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Broad adoption of chlorophyll fluorescence kinetics in crop phenotyping remains limited by inconsistent parameter 
definitions and insufficient physiological validation. This study employed a longitudinal phenomic approach to 
evaluate the diagnostic value of rapid chlorophyll a fluorescence kinetics across diverse wheat genotypes throughout 
a spring growing season. By combining JIP-test parameters with detailed growth analysis, we built a statistical 
framework quantifying the predictive power and unexplained variance of biophysical parameters derived from  
the JIP-test, with an emphasis on performance-estimating indices. Results show that conventional parameters, such as 
maximum quantum yield of primary photochemistry, remain stable during vegetative growth and are highly sensitive 
to terminal senescence, yet display considerable noise under transient environmental fluctuations. Conversely, 
integrative indicators, particularly the total performance index, revealed clear seasonal trends and strong correlations 
with growth dynamics. By grouping JIP-test parameters functionally, this study offers a rational framework for 
selecting biophysical indices suited to specific breeding or research goals.

Highlights

● Longitudinal phenotyping distinguished seasonal trends from transient environmental
    noise
● Total performance index showed a strong seasonal trend, correlating with growth
    patterns
● Some fluorescence parameters can track even moderate environmental fluctuations

Introduction

High-throughput phenotyping is essential for modern 
crop breeding programs aimed at improving wheat 
photosynthetic performance. One of the most promising 

techniques is the analysis of fast chlorophyll a fluorescence 
kinetics, which acts as a "biophysical signature" of 
the plant's potential to convert light into chemical 
energy (Stirbet and Govindjee 2011, Kalaji et al. 2016).  
The high information resolution of the OJIP transient 
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allows the detection of subtle functional alterations 
through multi-parametric performance indices long before 
visible symptoms of stress or ageing appear (Strasser et al. 
1995). Analysed via the JIP-test, these kinetic patterns 
describe the seamless movement and transformation of 
energy through internal systems, quantifying a plant's 
overall efficiency and its capacity to manage resource 
influx (Strasser et al. 2004, Tsimilli-Michael 2020). From 
a structural and functional standpoint, the JIP-test allows 
noninvasive monitoring of the stepwise reduction of  
the linear electron transport chain, from the initial capture 
of light to its transfer through various intermediate carriers 
and delivery to the final acceptors of PSI (Strasser and 
Strasser 1995, Schansker et al. 2005).

It is clear that a very short timescale (1 second) of 
measurements limits its direct predictive value for CO2 
assimilation, growth, and yield (Stirbet et al. 2018).  
On the other hand, almost all attempts to identify proxies 
for photosynthetic productivity, for example, in remote and 
proximal sensing, are based on parameters with indirect 
optical indicators (Siebers et al. 2021). As with other 
techniques, there is sufficient evidence that fast fluorescence 
kinetics analysis can identify declines in photosynthetic 
capacity due to multiple stress factors (Kalaji et al. 2016) 
or ontogenetic shifts (Koller et al. 2020). However,  
the widespread implementation of the JIP-test is currently 
hindered by inconsistent parameter definitions and a lack 
of rigorous physiological validation, a deficiency that 
frequently leads to interpretative confusion and technical 
artefacts (Kalaji et al. 2014, Tsimilli-Michael 2020). 

To assess the functional status and vitality of  
the physiological apparatus, parameters with a clear link 
to photochemical performance are needed. Based on  
the biophysical background and physiological 
interpretation, we can distinguish several groups of 
parameters, from which several groups may serve as 
performance-estimating parameters. Quantum yields and 
probabilities represent the fundamental probability that 
absorbed photons are converted into chemical energy, with 
the maximum quantum yield of primary photochemistry 
(Fv/Fm) or related parameters (e.g., Fv/Fo) serving as 
primary indicators of the integrity of the photosynthetic 
machinery (Butler and Kitajima 1975, Stirbet and 
Govindjee 2011). Acceptor pool size indicators derived 
from the geometry of the fluorescence transient, such as 
the parameter Area or derived normalised parameters, 
provide an estimate of the relative capacity of the system's 
electron carriers to process multiple turnovers (Strasser 
and Strasser 1995, Stirbet and Govindjee 2011). Reaction 
centre densities quantify the abundance of functional 
RCs relative to different structural baselines, particularly 
per light-harvesting antenna chlorophyll (RC/ABS) and 
per leaf area cross-section (RC/CSo, RC/CSm) (Strasser  
et al. 2004, Kalaji et al. 2016). Electron transport-related 
parameters describe the rate and efficiency of electron 
movement through the chain per unit area (ETo/CSo, 
ETo/CSm) or per reaction centres (ETo/RC) (Ceppi et al. 
2012, Tsimilli-Michael 2020). Performance indices act as 
sensitive, holistic vitality markers by integrating multiple 
biophysical potentials into a single numerical value. Two 

key metrics are the absorption-based performance index 
(PIabs) and the total performance index (PItot). The latter is 
particularly robust, as it accounts for energy conservation 
efficiency across the entire electron transport chain, up to 
the final acceptors of PSI (Strasser et al. 2000, Tsimilli-
Michael and Strasser 2008).

When measured in crop plants, the parameters 
derived from OJIP fluorescence analysis may provide 
various categories of physiological information. 
Within the genotype-specific patterns, we can usually 
recognise two main signals: environmental responses 
and developmental responses. Environmental responses 
describe the immediate or acclimatory adjustments of 
the photosynthetic machinery to external stressors, such 
as temperature and light fluctuations, water supply, or  
the presence of various stress factors even under moderate 
conditions (Stirbet and Govindjee 2011, Begović et al. 
2020). In contrast, developmental responses follow 
characteristic internal patterns as leaves transition from 
carbon sinks during maturation to carbon sources, 
eventually dismantling their apparatus during natural 
senescence (Thomas and Ougham 2014, Viljevac Vuletić 
and Španić 2020). For instance, performance indices 
typically peak during full expansion and decline steadily 
during leaf ageing, a pattern that mirrors the loss of vitality 
observed under stress (Prakash et al. 2003, Zeng et al. 
2021). Despite the high sensitivity of these biophysical 
markers, a significant knowledge gap exists regarding 
the ability to definitively decouple these two response 
types in moderate or field conditions (Digrado et al. 2017, 
Koller et al. 2020). Distinguishing between ontogenetic 
signatures and environmentally driven responses remains 
a significant challenge. This ambiguity persists because 
moderate environmental stressors and natural leaf ageing 
often produce nearly identical biophysical fingerprints 
(Živčák et al. 2008, Holland et al. 2014, Begović  
et al. 2020). This overlap suggests that without better 
longitudinal integration of measured phenotypic data, 
the diagnostic potential of fluorescence recordings may 
be compromised in real-world agricultural or ecological 
settings (Kalaji et al. 2016, Koller et al. 2020). Moreover, 
most of the results in crop plants come from experiments 
with single or a small number of genotypes. In turn,  
the genotype diversity in analyses (multi-genotype design) 
can reveal niche complementarity, thereby producing more 
transferable results and broader applicability of findings 
across environments and genotypic backgrounds (Gaudio 
et al. 2019). 

