15 days after transplanting and again 7 days before gas-
exchange measurements. Measurements were conducted on the 
youngest fully expanded leaves at the late tillering stage.

2.2   |   Gas Exchange Measurements

Gas exchange was measured using a portable photosynthesis 
system (LI-6800-01, LI-COR Inc., USA), equipped with a 2 cm2 
integrated fluorescence chamber head. Measurements were 
performed between 08:00 and 17:30 in a walk-in growth cham-
ber (GR48, Conviron, Canada). Temperature response curves 
were constructed by measuring the net photosynthetic rate (An) 
across a series of controlled leaf temperatures (Tleaf).

Before measurements commenced, the walk-in growth cham-
ber was set to 30°C, and allowed to reach thermal equilibrium. 

Key Points

•	 Traditional peak photosynthesis metrics poorly predict 
rice performance in fluctuating high temperatures.

•	 Photosynthetic thermal stability shows great genetic 
variation, captured by curve-shape traits.

•	 Daily carbon gain is governed more by thermal 
breadth than by peak photosynthetic capacity.

•	 Curve-shape traits provide a novel phenotyping 
toolkit for breeding climate-resilient rice.

 1439037x, 2026, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jac.70174 by H

uazhong A
gricultural U

niversity, W
iley O

nline L
ibrary on [13/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



3 of 13Journal of Agronomy and Crop Science, 2026

Once stabilised, six seedling pots of were randomly selected 
and transferred from outdoors into the chamber, where they 
acclimated for at least 30 min (Bytnerowicz et  al.  2022; Coast 
et al. 2021). During this interval, the LI-6800-01 was also placed 
inside the chamber and its Tleaf setting was adjusted to match 
the ambient chamber temperature. In each pot, a youngest fully 
expanded leaf was identified and marked, and all gas exchange 
measurements at different Tleaf were taken from this same leaf. 
The PPFD, CO2 concentration, flow rate, fan speed and leaf-to-
air vapour pressure deficit (VPD) in the gas exchange chamber 
were set at 1500 μmol m−2 s−1, 400 μmol mol−1, 300 μmol s−1, 
10,000 rpm and 1.5 kPa, respectively.

The measurement sequence started at a Tleaf of 30°C. After the 
leaf equilibrated to the gas exchange chamber conditions (the 
fluctuation of An was less than 2% in 2 min), the gas exchange 
data were recorded. Subsequently, both growth-chamber tem-
perature and the Tleaf of LI-6800-01 settings were adjusted to 
the next target temperature in the sequence. Seedlings and the 
instrument were then allowed at least 20 min to re-equilibrate 
before measurements resumed.

The full target temperature sequence was 30°C, 35°C, 40°C, 
30°C, 25°C, 20°C and 15°C. Once the gas exchange measure-
ments finish above 30°C of Tleaf, the growth chamber and leaf 
temperature were set back to 30°C before proceeding to lower 
temperatures. For each genotype, four to six independent biolog-
ical replicates were measured.

2.3   |   Temperature Response Curve Fitting

The temperature response curve of the net photosynthetic 
rate (An) is fitted to the modified Arrhenius model (Medlyn 
et al. 2002), which describes temperature-dependent biochemical 
rates by combining an Arrhenius increase at low temperatures 
with a deactivation term that reduces rates at high temperatures 
due to enzyme instability, quantified through a deactivation en-
ergy (Ds; J mol−1) and an entropy term (Ss; J mol−1 K−1) that to-
gether determine the sharpness and position of the decline. The 
equation of the model is given by:

where A25 is the photosynthetic rate at Tleaf = 25°C, Ea, Ds and Ss 
(J mol−1) are the activation energy, deactivation energy and the 
entropy factor, respectively, and R is the universal gas constant 
(8.314 J mol−1 K−1).

To estimate the optimal photosynthetic rate (𝐴opt) and the tem-
perature at which this maximum occurs (Topt), Equation (1) was 
re-parameterised following Medlyn et al. (2002). The reformu-
lated expression takes the following form:

2.4   |   Deriving Thermal Breadth and Sensitivity 
Traits From Fitted Curves

The interpretation of key parameters derived from representa-
tive photosynthetic temperature-response curves is illustrated 
in Figure 1. As illustrated in Figure 1A,B and Figure S1, the 
pair of parameters Ea and Ds jointly determine the overall 
shape of the response curve. A high Ea yields a steep rise in 
An prior to the Topt (pre-Topt region), whereas a high Ds leads 
to a sharp decline afterward (post-Topt region). Consequently, 
combinations of large Ea and large Ds yield a narrow, sharply 
peaked curve, while smaller values generate broader, flatter 
thermal responses.

