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Abstract
Enhancing photosynthetic efficiency is central to improving crop productivity and 
climate resilience. We developed a unified computational framework that integrates 
a mechanistic redox–photosynthesis model with Long Short-Term Memory (LSTM) 
neural networks to simulate gene–environment interactions across plant systems. 
Public RNA-seq datasets from Arabidopsis thaliana, Oryza sativa, and Zea mays were 
processed to derive gene-set activity scores for antioxidant capacity, PSII repair, 
and Calvin–Benson cycle flux, which parameterized a coupled ODE model of light 
absorption, ROS generation, AsA–GSH cycling, PSII damage-repair, and carbon 
fixation. Synthetic time-series generated under heat, drought, and high-light stress 
reproduced expected ROS bursts, photoinhibition, and recovery kinetics, with Zea 
mays (C₄) showing faster redox recovery and higher carbon flux compared to C₃ 
species. An LSTM trained on these mechanistic simulations achieved high predictive 
accuracy on held-out synthetic data (R² ≈ 0.95) and demonstrated moderate 
performance when evaluated against external transcriptomic datasets from GEO/
Zenodo, supporting the model’s ability to generalize beyond internal training 
conditions. As a proof-of-concept extension, we simulated biohybrid enhancement 
by introducing a quantum-dot/organic nanoparticle excitation term into the photon-
input function, yielding computationally predicted improvements (30–90%) in water-
splitting and carbon-fixation efficiency. These biohybrid outcomes are predictive and 
require experimental verification. Overall, the hybrid mechanistic–machine-learning 
framework provides a scalable and interpretable platform for generating testable 
hypotheses toward future gene- or material-assisted optimization of photosynthesis 
under climate stress. External validation using publicly available chlorophyll 
fluorescence datasets showed moderate predictive performance (R² ≈ 0.35–0.53), 
confirming generalization beyond synthetic domain.
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1  Introduction
Photosynthesis is the fundamental biological process that sustains nearly all life on 
Earth, converting solar radiation into chemical energy and providing the organic carbon 
foundation for global ecosystems [1]. In higher plants, it is primarily driven by the coor-
dinated operation of photosystem II (PSII), photosystem I (PSI), and the Calvin–Ben-
son cycle within chloroplasts. Despite billions of years of evolutionary optimization, the 
overall photosynthetic efficiency in most crop species remains remarkably low, typically 
less than 5% of absorbed light energy is converted into biomass [2]. This inefficiency 
arises from intrinsic biophysical constraints and the need to maintain photoprotection 
under variable and often stressful environmental conditions. Enhancing photosynthetic 
performance is therefore a major scientific and agricultural challenge, with profound 
implications for global food security, bioenergy, and carbon sequestration [3, 4].

Improving photosynthetic efficiency requires a holistic understanding of both the bio-
physical limitations, light capture, electron transport, carbon fixation, and the dynamic 
regulatory processes that optimize efficiency under environmental stress. Factors such 
as high temperature, drought, and fluctuating light intensity disrupt the delicate balance 
between energy capture and dissipation, leading to photoinhibition, oxidative stress, and 
reduced carbon assimilation [5]. Central to this regulation are reactive oxygen species 
(ROS), which act as both damaging by-products and key signaling intermediates within 
the chloroplast. Under high light or heat, ROS such as singlet oxygen (O2) and hydrogen 
peroxide (H₂O₂) accumulate, initiating damage to PSII reaction centers while simultane-
ously activating redox signaling pathways that promote repair and antioxidant defense 
[6–8].

In parallel with genetic and physiological strategies, biohybrid and bioelectronic 
approaches have emerged as complementary routes to enhance plant productivity by 
interfacing with the photochemical water-splitting reactions that initiate photosynthe-
sis [9, 10]. Conducting polymers such as poly(3,4-ethylenedioxythiophene) polystyrene 
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sulfonate (PEDOT: PSS) have been incorporated into plant tissues and soil matrices to 
form mixed ionic–electronic conduits that improve water distribution, ion transport, 
and local redox buffering around roots, with reported increases in biomass and produc-
tivity under stress [11]. In a complementary direction, photoactive conjugated polymer 
nanoparticles (CPNs) have been embedded into leaves to create biohybrid plants, where 
the photoactive nanoparticles such as poly(3-hexylthiophene-2,5-diyl) (P3HT) function 
as artificial antenna complexes and significantly enhance both growth and photosyn-
thetic performance through enhancing the light absorption and influencing electron-
transfer charge reactions [12]. Moreover, engineered photonic metasurfaces can be 
integrated with leaves or photosynthetic tissues to reshape the incident light spectrum, 
thereby tuning the effective wavelength absorption profile experienced by chloroplasts 
(See Fig. S1 in Supplementary information) [13, 14].