In this context, we analysed the data from rapid 
chlorophyll fluorescence kinetics measured on 30 
wheat genotypes, originally conducted to identify  
the characteristics and specific responses of individual 
genotypes during the spring growing season. In the data 
analyses performed specifically for this study, we treated 
the entire set of genotypes as a single population in order 
to obtain the average trend of seasonal parameters, while 
specific genotype responses were not monitored. This 
approach allowed us to generate a sufficiently robust 
dataset, which enabled us to perform phenotypic analyses 
at the level of high throughput phenotyping systems.
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Large-scale trait analyses provide richer, more 
repeatable measurements that reduce the noise typical of 
low-throughput methods, while inference frameworks, 
which use big data, help distinguish true cause-and-effect 
relationships within these traits. When such data are 
combined with mechanistic knowledge through sensitive 
analytical approaches, hidden bias from unmeasured 
factors can be reduced and residual noise minimised, 
enabling clearer interpretation (Pandey et al. 2021, Yoo  
et al. 2022, Zhang et al. 2023).

Therefore, the primary objective of this study was to 
establish a robust biophysical framework for disentangling 
the overlapping signals of environmental acclimation 
and ontogenetic development within the photosynthetic 
apparatus of winter wheat. By leveraging a longitudinal, 
phenomic-scale approach across a diverse population of 
30 wheat genotypes, we tried to identify which chlorophyll 
fluorescence parameters serve as stable indicators of 
seasonal growth dynamics and which function as sensitive 
sensors of transient environmental perturbations.

Specifically, we aimed to evaluate the predictive power 
of various "performance-based" JIP-test parameters, 
ranging from primary quantum yields and specific energy 
fluxes to integrative performance indices, in relation to 
morphological growth rates and biomass accumulation 
throughout a complete vegetative-to-reproductive cycle. 
A central goal was to quantify the "unexplained variance" 
of these biophysical markers to determine their reliability 
as phenotyping tools in complex field environments. 
Through this analysis, we intended to categorise  
the OJIP-derived parameters into functional groups based 
on their sensitivity to internal developmental programming 
vs. external stressors.

Ultimately, the study aimed to validate the efficacy 
of integrative biophysical parameters and performance 
indices as a high-resolution "photosynthetic fingerprint" 
that can reduce measurement noise and provide a clear, 
mechanistic link between the efficiency of the electron 
transport chain and overall plant productivity, thereby 
enhancing the precision of modern crop breeding programs.

Materials and methods

Experimental site and plant material: The field 
research was conducted during a single growing season at  
an agricultural research facility of the Research Institute 
of Plant Production in Piestany, Slovakia. The soil at 
the site was characterised as a fertile silt loam. Field 
pea (Pisum sativum L.) served as the preceding crop to 
establish a baseline of soil fertility. Following a detailed 
soil nutrient analysis in the autumn, supplemental 
fertilisers were applied to ensure nonlimiting conditions 
for wheat development. Sowing was performed manually 
on 10 October at a standardised seeding depth and density. 
The crop successfully emerged in mid-November and 
underwent a typical overwintering phase. In March, 
during the tillering stage, nitrogen was applied using 
ammonium nitrate. To prevent weed competition, the plots 
were treated in early April with an herbicide tank mix.  
The experiment reached physiological maturity in July, 

with the final harvest on 17 July. Weather conditions 
during the measuring period, as well as the frequency of 
the measurements (S1–S9) and plant samplings (S1–S8), 
are shown in Fig. 1.

The study evaluated 30 wheat (Triticum aestivum L.) 
genotypes spanning six ecological groups: Central Europe 
(Komfort, Biscay, GK Forras, Tamaro), Slovakia (Astella, 
Malvina, Venistar, Torysa, Vanda, Kosutska, Viglasska 
cervenoklasa, Samorinska, Vrakunska, Radosinska 
norma), Northern/Eastern Europe and Central Asia 
(Griffen, Gedania, Mewa, Echo, Steklovidnaja 24), 
Southern Europe and the Middle East (Verna, Mottin, 
Bbyo 17, Dagdas 94, Pehlivan), East Asia (Shaan 8007-7, 
Chua-bej, Hokushin, Nanbu Komugi), and Mexico 
(Piopio_4, Shark-4). All genotypes were treated as a single 
population with equal contributions.

Chlorophyll fluorescence and JIP-test analysis:  
To evaluate the efficiency of the photosynthetic apparatus, 
fast chlorophyll a fluorescence kinetics were measured 
using a portable Handy Pea fluorimeter manufactured 
by Hansatech Instruments (UK). Measurements were 
taken on the uppermost fully expanded leaves directly 
in the field, between 10:00 and 14:00 h. Environmental 
conditions during measurements fluctuated in terms of 
both temperature (Fig. 1) and light intensity, ranging from 
fully sunny days to overcast or partly cloudy conditions. 
Before the induction of fluorescence, leaves were  
dark-adapted for 20 min using specialised clips to ensure 
that all reaction centres were in an open state. Fluorescence 
was then induced by a one-second pulse of saturating red 
light at an intensity of 3,500 μmol(photon) m–2 s–1.