To quantify the genetic variation in thermal response beyond 
the shape parameters Ea and Ds, two additional metrics were 
also extracted from the fitted curves. First, the thermal photo-
synthetic breadth (Breadth80) was defined as the temperature 
range over which A, remains ≥ 80% of Aopt (Figure 1C, green 
solid line). It was calculated as Breadth80 = Thigher − Tlower, 
where 𝑇 lower and 𝑇higher are the temperatures at which 
𝐴(𝑇) = 0.8𝐴opt. Second, temperature-sensitivity slopes 
(Slopelower and Slopehigher) were calculated to characterise 
how rapidly photosynthesis declines on either side of Topt. 
Slopelower is the average rate of change in 𝐴𝑛 between 𝑇 lower 
and 𝑇opt, whereas Slopehigher is the corresponding average rate 
between 𝑇opt and 𝑇higher (Figure 1C, blue and red segments). 
We used the chord-slope method (ΔAn/ΔTleaf) between these 
endpoints, which captures the overall decline pattern while 
reducing sensitivity to noise in the fitted curves compared 
with instantaneous derivatives.

For integrated comparison of thermal adaptation among geno-
types, Slope80 was expressed as the absolute values of Slopelower 
and Slopehigher at the 80% Aopt thresholds. These two absolute 
slope values were combined as a holistic measure that comple-
ments Breadth80 and enables comparison of adaptation across 
the full temperature range.

2.5   |   Simulation-Based Analysis of Daily Carbon 
Accumulation

Daily photosynthetic carbon gain was simulated to examine how 
different temperature-response characteristics influence carbon 
assimilation under realistic summer conditions. Photosynthesis 
was modelled assuming that leaf temperature equaled ambient 
air temperature. The response of An to photosynthetic photon flux 
density (PPFD) was described using the non-rectangular hyper-
bola model of Du et al. (2020), parameterised for rice (quantum 
yield = 0.05, convexity = 0.85, dark respiration = 1.0 μmol m−2 s−1, 
maximum gross photosynthetic rate = 35 μmol m−2 s−1). This 
light-response formulation represents instantaneous An–PPFD 
relationships and does not account for circadian or other envi-
ronmental factors (e.g., VPD).

The simulation comprised two ways. First, a theoretical anal-
ysis was conducted using two representative temperature-
response curve types, chosen to illustrate contrasting thermal 
photosynthetic profiles. For this analysis, we constructed 
a typical midsummer diurnal course by averaging all air 
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temperature and PPFD measurements recorded in Wuhan 
during August 2025 at each 10-min time of day. These aver-
aged diurnal patterns were used as environmental inputs to 
evaluate how the two representative curve shapes differ in po-
tential daily carbon gain.

Second, daily carbon gain was simulated for all 14 rice gen-
otypes using environmental data from a single represen-
tative clear day in August 2025 (Figure  S4). This day was 
selected for its typical high-temperature features: tempera-
ture ranged from approximately 29°C to 35°C (a fluctuation of 
about 6°C), and maximum light intensity was approximately 
1300 μmol m−2 s−1. Air temperature and PPFD were measured 
every 10 min from 06:00 to 18:00, and these values were com-
bined with each genotype's fitted temperature-response curve 
and the Du light-response model to compute An at each time 
step. Daily photosynthetic carbon gain was then obtained by 
numerically integrating An across the 12-h daytime period. 
This approach allowed direct comparison among genotypes 
under a realistic summer diurnal environment while separat-
ing theoretical curve-shape analysis from genotype-specific 
performance estimation.

2.6   |   Statistical Analysis

Differences in measured traits among species were assessed 
using one-way analysis of variance (ANOVA), and pairwise 

comparisons were performed with Tukey's HSD test at a sig-
nificance level of α = 0.05, implemented using the multcomp 
package. Trait–trait relationships were examined using the 
standardised axis (SMA) regression with the smatr package. 
Phenotypic variance (PV) and phenotypic coefficient of vari-
ance (PCV) for temperature response parameters were cal-
culated following Acevedo-Siaca et  al.  (2021). PV represents 
the average squared deviation from the mean, whereas PCV 
equals the standard deviation divided by the mean. All sta-
tistical analyses were conducted in R version 4.2.2 (R Core 
Team 2022).

3   |   Results

3.1   |   Genetic Variation in Photosynthetic Thermal 
Response

The photosynthetic rate at given leaf temperatures varied sig-
nificantly among genotypes (Figure 2A). At 25°C, the highest An 
was observed in O. glumaepatala (E8-2) (30.1 ± 1.4 μmol m−2 s−1) 
and the lowest in O. latifolia (E9-4) (17.3 ± 1.1 μmol m−2 s−1), rep-
resenting a 1.7-fold difference (Table S2). Below 25°C, the maxi-
mum An was recorded in HHZ at 20°C (23.9 ± 1.8 μmol m−2 s−1), 
while the minimum in YY12 (12.9 ± 1.8 μmol m−2 s−1), yielding a 
difference of 11 μmol m−2 s−1. Above 25°C, O. glumaepatala (E8-2) 
consistently exhibited the highest An: 35.0 ± 0.6 μmol m−2 s−1 
at 30°C and 33.4 ± 1.1 and 32.9 ± 1.0 μmol m−2 s−1 at 35°C and 