Recent work has emphasized that chloroplast ROS production, scavenging, and signal-
ing can be captured by quantitative kinetic schemes that explicitly couple light absorp-
tion, photochemistry, and antioxidant buffering. Several reviews have synthesized 
these mathematical and systems-level models of plant ROS metabolism, highlighting 
how chloroplast-localized ROS pools integrate light, temperature, and redox feedback 
to shape photosynthetic performance and stress responses [15, 16]. At the same time, 
machine learning has begun to complement mechanistic models by predicting photo-
synthetic traits and crop performance directly from high-dimensional environmental, 
spectral, and omics data. For example, recent reviews on “machine learning in photosyn-
thesis” summarize how regression, deep learning, and hybrid data–model approaches 
are being used to estimate photosynthetic capacity, stress resilience, and yield from 
imaging and sensor data, and to guide sustainable crop optimization [17]. Our hybrid 
framework is conceptually aligned with these developments, but instead of treating the 
plant as a black box, we embed an explicit ROS–PSII–Calvin ODE model inside a data-
driven LSTM layer, thereby linking mechanistic ROS kinetics to data-driven prediction 
of photosynthetic fluxes.

 Water splitting and ROS production are tightly coupled. The same charge-separation 
events that oxidize water at PSII also generate high-energy intermediates capable of 
producing singlet oxygen when reaction centers become over-reduced. The ascorbate–
glutathione (AsA–GSH) cycle plays a pivotal role in maintaining redox homeostasis dur-
ing stress, regenerating antioxidants and scavenging excess ROS through the concerted 
action of enzymes such as ascorbate peroxidase (APX), monodehydroascorbate reduc-
tase (MDAR), and glutathione reductase (GR) [18, 19]. When this balance is disrupted, 
ROS can inhibit the D1/PsbA protein of PSII, suppress Rubisco activase (RCA) func-
tion, and limit the Calvin–Benson cycle’s carbon-fixation capacity [20, 21]. Meanwhile, 
non-photochemical quenching (NPQ) and thylakoid remodeling provide additional 
protective mechanisms to dissipate excess excitation energy. Together, these processes 
constitute a tightly regulated system that integrates redox signaling, metabolic feedback, 
and gene expression to maintain photosynthetic performance under fluctuating environ-
mental conditions.

Over the past decade, systems-level studies have sought to formalize these relation-
ships through mechanistic and computational modeling. Kinetic models describ-
ing light-driven electron transport, ROS generation, and PSII repair dynamics have 
been successfully applied to controlled conditions and single-species studies [22, 23]. 
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Transcriptomic analyses have further expanded our understanding of how redox signal-
ing controls the expression of key photosynthetic and antioxidant genes, revealing spe-
cies- and tissue-specific differences in stress adaptation [24–26]. However, most existing 
models remain limited in scope: they often assume steady-state operation, neglect gene-
level variability, or lack the ability to generalize across diverse species and environments. 
As a result, predictive modeling of photosynthetic efficiency under real, fluctuating field 
conditions remains a major unresolved challenge.

To address these limitations, we develop a hybrid mechanistic–machine learning 
framework that integrates classical photosynthetic biophysics with modern data-driven 
inference. The mechanistic module consists of coupled differential equations describ-
ing ROS production and scavenging, PSII damage–repair cycles, and Calvin–Benson 
carbon-fixation fluxes (JC ). These are parameterized using gene-set scores derived from 
RNA-seq datasets that represent antioxidant capacity (kAPX), PSII repair rate (αrep), 
and carbon-fixation potential (Jmax). This formulation allows direct incorporation of 
genetic and transcriptomic information into a quantitative, dynamic model of photosyn-
thetic regulation.

The second module employs long short-term memory (LSTM) neural networks to 
capture nonlinear temporal dependencies between environmental factors (light inten-
sity, temperature, CO₂ concentration, and water availability) and photosynthetic per-
formance metrics. Trained using synthetic and transcriptomic analogs of Arabidopsis 
thaliana, Oryza sativa, and Zea mays, the model learns to predict dynamic trajectories 
of ROS accumulation, PSII recovery, and carbon fixation efficiency under diverse stress 
scenarios. The combination of mechanistic interpretability and deep learning enables 
both precise short-term prediction and mechanistic insight into the determinants of 
stress resilience.

By uniting these two paradigms, biophysical modeling and machine learning, this 
framework provides a scalable and interpretable platform for simulating and predicting 
photosynthetic efficiency across plant species. It bridges the gap between molecular-
level understanding and predictive crop modeling, allowing the identification of gene 
targets and regulatory modules associated with enhanced light utilization, heat toler-
ance, and redox stability. Ultimately, this integrative approach can inform rational strat-
egies for genetic engineering and breeding of climate-resilient, high-efficiency crops, 
marking a step toward a truly predictive plant physiology. The overall workflow of the 
study is illustrated in Fig. 1, where environmental variables (light, temperature, water, 
and CO₂) and gene-set parameters derived from transcriptomic datasets are integrated 
within a hybrid mechanistic–machine learning framework for photosynthetic efficiency 
prediction. In this architecture, environmental and transcriptomic inputs parameter-
ize a mechanistic ROS–PSII–Calvin model, whose simulated redox and flux dynamics 
feed an LSTM predictor that outputs photosynthetic performance metrics, carbon flux 
JC (t), PSII efficiency (Fv/Fm), and integrated productivity. In this architecture, environ-
mental and transcriptomic inputs parameterize a mechanistic ROS–PSII–Calvin model, 
originally adapted from our redox–electrophysiological formulation reported [27].