The resulting induction curves were analysed using 
the JIP-test protocol (Strasser et al. 2000). The primary 
parameters recorded included the initial fluorescence (Fo) 
measured at 50 microseconds, the maximum fluorescence 

Fig. 1. The records of maximum and minimum temperature 
(lines) and daily precipitation (columns) at the site of experiments 
during the period of measurements and sampling. Fill colour 
shows deviation from the long-term local average: blue for colder 
periods, orange for warmer periods. S1–S9 indicate the dates  
of field sampling and measurements. Timeline (x-axis) spanning 
early April to mid-June.
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(Fm), and the variable fluorescence (Fv), calculated as  
the difference between Fm and Fo. The functional efficiency 
was assessed using the Fv/Fm ratio, which represents  
the maximum photochemical yield of PSII, and the Fv/Fo 
ratio, which indicates the efficiency of the water-splitting 
complex. The total area between the fluorescence curve and 
Fm (Area) was used to estimate the size of the plastoquinone 
pool. Specific energy fluxes were determined, including  
the electron transport per active reaction centre (ETo/RC) 
and the electron transport per cross-section at both initial 
and maximum levels (ETo/CSo and ETo/CSm). The density 
of active reaction centres was quantified relative to light 
absorption (RC/ABS) and leaf cross-sections (RC/CSo 
and RC/CSm). Furthermore, integrative performance was 
evaluated using the performance index on an absorption 
basis (PIabs), the total performance index (PItot), and  
the overall driving force of photosynthesis (df). Individual 
parameters were calculated according to the equations 
summarised by Stirbet and Govindjee (2011). Parameter 
notation was retained as originally defined by Strasser  
et al. (2004).

Growth analysis and biomass partitioning:  
A comprehensive growth analysis was performed to track 
the development of the genotypes throughout their life 
cycle. Destructive sampling was conducted at regular 
intervals, with six representative plants collected from 
each genotype at each sampling event. Leaf area was 
determined using a linear measurement approach, where 
the length and maximum width of each leaf blade were 
recorded and multiplied by a morphometric coefficient to 
calculate the Area in square meters per plant (Miralles and 
Slafer 1991). The accuracy of the method was improved 
by its calibration using image analysis of leaves in part 
of the plants from each genotype using image analysis 
software ImageJ (National Institutes of Health, Bethesda, 
MD, USA). To determine biomass accumulation, the plant 
samples were dried in a forced-air oven at 80°C until  
a constant mass was reached. These data were then used to 
calculate the dynamics of leaf area expansion, the total dry 
matter increment, and the mean daily growth rate. 

Statistical analyses: The experiment was arranged 
in a randomised complete block design with three 
replications. Each experimental plot measured 2.7 m².  
A total of 30 genotypes were evaluated, with three plots 
per genotype. Within each plot, two plants were selected 
for nondestructive in situ measurements, and two 
additional plants were harvested for destructive growth 
analysis (totalling six biological replicates per genotype 
for each method). Consequently, on each sampling date, 
a total of 180 measurements (30 genotypes × 6 plants) 
were recorded, and 180 plant samples (30 genotypes × 6 
plants) were collected for growth analysis. This sampling 
procedure was repeated identically across nine sampling 
dates, spanning from mid-April to mid-June, to capture 
the temporal dynamics of plant growth and development 
throughout the study period. The consistent sampling 
scheme applied at each date ensured comparability of 
measurements across genotypes and time points, allowing 

for a robust assessment of genotypic differences in growth-
related traits over the course of the growing season.

The experimental data were analysed using analysis of 
variance (ANOVA) to assess the significance of differences 
between the genotypes and the defined ecological groups. 
When significant effects were detected at a probability 
level of P less than 0.05, mean values were compared using  
the Duncan post-hoc test. The correlation analysis was 
also performed, using correlation indices (r). The deviation 
from the seasonal trend was calculated using the Theil 
Inequality Coefficient (U), providing a robust measure 
of trend data smoothness or noise (Theil et al. 1961, 
Bellocchi et al. 2010). All statistical computations and  
the generation of physiological models were performed 
using Statistica 10 (StatSoft, USA) and MS Excel (Microsoft, 
USA). The results are presented as the arithmetic mean  
of the replications, along with the standard error (SE)  
of the mean, to provide a clear indication of the data's 
precision and variability. 

Results

Seasonal dynamics of morphological development 
and biomass accumulation: The growth trajectory of  
the winter wheat genotypes during the main growing 
season followed a highly predictable ontogenetic pattern. 
Total plant leaf area (Fig. 2A) exhibited an initial slow 
expansion during the overwintering phase, followed 
by a rapid linear increase after the spring tillering stage 
(approximately 180 d after sowing, DAS). The leaf area 
reached its physiological maximum of approximately 
0.015 square meters per plant at 215 DAS. Beyond  
240 DAS, a sharp decline in leaf area was observed, 
signifying the onset of canopy-wide senescence during  
the grain-filling period.

This morphological progression was closely mirrored 
by the accumulation of cumulative plant dry mass  
(Fig. 2B). Biomass accumulation followed a sigmoidal 
curve, with a lag phase during winter and an exponential 
phase in early spring. By the final sampling intervals, 
cumulative dry mass reached a plateau at approximately 
4.75 to 5.0 g per plant. The mean daily plant growth rate 
(Fig. 2C) provided a high-resolution view of vegetative 
vigour, exhibiting a characteristic bell-shaped distribution. 
The peak growth rate of 0.11 g per day was achieved 
between 210 and 230 DAS, several days later compared 
to the period of maximum leaf area. Interestingly,  
the temporary temperature variations (Fig. 1) did not cause 
oscillations in the trajectory of the growing parameters.  
The subsequent decrease in growth rate after 240 DAS 
aligns with the transition from vegetative growth to 
reproductive sink-filling and physiological maturation. 
The onset of the decrease could be accelerated by  
the warm period at the end of the vegetative stage (Fig. 1). 

Longitudinal analysis of PSII photochemistry and 
performance indices: To assess the functional integrity 
of the photosynthetic apparatus throughout the season, we 
monitored several groups of parameters derived from fast 
chlorophyll fluorescence kinetics, belonging to different 
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groups. The first group comprised basic parameters, 
including quantum yields and acceptor pool capacity. 