FIGURE 1    |    Conceptual illustration of photosynthetic temperature response curve shapes and derived thermal traits. (A) Examples of three 
contrasting thermal response curve shapes relative to the optimum temperature (Topt). Curves differ in the degree of asymmetry around Topt, a pre-
Topt–skewed curve (blue) shows a gradual rise and steeper decline, a near-symmetric curve (black) shows similar rates of increase and decrease, and 
a post-Topt–skewed curve (red) shows a steep rise followed by a gradual decline. Shaded regions indicate the pre-Topt (blue) and post-Topt (red) portions 
of the curve. (B) Illustration of two representative curve types highlighting differences in overall shape, a plateau type curve (dotted line), charac-
terised by a broad, flat region around Topt and a peak type curve (solid line), characterised by a narrow, sharply defined maximum. (C) Schematic 
showing the extraction of key shape-based thermal traits from a fitted temperature-response curve. Thermal breadth (Breadth80) is defined as the 
temperature range over which the photosynthetic rate (An) remains ≥ 80% of Aopt (green segment). Tlower80 and Thigher80 mark the lower and upper 
temperatures at the 80% threshold. Pre-Topt and post-Topt temperature sensitivities (Slopelower and Slopehigher) are calculated as the average rates of 
change (ΔAn/ΔTleaf) between Tlower80–Topt and Topt–Thigher80, respectively. Specifically, Slopelower = ΔAn/ΔTleaf1 and Slopehigher = ΔAn/ΔTleaf2, corre-
sponding to the blue and red segments.
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40°C, respectively. In contrast, the lowest An at these tempera-
tures occurred in O. subulata (E21-1) (20.6 ± 0.6 μmol m−2 s−1 
at 30°C; 16.9 ± 1.4 μmol m−2 s−1 at 40°C) and O. latifolia (E9-4) 
(20.8 ± 0.4 μmol m−2 s−1 at 35°C), resulting in maximum differ-
ences of 14.4, 12.6 and 16.0 μmol m−2 s−1, respectively.

Overall, genotypic variation in An was more pronounced above 
25°C than below it, indicating genotype-specific differences in 
thermal sensitivity. The temperature threshold for the onset of 
photosynthetic decline also varied: HHZ exhibited the lowest 
(onset near 25°C), while N22 showed the highest (onset around 
35°C), and the remaining genotypes fell between these two 
extremes. In contrast to the clear temperature-dependent vari-
ation observed in An, stomatal conductance (gs) exhibited no 
consistent pattern across temperatures or genotypes, with any 
genotype-specific changes being minor and less variable than 
those in An (Figure 2B).

3.2   |   Temperature-Response Curve Shape 
and Derived Thermal Parameters

While all genotypes exhibited a unimodal temperature response, 
the shapes of their photosynthetic curves varied markedly in both 
the rising and declining phases (Figure 3). Below Topt, genotypes 
differed in how rapidly photosynthetic rates increased with warm-
ing, ranging from steep surges (e.g., HHZ, YY12) to more gradual 
rises in others. Above Topt, variation was more pronounced, with 
some genotypes showing sharp declines (e.g., LYPJ, O. subulata 
(E21-1)) and others maintaining gradual decreases.

These contrasting curve shapes were further quantified by 
the derivatives of the fitted curves (Figure 3), confirming sub-
stantial genotypic differences in thermal sensitivity both be-
fore and after Topt. HHZ showed the steepest pre-Topt increase 
(Slope80lower = 0.81, Slope50lower = 1.33), indicating strong 

photosynthetic stimulation by warming. Conversely, LYPJ 
exhibited the steepest post-Topt decline (Slope80higher = 1.42, 
Slope50higher = 2.41), reflecting the highest heat sensitivity.

Genetic variation was substantial across all fitted photosynthetic 
temperature response parameters (Tables S3 and S4, Figure 4A 
and Figure  S2). O. glumaepatala (E8-2) had the highest Aopt 
(34.82 ± 0.80 μmol m−2 s−1) and O. latifolia (E9-4) the lowest 
(21.32 ± 0.51 μmol m−2 s−1). Topt generally ranged 30°C–33°C, ex-
cept for HHZ (27.22°C ± 0.78°C) and LYPJ (33.97°C ± 0.50°C). 
Breadth80 varied widely, from 14.17°C ± 0.80°C in E21-1 to 
29.1°C ± 3.84°C in HHZ. Genotypic variation was greater in 
post-Topt slopes (4.6-fold for Slope80higher; 8-fold for Slope50 higher) 
than in pre-Topt slopes (1.8-fold and 3.1-fold, respectively).