The maximum quantum yield of PSII, expressed as 
Fv/Fm, remained relatively high and stable (averaging 
0.82 to 0.83) for the majority of the season (Fig. 3A). 
However, as the crop surpassed 240 DAS, Fv/Fm values 
dropped significantly to below 0.78, indicating a loss of 
photochemical efficiency during the late grain-filling 
stage, likely due to the onset of senescence. A similar, more 
sensitive trend was observed in the values of the related 
Fv/Fo parameter (Fig. 3B), which showed a steady decline 

throughout the season. The trend in the total area above  
the fluorescence induction curve (Area), which represents 
the size of the plastoquinone (PQ) pool on the reducing side 
of PSII, followed the seasonal trend, followed by a decline 
due to leaf senescence (Fig. 3C). Some of the unexplained 
variance (deviation of the measured value from the fitted 
trend) can be attributed to variability in meteorological 
conditions (temperature, rainfall), especially the cold/hot 

Fig. 2. Seasonal dynamics of plant growth and biomass 
accumulation in winter wheat. (A) Dynamics of total plant leaf 
area (square meters per plant) illustrating the expansion phase 
and subsequent senescence. (B) Cumulative plant dry mass (g) 
accumulation over the course of the experiment. (C) Mean daily 
plant growth rate (grams per day) during the period of maximum 
vegetative vigour. Data points represent the mean values of 30 
genotypes, with each genotype represented by 6 sampled plants 
per interval (n ≈ 180 per point; 30 genotypes × 6 biological 
replicates). Error bars indicate the standard error of the mean 
(SE). DAS – days after sowing.

Fig. 3. Seasonal variation in primary photosynthetic efficiency 
and PSII acceptor pool size. (A) Maximum quantum yield of 
PSII (Fv/Fm), (B) ratio of quantum yields of photochemical to 
nonphotochemical processes (Fv/Fo), and (C) the total area above 
the fluorescence induction curve (Area), representing the size 
of the plastoquinone (PQ) pool on the reducing side of PSII.  
Blue circles represent the mean value at each time point, 
calculated across all evaluated genotypes (n ≈ 180 per point;  
30 genotypes × 6 biological replicates), with error bars denoting ± 
standard error (SE) of the mean. The dashed red line shows 
a third-order polynomial fit (best fit) to the main growing 
season, excluding the senescence phase, to highlight the overall 
developmental trend independent of late-season decline. DAS – 
days after sowing.
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transitions shown in Fig. 1. In addition, the onset of 
senescence was likely driven by the hot period beginning 
on day 240. 

The second group of indicators assessed were  
the parameters reflecting electron transport at PSII 
expressed in different units. The specific electron transport 
flux per active reaction centre (ETo/RC) remained relatively 
high during the peak vegetative phase but declined 
sharply as the crop approached maturity (Fig. 4A). More 
strikingly, the phenomenological electron transport fluxes 
per leaf cross-section at the initial state (ETo/CSo) and at 
maximum fluorescence (ETo/CSm) showed exceptionally 
strong seasonal trends (Fig. 4B,C). In particular, ETo/CSo 
exhibited a near-linear decline (R2 = 0.9541), suggesting  
a systematic reduction in the electron transport per unit 
leaf area as the plants aged.

A close view of the period between DAS 185 and 
220 (Fig. 4) reveals that ETo/RC acted as a sensitive 
environmental sensor, with fluctuations mirroring  
the short-term temperature spikes and dips recorded at  
the site (Fig. 1). That suggests that the parameter reflects 
a highly plastic response, adjusting almost instantaneously 
to the ambient thermal environment. On the other hand,  
the phenomenological fluxes, especially ETo/CSo, 
maintained a much smoother, near-linear decline during 
this same period.

The third group of parameters assessed the trend 
in the density of active reaction centres (RC) expressed 
per different units. The density of RCs relative to light 
absorption (RC/ABS) peaked at approximately 220 DAS 
before declining (Fig. 5A). 

Still, this parameter showed high variability across 
dates, with a strong decrease in the fourth sampling and 
an increase in the fifth, which deviated from the overall 
trend. The decrease in RC density due to senescence was 
clearly evident in the last two samplings. In contrast to 
the previous, the density of RCs per leaf cross-section 
(RC/CSo and RC/CSm) followed a decreasing trajectory, 
maintaining more or less stable values through the mid-
vegetative stage, followed by a precipitous drop during  
the senescence phase (Fig. 5B,C). The results clearly 
indicate that RC densities expressed per absorbed light 
unit (ABS) differ from those expressed per unit area (here 
denoted as CSo and CSm). Nevertheless, across all three 
parameters, there is some variance from the predicted 
seasonal trend, likely due to environmental fluctuations 
during the season. In this respect, apart from the senescence 
effects at the end of the season, the number of reaction 
centres responded more positively to the transition from 
lower to higher temperatures, as shown by comparing  
the trends in Fig. 5 with those in Fig. 1. 

The last group of parameters assessed was the integrative 
indicators of plant vitality, denoted as performance 
indices. The performance index on an absorption basis 
(PIabs), which integrates reaction centre density and 
quantum yields, and the closely related total driving force 
of photosynthesis (df), both showed strong seasonal trends 
(Fig. 6A,B). Nevertheless, the total performance index 
(PItot), which incorporates the efficiency of the terminal 
electron acceptors of PSI, exhibited the highest seasonal 

predictability (R2 of 0.95) and remained closely aligned 
with the crop's physiological age (Fig. 6C).

While the temperature variations shown in Fig. 1 had 
minor effects on the trend in PIabs and df, PItot demonstrated 
the most robust behaviour; even during the rapid 
temperature shift observed around DAS 220, the parameter 

Fig. 4. Dynamics of electron transport fluxes per reaction centre 
and leaf cross-section. Analysis of energy flux parameters 
calculated via the JIP-test protocol. (A) Electron transport flux 
per active reaction centre (ETo/RC). (B) Phenomenological 
electron transport flux per leaf cross-section at the initial state 
(ETo/CSo). (C) Phenomenological electron transport flux per leaf 
cross-section at maximum fluorescence (ETo/CSm). Parameters 
are expressed in arbitrary units (a.u.). Blue circles represent  
the mean value at each time point, calculated across all evaluated 
genotypes (n ≈ 180 per point; 30 genotypes × 6 biological 
replicates), with error bars denoting ± standard error (SE) of  
the mean. The dashed red line shows a third-order polynomial fit 
(best fit) to the main growing season, excluding the senescence 
phase, to highlight the overall developmental trend independent 
of late-season decline. DAS – days after sowing.
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continued its smooth trajectory. That suggests that PItot is 
capable of disentangling the underlying ontogenetic signal 
from the transient environmental effects of spring weather 
fluctuations.