This genotypic variation was further quantified by pheno-
typic coefficient of variation (PCV, Figure  4A). Topt showed 
the lowest PCV (5.7%), indicating relative conservation, while 
the post-Topt slope exhibited the highest (70.6%), highlighting 
strong divergence in high-temperature sensitivity. Response 
asymmetry, measured as the pre-/post-Topt slope ratio (slope_
ratio80), clearly distinguished genotypes (Figure  4B): most 
(e.g., HHZ, 2.87) displayed a pre-Topt bias (ratio > 1), whereas 
a minority (e.g., LYPJ, 0.32) showed a post-Topt bias (ratio < 1). 
The coordination between pre- and post-Topt sensitivities was 
threshold-dependent (Figure 4C and Figure S3), with a signifi-
cant correlation at the 50% performance threshold but none at 
80%, indicating performance-level-specific regulation of ther-
mal sensitivity.

3.3   |   Trait-Space Patterns of Photosynthetic 
Thermal Response

To visualise how genotypes differ in photosynthetic thermal 
response, we plotted thermal breadth (Breadth80) against 

FIGURE 2    |    Genetic variation in photosynthetic and stomatal responses to leaf temperature among 14 rice genotypes. (A) Net photosynthetic rate 
(An) measured across seven leaf temperatures (15°C–40°C). (B) Stomatal conductance (gs) measured across the same temperature series. Error bars 
represent ± SE (n = 4–6).
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overall temperature sensitivity, quantified as the com-
bined absolute slopes at the 80% Aopt points (Figure  5). The 
14 genotypes occupied a broad continuum across this two-
dimensional trait space, revealing clear contrasts in thermal 
response. The highly temperature-sensitive genotype LYPJ 
clustered in the narrow Breadth80–high Slope80 region, con-
sistent with its steep decline in photosynthesis around Topt. 
In contrast, SY63 and N22, both exhibiting large Breadth80 
values and low Slope80, fell into the wide breadth–low sensi-
tivity quadrant.

The Aopt gradients were also evident across the trait space. 
Genotypes with the highest Aopt values were concentrated to-
ward the upper right, where large thermal breadth co-occurred 
with high temperature sensitivity. In contrast, genotypes with 
low absolute Slope80, those most tolerant of temperature fluc-
tuations, were clustered toward the lower-right quadrant. In 
addition, correlation analysis revealed that genotypes with 
exceptionally high photosynthetic capacity tended to exhibit 
sharper declines away from their optimum, whereas highly sta-
ble genotypes generally had more moderate Aopt.

FIGURE 3    |    Fitted photosynthetic temperature-response curves and their derivatives for 14 rice genotypes. (A) Fitted temperature-response curves 
of net photosynthetic rate (An) based on the modified Arrhenius model. The estimated optimum temperature (Topt) and maximum photosynthetic rate 
(Aopt) are displayed within each panel. (B) First derivatives (dAn/dTleaf), representing the instantaneous rate of change in An with leaf temperature. 
These curves quantify the thermal sensitivity on either side of Topt and highlight genotypic differences in pre- and post-Topt responses. (C) Second 
derivatives (d2An/dT2

leaf), capturing changes in curvature and identifying regions of acceleration and deceleration in thermal response.

FIGURE 4    |    Genetic variation and coordination among thermal response parameters. (A) Phenotypic coefficient of variation (PCV, %) for key 
photosynthetic thermal parameters; (B) Genotypic variation in response asymmetry, expressed as the ratio of pre-Topt to post-Topt slopes at the 80% 
Aopt threshold (Slope_ratio80). Values > 1 indicate steeper stimulation below Topt than decline above it; values < 1 reflect greater high-temperature 
sensitivity. Genotypes are ranked from most to least symmetric; and (C) Relationship between slopelower and slopehigher. Red and blue points represent 
values derived from 50% and 80% performance thresholds, respectively.
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3.4   |   Daily Photosynthetic Carbon Gain

To illustrate how temperature-response curve shapes affect 
carbon assimilation, we first compared two representative 
curve types (Figure  6A). Simulated under an averaged mid-
summer diurnal course (constructed from August 2025 mea-
surements; see Materials and Methods), the peak-type curve 
showed a sharp photosynthetic maximum near Topt but de-
clined rapidly when temperatures exceeded the optimum 
(Figure 6B,C). In contrast, the plateau-type curve maintained 
relatively stable, high photosynthetic rates across the daytime 
temperature range, resulting in substantially greater daily 
carbon accumulation (Figure 6D).

Building on this analysis framework, we next quantified daily 
carbon gain for all 14 genotypes using environmental data 
from a representative clear day in August 2025. The resulting 
genotypic differences were consistent with expectations based 
on Breadth80, Slope80 and Aopt (Figure  7 and Figure  S5). 
Under identical natural fluctuations of temperature and light 
(Figure 7A), genotypes exhibited distinct diurnal patterns that 
differed in peak magnitude, duration of high activity and resil-
ience to afternoon stress. These dynamic differences directly 
translated into a wide range of integrated daily carbon gain, as 
evidenced by the clear ranking of genotypes (Figure 7B). This 
demonstrates that genetic variation critically shapes not only 
instantaneous photosynthetic performance but, more impor-
tantly, the cumulative carbon productivity under realistic field 
conditions.

Genotype O. glumaepatala (E8-2) represented a high-
performance type, exhibiting the greatest daily carbon gain. Its 
superior performance was driven by the combination of a high 
Aopt and broad thermal breadth, which enabled robust photosyn-
thesis across variable daytime temperatures despite its relatively 
high temperature sensitivity (Tables  S3 and S4). In contrast, 
LYPJ represented a temperature-sensitive type with the lowest 
daily carbon accumulation. Although its Aopt was not the low-
est, its narrower thermal breadth and greater sensitivity beyond 
Topt caused photosynthesis to decline more rapidly once a criti-
cal temperature threshold was exceeded, leading to significantly 
reduced carbon gain.

4   |   Discussion

4.1   |   Genetic Variation and Limitations 
of Peak-Based Thermal Traits

Our study revealed substantial genetic variation in the photo-
synthetic temperature responses of the 14 diverse genotypes. 
Differences in An were evident across the entire temperature 
range, with variation becoming particularly pronounced above 
25°C, where heat sensitivity diverged sharply among genotypes. 
To allow consistent comparison across this diverse panel, we 
used the modified Arrhenius model (Medlyn et al. 2002), which 
provided a unified framework for quantifying both peak pa-
rameters and curve-shape characteristics across genotypes. 
This model effectively explains plant temperature response 

FIGURE 5    |    Trait-space visualisation of thermal breadth and temperature sensitivity across 14 rice genotypes. Each point represents a genotype, 
plotted by its thermal breadth (Breadth80) and overall temperature sensitivity (Slope80). Solid grey lines indicate the median values of each trait, 
dividing the space into narrow breadth–high sensitivity (upper left, light-yellow background), wide breadth–high sensitivity (upper right, light-red 
background), narrow breadth–low sensitivity (lower left, light-green background) and wide breadth–low sensitivity (lower right, light-blue back-
ground). Point colours represent Aopt (higher values shown in deeper purple).
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by mechanistically separating the process into two key com-
ponents: an activation term (Ea), driven by the kinetics of car-
boxylation and electron transport, and a deactivation term (Ds), 
associated with the thermal stability of key enzymes like Rubisco 
and membrane integrity (Scafaro et  al.  2023; Sharkey  2005). 
Although other formulations may offer specific advantages for 
individual curves (Dusenge et al. 2025; Kontopoulos et al. 2024; 
Kumarathunge et al. 2019; Sun et al. 2023), this approach en-
abled systematic evaluation of shared and divergent thermal re-
sponse traits.

The analysis demonstrated that peak-centered traits such as Aopt 
and Topt alone did not reliably predict thermal performance under 

realistic conditions. Despite substantial differences in photosyn-
thetic rates, Topt remained relatively conserved, exhibiting the 
lowest phenotypic coefficient of variation among all measured 
traits (PCV = 5.7%). This limited variation is consistent with ear-
lier evidence that Topt shows strong physiological conservatism in 
C3 species (Crous et al. 2024; Dusenge et al. 2021, 2025; Scafaro 
et al. 2019; Wittemann et al. 2022), likely constrained by the co-
ordinated temperature dependencies of multiple, interdependent 
biochemical processes such as Rubisco kinetics, RuBP regener-
ation and thylakoid electron transport (Sage and Kubien  2007; 
Yamori et  al.  2013), indicating that traditional peak metrics 
capture only a small portion of the underlying thermal diversity 
(Dowd et al. 2015; Dusenge et al. 2025).

FIGURE 6    |    Illustration of how temperature-response curve shape influences daily carbon assimilation. (A) Two representative thermal response 
curve types, a sharp, peak-shaped curve (Genotype A) and a broad, plateau-shaped curve (Genotype B). The two genotypes share similar Aopt but dif-
fer markedly in thermal breadth and high-temperature sensitivity. (B) Representative midsummer diurnal course of air temperature (green line) and 
photosynthetic photon flux density (PPFD; orange line) used for simulation. Environmental data were averaged at 10-min intervals across August 
2025, in Wuhan. (C) Simulated diurnal photosynthetic rate (An) for the two genotypes under the environmental conditions shown in (B). (D) Daily 
carbon assimilation estimated by integrating An over the daytime period.