Statistical differentiation of seasonal and environmental 
sensitivity: The relationships among the biophysical 

parameters, as well as their correlation with growth rate, 
were further elucidated using a Pearson's correlation 
matrix (Fig. 7). 

Despite all fluorescence parameters being derived from 
the same curves, low mutual correlations among most of 
them indicate that they truly represent independent values 
quantifying different processes and phenomena of PSII 

Fig. 5. The density of active reaction centres (RC) relative to 
light absorption and leaf surface area. (A) Density of RCs per 
chlorophyll unit or absorption (RC/ABS). (B) Density of RCs 
per leaf cross-section at the initial state (RC/CSo). (C) Density of 
RCs per leaf cross-section at maximum fluorescence (RC/CSm). 
The data illustrate a peak in active RC density during  
the mid-vegetative stage, followed by a sharp decline during  
the onset of leaf senescence. Blue circles represent the mean value 
at each time point, calculated across all evaluated genotypes  
(n ≈ 180 per point; 30 genotypes × 6 biological replicates), with 
error bars denoting ± standard error (SE) of the mean. The dashed 
red line shows a third-order polynomial fit (best fit) to the main 
growing season, excluding the senescence phase, to highlight  
the overall developmental trend independent of late-season 
decline. DAS – days after sowing.

Fig. 6. Integrative photosynthetic performance indices and driving 
forces calculated from JIP-test transients. (A) Performance index 
on an absorption basis (PIabs), integrating the density of reaction 
centres, the quantum yield of primary photochemistry, and  
the probability of electron transport. (B) The total driving force 
of photosynthesis (df) based on fluorescence kinetics. (C) Total 
performance index (PItot), which incorporates the efficiency  
of the terminal electron acceptors of PSI. Blue circles represent 
the mean value at each time point, calculated across all evaluated 
genotypes (n ≈ 180 per point; 30 genotypes × 6 biological 
replicates), with error bars denoting ± standard error (SE) of  
the mean. The dashed red line shows a third-order polynomial fit 
(best fit) to the main growing season, excluding the senescence 
phase, to highlight the overall developmental trend independent 
of late-season decline. DAS – days after sowing.
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photochemistry, with unequal seasonal trends and differing 
environmental responsiveness. A very high correlation was 
found only in closely related parameters (e.g., ETo/CSo 
and ETo/CSm, Fv/Fm and Fv/Fo, etc.). PIabs and df were fully 
correlated, as df represents the logarithm of PIabs. 

More important were the results of correlations with 
growth. Notably, the integrative indices PItot, PIabs, and 
df showed exceptionally high positive correlations with  
the plant growth rate (r = 0.98 and r = 0.79, respectively). 
The leaf area was strongly correlated with ETo/RC  
(r = 0.70) and PItot (r = 0.78). As expected, Fv/Fm showed 
a more moderate, nonsignificant correlation with 
plant growth rate (r = 0.51), much lower than that for  
the integrative performance indices. Our findings indicate 
that PItot, PIabs, and df are valid markers for monitoring  
the overall vitality of the photosynthetic apparatus, which 
is crucial for crop biomass accumulation during the wheat 
season. 

To provide a more robust overall statistical analysis, 
we tested the effects of the two main factors present in  
the experiment (date and genotype) using two-way analysis 
of variance (Table 1). Our results clearly show the statistical 
significance of both factors and their interactions for all 

parameters assessed. While the study was not specifically 
focused on genotype assessment, it is worth noting that 
the method and parameters used demonstrated a good 
capacity to identify genotype-specific differences within 
a population of 30 varieties. Using effect size (partial eta 
squared), we found that genotype was a very strong factor 
for ETo/CSo and Area, but a less dominant factor for  
the performance indices. In turn, the date of measurement 
was a very strong factor for electron transport-related 
parameters and PItot, but less dominant for Fv/Fm and Fv/Fo. 
The interactions between the two factors were significant 
for all parameters.

In addition to this general statistical assessment, we 
also evaluated the stability of the measured fluorescence 
signals across the season by calculating the Theil 
Inequality Coefficient (U). We observed a clear hierarchy 
in signal stability: PItot (0.051) and Fv/Fm (0.060) exhibited 
the highest smoothness, while kinetic-derived parameters 
such as RC/ABS (0.138) displayed greater relative  
noise, which may be attributable to environmental 
fluctuations.

To evaluate the utility of different JIP-test parameters 
for crop phenotyping, we analysed the relationship between 

Fig. 7. Correlation matrix between average values of growth parameters and JIP-test fluorescence variables. A heatmap of Pearson's 
correlation coefficients (r) illustrating the relationships between morphological growth traits (Leaf area, Growth rate) and photosynthetic 
parameters. Colour intensity represents the strength of the correlation, with green indicating positive correlations and red indicating 
negative correlations. The red colour of the numbers indicates a statistically significant positive relationship between the parameters. 
Double asterisks (**) indicate p≤0.01; single asterisks (*) indicate 0.01<p≤0.05. Correlations were based on average parameter values 
from seven sampling dates (S1–S7) spanning the main growing season, excluding the senescence phase. Fv/Fm – maximum quantum yield 
of PSII; Fv/Fo – ratio of quantum yields of photochemical to nonphotochemical processes; Area – the total area above the fluorescence 
induction curve representing the size of PQ pool on the reducing side of PSII; ETo/RC – electron transport flux per active reaction 
centre; ETo/CSo – phenomenological electron transport flux per leaf cross-section at the initial state; ETo/CSm – phenomenological 
electron transport flux per leaf cross-section at maximum fluorescence; RC/ABS – density of RCs per chlorophyll unit or absorption;  
RC/CSo – density of RCs per leaf cross-section at the initial state; RC/CSm – density of RCs per leaf cross-section at maximum 
fluorescence; PIabs – performance index on an absorption basis integrating the density of reaction centres, the quantum yield of primary 
photochemistry, and the probability of electron transport; df – total driving force of photosynthesis based on fluorescence kinetics;  
PItot – total performance index, which incorporates the efficiency of the terminal electron acceptors of PSI. 
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their predictive power for growth and their unexplained 
variance (Fig. 8). 