FIGURE 7    |    Genotype-specific diurnal photosynthesis and daily carbon assimilation under a representative summer day. (A) Simulated diurnal 
photosynthetic rates (An) for 14 rice genotypes in a typical day in Wuhan, August 2025. Simulations incorporated each genotype's fitted temperature-
response curve together with measured air temperature and PPFD recorded every 10 min. (B) Ranking of daily total carbon accumulation across the 
14 genotypes. Genotypes are ordered vertically by their integrated daily carbon gain (mmol m−2 day−1), calculated from the temporal integration of 
photosynthetic rates shown in (A).
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In contrast, shape-based traits that describe performance sta-
bility showed markedly greater variation. The phenotypic co-
efficient of variation for the high-temperature sensitivity slope 
(Slopehigher) exceeded 70%, revealing that thermostability, the 
capacity to maintain photosynthetic function as temperatures 
rise above the optimum, is a highly variable and largely inde-
pendent physiological dimension (Busch and Sage 2016; Scafaro 
et al. 2023; Wise et al. 2004). This high variability in thermo-
stability may stem from genetic differences in mechanisms that 
protect the photosynthetic machinery from heat damage, such 
as the activity of Rubisco activase, the abundance of heat-shock 
proteins (HSPs), membrane lipid composition and antioxidant 
capacity (Mathur et al. 2014; Salvucci and Crafts-Brandner 2004; 
Sharkey  2005). Genotypes spanned a broad continuum in the 
trait space defined by thermal breadth (Breadth80) and over-
all temperature sensitivity, reflecting distinct thermal strate-
gies within the rice gene pool (Chen et al. 2021; Hu et al. 2021; 
Jagadish et al. 2007; Liang et al. 2025; Zhang et al. 2023; Zhu 
et  al.  2007). Genotypes such as HHZ, characterised by wide 
thermal breadth, and SY63, exhibiting low absolute sensitiv-
ity, highlight the availability of potentially valuable stability 
traits that remain underutilised in breeding programs (Briceño 
et  al.  2025; Wang et  al.  2021; Wu et  al.  2016; Zhang, Feng, 
et al. 2022; Zhang et al. 2025). Notably, both HHZ and SY63 have 
been independently identified in previous research as exhibiting 
enhanced thermotolerance, with HHZ maintaining function 
over a wide temperature range and SY63 showing minimal yield 
decline under high temperature stress (Hu et al. 2024; Huang 
et al. 2016; Wang et al. 2021; Wu et al. 2017; Yang et al. 2017; 
Zhang et al. 2025).

4.2   |   Curve-Shape Traits Reveal Alternative 
Thermal Strategies

The shape of the photosynthetic thermal response curve is an 
emergent property resulting from the interplay between acti-
vation Ea, reflecting processes that accelerate with warming 
(e.g., enzyme kinetics, electron transport) and deactivation 
Ds, reflecting processes that are destabilised by heat (e.g., 
enzyme denaturation, membrane leakiness). While thermal 
response curve shape determines how genotypes allocate pho-
tosynthetic capacity across the temperature range, and this 
allocation reflects distinct thermal strategies shaped by evo-
lutionary history or breeding selection (Dusenge et al. 2025; 
Laza et  al.  2015; Slot and Winter  2017; von Caemmerer and 
Evans 2014). Genotypes with broad thermal response curves, 
characterised by large Breadth80 values and shallow slopes, 
likely possess a combination of moderate activation energy 
and, crucially, a high tolerance to deactivation processes. 
This could be achieved through more thermostable protein 
complexes or enhanced repair mechanisms, allowing them to 
maintain relatively stable photosynthetic rates across a wide 
temperature range. Such thermally stable types appear less 
vulnerable to short-term departures from Topt, a key advan-
tage in environments where leaf temperatures routinely os-
cillate by 10°C or more within a day. In contrast, genotypes 
with narrow breadth and steep post-Topt declines may have 
high activation energy driving a sharp peak, coupled with low 
resistance to deactivation. Their photosynthetic machinery, 

while potentially highly efficient at the optimum, is rapidly 
compromised upon heating, exhibiting sharp reductions in 
photosynthetic performance once temperatures exceeded the 
optimum. These thermally sensitive types may achieve high 
peak performance under controlled conditions but suffer 
disproportionately under realistic warming episodes (Lawas 
et al. 2018; Liu et al. 2025). Strategies for indica rice adapted 
to high-temperature stress in the middle and lower reaches of 
the Yangtze River.

The trait-space defined by Breadth80 and Slope traits revealed 
clear separation among genotypes, illustrating at least three 
broad thermal strategies (Zhang et  al.  2023). First, broad-and-
stable types, such as SY63 and N22, combined wide thermal 
breadth with low sensitivity, indicating robust photosynthetic 
performance under fluctuating temperatures. These traits align 
with the eurythermal curve type (Dowd et  al.  2015), which 
confers stability in mean performance under thermal variabil-
ity. This physiological stability likely stems from a balanced in-
vestment in both photosynthetic capacity and protective/repair 
mechanisms. Such a strategy enables sustained physiological 
function and productivity under warming conditions, as docu-
mented in prior studies (Wang et  al.  2021; Wu et  al.  2017; Wu 
et al. 2016; Zhang et al. 2023). Second, high-capacity but fragile 
types, exemplified by O. glumaepatala (E8-2), paired high Aopt 
with relatively steep post-Topt sensitivity, suggesting enhanced 
productivity under benign conditions but reduced tolerance to 
heat stress. This pattern aligns with theoretical predictions that 
genotypes optimised for peak performance often have narrow, 
steeply declining thermal niches (Martin and Huey 2008; Vasseur 
et al. 2014), This suggests a physiological trade-off: resources are 
allocated primarily to maximise light-saturated photosynthesis, 
potentially at the expense of mechanisms that maintain system 
integrity under thermal stress. Consequently, such genotypes 
have a low thermal safety margin, a trait that may be maladap-
tive under increasing climate variability (Angilletta 2006; Dowd 
et  al.  2015). Notably, similarly high photosynthetic capacity is 
observed in some wild rice species such as O. australiensis and 
O. latifolia (Mathan et al. 2021), suggesting that anatomical and 
biochemical adaptations enhancing light-saturated photosyn-
thesis may coincidentally heighten sensitivity to supra-optimal 
temperatures. Third, heat-sensitive types, such as LYPJ, exhib-
ited narrow thermal breadth and steep post-Topt declines. This 
profile indicates a physiology characterised by both a constrained 
capacity for photosynthetic activation and poor defence against 
high-temperature deactivation, rendering it highly vulnerable. 
This inherent vulnerability aligns with the established heat sus-
ceptibility and severe yield reductions documented for this geno-
type (Hu et al. 2021, 2024; Wu et al. 2016). This stenothermal-like 
curve architecture explains its amplified performance loss under 
temperature variability (Dowd et al.  2015) and heightened vul-
nerability in fluctuating thermal environments. These physiologi-
cal strategies arose independently of peak metrics, supporting the 
notion that thermal stability represents a distinct physiological 
axis. The dissociation between peak capacity and curve shape 
highlights the trade-offs governing thermal performance; geno-
types optimised for high photosynthetic maxima often do so at 
the expense of stability, whereas those with moderate peaks may 
achieve superior cumulative carbon gain due to sustained perfor-
mance across variable temperatures.
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4.3   |   Daily Carbon Gain Integrates Curve Traits

To reveal how curve shape, not just peak capacity, ultimately de-
termines performance under realistic environmental conditions, 
we conducted simple carbon gain simulation analysis using in-
stantaneous thermal response curve parameters. When exposed 
to a representative midsummer diurnal temperature pattern, 
genotypes with plateau-like curves sustained relatively high pho-
tosynthetic rates across morning and afternoon periods, even as 
temperatures deviated from Topt. This sustained performance is 
a direct functional manifestation of the broad-and-stable physio-
logical strategy described above. By contrast, peak-shaped curves, 
despite exhibiting higher Aopt, showed rapid declines once tem-
peratures rose above the optimum, resulting in a shorter duration 
of high photosynthetic activity and reduced daily carbon gain.

These dynamics were clearly reflected in the genotype-specific 
simulations. O. glumaepatala (E8-2), for example, achieved the 
highest daily carbon gain, not solely because of its high Aopt but 
because its moderate thermal breadth allowed photosynthesis 
to remain effective throughout much of the day. This genotype 
demonstrates that a moderately high Aopt, when coupled with 
sufficient breadth, can be advantageous. However, its relatively 
high sensitivity suggests this advantage might be precarious 
under more extreme or prolonged heatwaves. In contrast, LYPJ 
accumulated the least carbon despite not having the lowest Aopt. 
Its narrow thermal breadth and steep post-Topt sensitivity caused 
photosynthesis to decline sharply during the hottest hours 
(Angilletta 2006; Dowd et al. 2015), demonstrating how even a 
genotype with reasonable peak performance can be disadvan-
taged under fluctuating high temperatures. This discrepancy re-
veals a critical pitfall in traditional phenotyping: strategies that 
select solely for performance at a single optimal temperature or 
even for Aopt alone are liable to identify genotypes whose perfor-
mance collapses under the variable conditions of the field.

Across all genotypes, daily carbon gain in naturally fluctuat-
ing environments is shaped more critically by thermal breadth 
(Breadth80) and slope-based sensitivity than by peak photo-
synthetic capacity (Aopt), supporting the idea that cumulative 
productivity depends on maintaining function over time rather 
than maximising short-term photosynthetic rates. However, 
carbon assimilation alone does not capture the full complexity 
of heat tolerance. It must be considered alongside other crit-
ical traits, such as reproductive-stage heat tolerance to ensure 
comprehensive stress adaptation. This finding shifts the focus 
from ‘peak efficiency’ to ‘integrated resilience’, a paradigm more 
aligned with the challenges posed by climate change (Vasseur 
et  al.  2014). This result has important implications for breed-
ing strategies. Selecting for high Aopt alone may inadvertently 
favour genotypes that are vulnerable to heat-induced declines, 
particularly as warming trends intensify and extreme tempera-
ture events become more frequent (Chopra et al. 2025; Padilla 
et al. 2025; Zhang, He, et al. 2022). Instead, curve-shape traits, 
particularly wide thermal breadth and low high-temperature 
sensitivity, should be emphasised as key indicators of resilience. 
We propose that these shape-based traits, derived from stan-
dardised models like the modified Arrhenius, offer a scalable, 
physiologically informative phenotyping toolkit for breeding 
programs aimed at climate resilience.