This statistical framework enabled us to categorise 
parameters by sensitivity. Parameters such as PItot, df, and 
PIabs, clustered in the lower-right quadrant of the scatter 

plot, show high correlations with growth rate and lower 
noise (indicated by the Theil Inequality Coefficient, U). 
In particular, the PItot was identified as a parameter 
following the seasonal trend observed also in growth 
and productivity parameters, with relatively low noise in  
the data. Our observations suggest that this parameter 
can be exceptionally useful for monitoring the functional 
state and quantitative performance of the photosynthetic 
apparatus, with low noise caused by co-occurring 
environmental factors. 

In contrast, parameters such as Fv/Fo, Area, and 
especially RC/ABS were positioned in the upper-left 
quadrant, exhibiting higher unexplained variance. These 
parameters were found to be more sensitive to transient 
environmental fluctuations and immediate physiological 
stress responses but do not have a good fit with a seasonal 
pattern of growth dynamics. This differentiation suggests 
that those parameters are useful for detecting effects 
of common environmental fluctuations. In the case of 
the Fv/Fm parameter, it showed quite smooth data, with 
relatively low noise, but its predictive capacity related to 
plant productivity in non-stressed plants used in our study 
was limited. A group of parameters clustered in the lower 
left indicate strong seasonality and low environmentally 
induced noise, but a low relationship with overall plant 
productivity.

Discussion

The implementation of a population-level phenomic 
approach, treating diverse wheat genotypes as a single 
population, significantly enhanced the robustness and 

Table 1. The values of statistical indicators related to analysis of variance (ANOVA) and assessment of trend-following accuracy  
in the plotted values. *** The effect of the factor is highly significant (P<0.001). +++ U values are classified on a scale from perfect 
fit (0) to no fit (1). Area – the total area above the fluorescence induction curve representing the size of PQ pool on the reducing side 
of PSII; Fv/Fo – ratio of quantum yields of photochemical to nonphotochemical processes; Fv/Fm – maximum quantum yield of PSII;  
ETo/RC – electron transport flux per active reaction centre; RC/CSo – density of RCs per leaf cross-section at the initial state;  
ETo/CSo – phenomenological electron transport flux per leaf cross-section at the initial state; RC/CSm – density of RCs per leaf 
cross-section at maximum fluorescence; ETo/CSm – phenomenological electron transport flux per leaf cross-section at maximum 
fluorescence; RC/ABS – density of RCs per chlorophyll unit or absorption; PIabs – performance index on an absorption basis integrating 
the density of reaction centres, the quantum yield of primary photochemistry, and the probability of electron transport; df – total driving 
force of photosynthesis based on fluorescence kinetics; PItot – total performance index, which incorporates the efficiency of the terminal 
electron acceptors of PSI.

Parameter Effect size of factors (ANOVA) (partial eta squared) Theil Inequality Coefficient (U)+++

Date Genotype Date × Genotype Date

Area 0.21*** 0.22*** 0.43*** 0.122
Fv/Fo 0.16*** 0.13*** 0.28*** 0.111
Fv/Fm 0.15*** 0.13*** 0.24*** 0.060
ETo/RC 0.60*** 0.21*** 0.37*** 0.089
RC/CSo 0.55*** 0.19*** 0.53*** 0.079
ETo/CSo 0.57*** 0.23*** 0.40*** 0.081
RC/CSm 0.32*** 0.17*** 0.38*** 0.093
ETo/CSm 0.44*** 0.21*** 0.31*** 0.084
RC/ABS 0.16*** 0.14*** 0.37*** 0.138
PIabs 0.20*** 0.12*** 0.33*** 0.075
df 0.19*** 0.11*** 0.33*** 0.061
PItot 0.42*** 0.10*** 0.35*** 0.051

Fig. 8. Statistical framework for the sensitivity and predictability 
of photosynthetic parameters. Biplot relating the coefficient  
of determination (R2) of the parameters correlated with plant 
growth rate to the Theil Inequality Coefficient assessing how 
closely the plotted values follow the predicted trend for each 
chlorophyll fluorescence parameter (excluding senescence 
period; shown by dashed red lines in Figs. 3–6). The horizontal 
axis represents the predictive power of a parameter for growth, 
while the vertical axis represents dataset noise attributed to 
fluctuating environmental factors during measurement.
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repeatability of the biophysical models established in this 
study. Our results (Fig. 2) demonstrate that by integrating 
a massive number of technical replicates across diverse 
genetic backgrounds, the resulting growth trajectories 
are smoothed, effectively minimising the stochastic 
measurement noise typical of low-throughput assays. 
As emphasised by Tsimilli-Michael (2020), plotting 
and examining raw transients within large replicate 
sets is essential to recognise data dispersion as critical 
information on natural biological heterogeneity rather than 
mere experimental error. This scale of analysis, supported 
by findings from Koller et al. (2020) and Begović et al. 
(2020), provides the statistical power necessary to detect 
subtle physiological shifts that would otherwise be masked. 
A key observation in our morphological data was that  
the peak in mean daily plant growth rate occurred between 
210 and 230 d after sowing (DAS), several days after 
achieving maximum leaf area expansion at 215 DAS  
(Fig. 2). This lag suggests that maximum metabolic 
efficiency is reached not at the moment of maximum 
canopy size, but during a subsequent phase of physiological 
maturation where the newly expanded leaves reach their 
full carbon-assimilation potential. This longitudinal 
integration overcomes the inherent limitations of single-
point measurements, which often capture only performance 
at a specific moment. Such snapshots are frequently biased 
by transient factors, including diurnal light fluctuations 
or temperature spikes (Živčák et al. 2014, Digrado et al. 
2017).