5   |   Conclusion

In this study, we demonstrate that rice genotypes exhibit sub-
stantial diversity in their photosynthetic temperature responses, 
but that this diversity is only weakly captured by traditional 
peak traits such as Topt and Aopt. In contrast, curve-shape traits 
describing thermal breadth and high-temperature sensitivity 
revealed a wide spectrum of thermal strategies that more accu-
rately reflect how photosynthesis performs under fluctuating 
field conditions. Daily carbon-gain simulations further showed 
that thermal stability, rather than peak capacity, plays a dom-
inant role in determining cumulative productivity during hot 
summer conditions. These findings highlight thermostability as 
a distinct and underutilised physiological dimension in rice and 
underscore the importance of incorporating curve-shape traits 
into future phenotyping and breeding programs. By targeting 
genotypes with broad thermal operating ranges and reduced 
high-temperature sensitivity, rice improvement efforts can bet-
ter meet the challenges posed by climate warming.
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Supporting Information

Additional supporting information can be found online in the Supporting 
Information section. Figure S1: Modulating the photosynthetic tempera-
ture response curve by varying activation energy (Ea) and deactivation 
entropy (Ds) parameters in the modified Arrhenius model. Simulated 
curves illustrate the individual and combined effects of the two key 
thermodynamic parameters. All curves share fixed values for the opti-
mal temperature (Topt = 30°C) and maximum photosynthetic rate (Aopt 
at 30 μmol m−2 s−1). Red group (constant Ds = 200 kJ mol−1): The black 
solid curve (Ea = 100 kJ mol−1) serves as a common reference. Decreasing 
Ea to 40 kJ mol−1 (thin red line) flattens the initial rise, while increas-
ing Ea to 70 kJ mol−1 (medium red line) steepens it. Blue group (con-
stant Ea = 100 kJ mol−1): The same black solid curve (Ds = 200 kJ mol−1) 
is used as the reference. Increasing Ds to 300 kJ mol−1 (medium blue 
line) or 400 kJ mol−1 (thin blue line) progressively broadens the decline 
after the optimum and reduces the peak rate. Figure S2: Variation in 
key photosynthetic thermal parameters across the 14 rice genotypes. 
Figure S3: Relationships among key photosynthetic thermal adaptation 
traits. (A) Hierarchical clustering. The dendrogram groups traits based 
on their similarity in response patterns across genotypes, revealing two 
primary clusters: one associated with photosynthetic performance (e.g., 
Aopt, Slopelower) and another with thermal stability (e.g., Topt, Breadth80, 
Slopehigher). (B) Correlation matrix. Pairwise Pearson correlations be-
tween all traits are shown. Red and blue colours indicate positive and neg-
ative correlations, respectively. Asterisks denote statistical significance 
(* represents p < 0.05, ** represents p < 0.01; *** represents p < 0.001). 
Figure S4: Diurnal patterns of air temperature and photosynthetic pho-
ton flux density (PPFD) on a representative hot day. Measured environ-
mental conditions (air temperature and PPFD) from 06:00 to 18:00 h on 18 
August 2025. This diurnal profile served as the key environmental input 
for the subsequent simulation of photosynthetic performance. Figure S5: 
Diurnal variation in net photosynthetic rate (An) for rice genotypes repre-
senting the extremes of daily carbon gain (top three vs. bottom three). Net 
photosynthetic rate (An) is shown across a representative day. Lines depict 
the top three genotypes (solid lines) and bottom three genotypes (dashed 
lines) ranked by their total daily carbon gain. Each colour represents a 
distinct genotype. Table  S1: List of the 14 rice accessions used in this 
study, selected based on their contrasting heat tolerance and genetic di-
versity. Table S2: Differences in net photosynthetic rate (ΔAn) and linear 
response slopes across consecutive leaf temperature intervals. Table S3: 
Fitted parameters of leaf photosynthetic temperature response curves 
for the 14 rice genotypes. Table S4: Functional traits of photosynthetic 
temperature response for 14 rice genotypes derived from the Modified 
Arrhenius model. The table summarises the key shape-based functional 
traits calculated from the Modified Arrhenius model fits. Breadth80 and 
Breadth50 represent the thermal performance breadth at 80% and 50% 
of Aopt, respectively. Slope80lower and Slope50lower denote the tempera-
ture sensitivity slopes from the lower boundary (Tlower) of Breadth80 or 
Breadth50 to Topt, while Slope80higher and Slope50higher represent the cor-
responding slopes from Topt to the upper boundary (Thigher). Slope_ratio80 
and Slope_ratio50 quantify the asymmetry of temperature sensitivity by 
calculating Slopelower/Slopehigher at their respective thresholds. Composite 
is the performance stability index, calculated as Aopt × Breadth80. These 
traits form the basis for the strategic classification and stability evaluation 
in this study. 
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