The photosynthetic apparatus displays a clear 
hierarchy in parameter sensitivity throughout the season. 
For instance, the maximum quantum yield of primary 
photochemistry (Fv/Fm) remained remarkably high 
and stable (averaging 0.82–0.83) until 240 DAS, after 
which it dropped significantly (Fig. 3A). This stability, 
documented in various wheat cultivars (Lu et al. 2002, 
Yang et al. 2007), implies that the potential for primary 
PSII photochemistry is not the primary limiting bottleneck 
for biomass accumulation during the vegetative and 
early grain-filling phases. The maintenance of high Fv/Fm 
values suggests a surplus of PSII capacity, which is highly 
resistant to moderate environmental constraints (Cornic 
and Fresneau 2002, Desotgiu et al. 2012). However, our 
results demonstrate that Fv/Fo (Fig. 3B) is a far more 
sensitive precursor to physiological decline. Because  
Fv/Fo is mathematically magnified compared to the "ratio 
of extrema" seen in Fv/Fm, it captures subtle instabilities in 
the energetic balance within the photosynthetic units that 
Fv/Fm might mask (Banks 2017, Tsimilli-Michael 2020). 
Furthermore, the functional size of the plastoquinone pool, 
represented by the Area parameter (Fig. 3C), serves as  
a critical biophysical proxy for the total electron acceptor 
pool. The observed decline in Area during the post-anthesis 
period acts as a kinetic bottleneck; a smaller PQ pool 
provides fewer available slots for electron transfer, leading 
to an electron "traffic jam" that increases the probability 
of reaction centre closure (Holland et al. 2014, Stirbet  
et al. 2014).

Our analysis of reaction centre (RC) densities provides 
insight into the structural reorganisation of the light-

harvesting apparatus during maturation. The divergence 
between densities expressed per unit area (RC/CSo) and per 
unit absorption (RC/ABS) (Fig. 5) reveals that maturation 
is not merely a quantitative increase in biomass, but  
a qualitative optimisation of energy distribution. Because 
RC/ABS is the reciprocal of the apparent antenna size, 
its movements relative to area-based metrics show how 
the plant balances its energy-harvesting "nets" against 
its "transformers" (Zeng et al. 2021). As leaves reach 
full expansion, the emergence of a gap between these 
parameters signals the transformation of some units into 
"silent reaction centres" that continue to absorb light but no 
longer contribute to the active pool (Strasser et al. 2004). 
While structural parameters like RC/ABS showed high 
temporal variability due to their role as dynamic sensors of 
environmental fluctuations, integrative indices remained 
stable. The precipitous drop in RC density during the final 
two samplings (Fig. 5B,C) signifies a programmed shift in 
metabolic hierarchy. As the flag leaf enters its final phase, 
it transitions from a "source" of carbohydrate to a critical 
reservoir for recycling nitrogen and minerals, with up to 
75% of leaf nitrogen being reclaimed for the developing 
grains (Gregersen et al. 2008, Viljevac Vuletić et al. 2019). 
This dismantling represents a highly regulated adaptive 
program that prioritises nutrient remobilisation over  
the continued maintenance of the photosynthetic canopy 
(Zeng et al. 2021).

The superiority of integrative performance indices was 
a central finding of this study. The total performance index 
(PItot) exhibited significantly higher seasonal predictability 
(r2 = 0.95, Fig. 6C) and a remarkably strong correlation 
with the mean daily plant growth rate (r = 0.98, Fig. 7) 
compared to the performance index on an absorption basis 
(PIabs). This is primarily because PItot incorporates the δRo 
component, describing the efficiency of electron transfer 
from the intersystem carriers to the terminal acceptors of 
PSI (Stirbet and Govindjee 2011). While PIabs is restricted 
to events within PSII, PItot captures the cumulative 
energetic potential of the entire linear electron transport 
chain. In practical applications, PItot buffers the rapid, 
stochastic responses of PSII to environmental "noise" 
by accounting for the relatively more stable PSI capacity 
during maturation (Živčák et al. 2014). This makes PItot  
a far more responsive indicator of vitality, particularly 
under nutrient stress or during early-stage senescence, 
where it can detect functional declines as early as seven 
days after flowering (Španić et al. 2023). Ultimately, 
because PItot accounts for the distal energetic bottlenecks 
that limit carbon fixation, it correlates more strongly with 
actual net CO2 assimilation rates (Desotgiu et al. 2012).

The time series of parameters reveals varying degrees of 
temporal stability: some parameters exhibit clear, smooth 
trends, while others display considerable noise, with 
varying levels of deviation from their underlying trend. 
To quantify this variability, we applied Theil's Inequality 
Coefficient (U) as an analytical measure (Table 1).  
As referenced in the literature (Theil et al. 1961, Bellocchi 
et al. 2010), this coefficient provides a rigorous, multi-
faceted validation of model performance that accounts 
for both systematic and unsystematic deviations from 
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the observed data. This allowed us to assess how closely 
the plotted (actual) values follow the predicted trend,  
on a scale from a perfect fit (0) to no predictive value (1). 
We observed a clear hierarchy in signal stability (Fig. 8) 
that serves as a robust quantitative proxy for a genotype's 
sensitivity to transient environmental fluctuations. Under 
stable conditions, biophysical parameters typically exhibit 
predictable relationships; however, the introduction of 
temperature spikes or moisture fluctuations increases 
"biophysical noise," causing a rise in unexplained variance 
(Stirbet et al. 2018, Begović et al. 2020). Our analysis 
demonstrates that while traditional parameters like Fv/Fm 
exhibit higher levels of noise, integrative indices like PItot 
better follow the underlying ontogenetic signal with lower 
effects of environmental fluctuations. 

While the aggregation of diverse genotypes into a single 
population serves to reveal universal seasonal patterns, 
we recognise the importance of genotypic variability 
for breeding applications. We justify this population-
level approach as a prerequisite for establishing a stable 
biophysical baseline, effectively suppressing the "genetic 
noise" that often masks fundamental photosynthetic 
dynamics. To address the fundamental importance of G × E 
interactions, we supplemented our population-level models 
with a multifactorial ANOVA (Table 1), which quantifies 
the variance attributed to the factor "GENOTYPE". This 
hierarchical statistical framework allows us to define  
the species-level ontogenetic progression while 
concurrently providing the variance-partitioning tools 
necessary to identify high-performing genotypes that 
deviate from this established population baseline. 
Therefore, although genotype comparison, frequently 
applied in previous investigations (Živčák et al. 2008, 
Begović et al. 2020, Spanic et al. 2021), was not among 
the aims of this study, our statistical analysis shows that 
the method and individual parameters can detect genotypic 
variation across the season, in addition to seasonal trends. 
This indicates that our results have applicability beyond  
a purely developmental perspective.

Translating this biophysical framework into a practical 
breeding protocol requires prioritising integrative indices, 
such as PItot and PIabs, over primary yield measurements. 
Performance indices are calculated by combining 
parameters related to the density of active PSII reaction 
centres, the quantum yield of photochemistry, and  
the efficiency of electron transport steps. Together, 
these indices provide a comprehensive evaluation of  
the photosynthetic apparatus's vitality by quantifying  
the plant's ability to conserve energy and effectively drive 
linear electron transport (Stirbet et al. 2018). Performance 
indices derived from the JIP-test are considered more 
informative than single OJIP-derived parameters, as they 
integrate multiple partial reactions of the photosynthetic 
electron transport chain (Strasser et al. 2000, 2004). 
Because PIs incorporate several structural and functional 
parameters, including the density of active reaction 
centres, the efficiency of exciton trapping, and electron 
transport beyond QA⁻, they provide a more comprehensive 
and sensitive readout of stress-induced perturbations 
across the whole photosynthetic apparatus. Moreover, 

since PIs are calculated as products of multiple normalised 
sub-components, even small stress-induced changes in 
individual parameters can be amplified in the composite 
index, further enhancing overall sensitivity (Stirbet et al. 
2018). Small shifts in the redox state of individual electron 
transport chain components – arising from variation in 
actual environmental conditions that directly influence 
chloroplast processes can be effectively compensated 
for, since an increase in one component's redox state 
can be offset by a decrease in a subsequent component.  
As a result, performance indices (PIs), especially PItot, that 
integrate multiple functional traits may show lower overall 
variability and noise than parameters describing a single 
functional trait (Živčák et al. 2014).

In addition to multiple stress-related applications 
(Kalaji et al. 2016), these indices, for example, facilitate  
the selection of "functional stay-green" varieties 
that balance nutrient remobilisation with sustained 
photosynthetic activity. This is particularly valuable given 
the positive correlation between flag leaf longevity and 
total yield (Carmo-Silva et al. 2017, Galić et al. 2020, 
Spanic et al. 2021). Nevertheless, to integrate these robust 
multivariate physiological readouts into a unified statistical 
framework, it is necessary to move beyond simple snapshot 
evaluations toward a dynamic, holistic understanding of 
plant performance throughout the growing season, as was 
done in our study. 

On the other hand, we recognise that our study has 
several limitations. First, the single-site, single-season 
nature of this study limits the geographic generalisability 
of our findings. However, we assert that the high-
resolution longitudinal temporal density achieved here 
(nine sampling events across the life cycle) provides  
a unique "biophysical chronosequence" useful for defining 
the fundamental ontogenetic signature of wheat. While 
multi-site validation is required to assess environmental 
robustness across diverse pedoclimatic zones, this study 
establishes the critical species-level baseline necessary to 
calibrate such future efforts.

The second limitation is the lack of direct 
measurements of photosynthetic parameters, such as 
gas-exchange data. However, it is well established that 
systems available for directly measuring photosynthetic 
capacity have low throughput, which creates a bottleneck 
for larger-scale research activities (Salter et al. 2018). 
This makes such measurements unrealistic to perform 
at the required extent and quality, given the time needed 
per measurement and the relatively narrow daily window 
during which correct measurements can be taken (Haworth 
et al. 2018). In addition, our study does not rely solely on  
the theoretical link between fluorescence and 
photochemistry; it is anchored by a high-resolution, 
longitudinal, and labour-intensive assessment of plant 
growth, leaf area, and biomass accumulation. This provides 
an extremely valuable dataset representing the net result 
of carbon assimilation – namely, cumulative dry mass 
and its rate of change. These results can therefore serve 
as an adequate real-world benchmark against which  
the fluorescence indices were tested. Nevertheless, 
we believe that analysing leaf-scale photosynthetic 



124

M. ZIVCAK et al.

performance and limitations alongside fluorescence and 
growth data would add an important additional layer of 
information, and we regard this as a valuable direction for 
future research.

Acknowledging these limitations, we propose that our 
findings serve primarily as a valuable proof-of-concept, 
providing a standardised temporal framework against 
which future multi-year, multi-environment data can be 
systematically compared.

Conclusions: The presented results demonstrate that 
the complex physiological fingerprint provided by 
fast chlorophyll fluorescence can be systematically 
deconstructed to distinguish between long-term 
ontogenetic programming and transient environmental 
responses in winter wheat. By employing a longitudinal 
phenomic approach across a diverse multi-genotype 
population, we have successfully established a hierarchical 
framework for the interpretation of JIP-test parameters. 
Our findings reveal that integrative performance indices, 
most notably the total performance index (PItot), may 
serve as robust indicators of photosynthetic vitality, 
associated with seasonal growth dynamics and biomass 
accumulation. A high correlation between PItot and plant 
growth rate, coupled with its low unexplained variance, 
positions this parameter as a valid marker for assessing 
the holistic vitality of the photosynthetic apparatus. 
Unlike basic fluorescence ratios, PItot effectively integrates  
the efficiencies of both Photosystem II and Photosystem I, 
thereby providing a more faithful representation of  
the plant's actual carbon-assimilation potential throughout 
the vegetative and reproductive phases.

In contrast, our analysis highlights a clear functional 
divergence for traditional parameters such as the maximum 
quantum yield of primary photochemistry ratio (Fv/Fm). 
While these parameters are sensitive detectors of acute 
environmental stressors and terminal leaf senescence, they 
exhibit significantly higher levels of unexplained variance 
in relation to seasonal growth trajectories. Consequently, 
while they remain invaluable for identifying significant 
photochemical damage or transient acclimatory shifts, 
they do not provide a reliable metric for quantitative 
photosynthetic performance or yield-related phenotyping. 
This differentiation is critical for the advancement of 
high-throughput phenotyping; it suggests that breeding 
programs should prioritise integrative indices to monitor 
cumulative vigour, while reserving primary quantum 
yields for the detection of specific stress-induced injuries.

Ultimately, the statistical framework developed in this 
study provides useful insights into the phenomic gap in 
field-based research. By identifying which biophysical 
markers are predominantly ontogenetic signatures vs. 
those that are environmentally responsive, we enable 
a more precise physiological interpretation of large-
scale fluorescence datasets. This approach facilitates  
the development of more stable and repeatable phenotypic 
models, which are essential for the selection of superior 
genotypes with improved photosynthetic efficiency and 
climate resilience. The ability to noninvasively monitor 
the linear electron transport chain's stepwise reduction 

with such high seasonal predictability marks a valid step 
toward integrating mechanistic biophysical knowledge 
into the broader context of crop improvement and precision 
agriculture.
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