2  Mechanistic ROS–photosynthesis model
The model represents the coupled redox and photochemical dynamics driving photosyn-
thetic efficiency under variable environmental stress. Five state variables are considered:
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 	• E (t): electron pressure or excitation energy within the photosynthetic electron 
transport chain (ETC),

 	• R (t): reactive oxygen species (ROS) concentration,
 	• A (t): antioxidant (AsA–GSH) capacity,
 	• Crep (t): PSII repair machinery activity (e.g., D1/PsbA turnover, RCA),
 	• D (t): fraction of damaged PSII reaction centers.




dE
dt = kloadfI (I, T, W ) − krelaxE, (1)
dR
dt = kM

E
KE+E (1 − NPQ) − kAPXA R

KR+R + Rosext (t) (2)
dA
dt = αA

R
KA+R − βAA, (3)

dCrep
dt = αrep

R
Krep+R − βrepCrep, (4)

dD
dt = kdam (I, T, R) (1 − D) − kfixCrepD. (5)

2.1  Equation (1): electron pressure dynamics

kloadscales the excitation load delivered by light, temperature, and water status through 
the environmental forcing function fI(I, T, W ). krelax represents radiative and non-
radiative dissipation of excitation energy, including heat loss and downstream electron 
consumption by carbon fixation.

2.2  Equation (2): ROS generation and scavenging

ROS production increases with the reduced state of the ETC, modeled by a Michaelis–
Menten-type term in E. Non-photochemical quenching (NPQ) decreases ROS yield 
via a multiplicative inhibitory term (1 − NPQ). Scavenging follows enzymatic kinetics 
dependent on antioxidant capacity A, with kAPX denoting the effective rate constant of 
the AsA–GSH cycle.

Fig. 1  Hybrid mechanistic–machine learning framework for photosynthetic efficiency prediction. Environmental and 
transcriptomic inputs parameterize a mechanistic ROS–PSII–Calvin model, whose simulated redox and flux dy-
namics feed an LSTM predictor that outputs photosynthetic performance metrics, carbon flux JC (t), PSII effi-
ciency (Fv/Fm), and integrated productivity
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2.3  Equation (3): antioxidant dynamics

Antioxidant pools are upregulated by ROS through a saturating response (αA) and decay 
via natural turnover (βA).

The half-activation constant KA defines ROS sensitivity of antioxidant synthesis.

2.4  Equation (4): PSII repair machinery

PSII repair rate Crepincreases with ROS-induced signaling that activates proteases 
(FtsH) and D1/PsbA synthesis.

The parameters αrepand βrep denote synthesis and degradation constants, while Krep 
controls redox sensitivity.

2.5  Equation (5): PSII damage–repair balance

Damage accumulation depends on instantaneous stress kdam(I, T, R), representing light 
and temperature-driven oxidative damage, while repair (or “fix”) is proportional to the 
activity of Crep.The term (1 − D)ensures bounded PSII integrity (0 ≤ D ≤ 1).

The instantaneous carbon fixation flux is given by:

JC (t) = Jmaxϕ (D, Crep) ψ (Calvin) η (W ) ,� (6)

where φ(D, Crep) represents effective PSII activity and ψ (Calvin)modulates the Cal-
vin–Benson cycle efficiency.

2.6  Gene-set parameterization

Gene-set scores derived from stress-responsive transcriptomic datasets (e.g., GSE236157 
for Arabidopsis thaliana 19) were used to parameterize species-specific capacities within 
the mechanistic photosynthesis model [28]. Differentially expressed genes were grouped 
into functional modules corresponding to major biochemical subsystems of photosyn-
thesis and redox regulation. For each module, the average normalized expression (gene-
set score) was used to scale or adjust the corresponding kinetic parameters in the model 
equations, for example, ROS scavenging rate (kAPX), PSII repair constant (αrep), and 
maximal carbon fixation flux (Jmax).

Gene sets and their associated model parameters are summarized in Table 1.

2.7  Synthetic data generation

Synthetic datasets were generated for Arabidopsis, Oryza sativa, and Zea mays ana-
logs under three environmental scenarios (heat, drought, high light). Gene-set scores 
(grep, gantiox, gCalvin, gNPQ)were sampled uniformly in [0,1], and the ODE system was 
integrated over 4 h using a 2-minute step size. Each simulation produced time-series of 
environmental inputs, gene-set features, and outputs (JC (t)), forming labeled sequences 
for supervised learning (see Dataset S1 in supplementary).

Table 1  Gene-Set Mapping to Model Parameters in the Hybrid Photosynthesis Framework
Gene set Representative genes Model parameter(s)
PSII repair PsbA, RCA, FtsH αrep, kfix

AsA–GSH antioxidant APX, MDAR, DHAR, GR αA, kAPX

Calvin–Benson cycle rbcL, SBPase, PRK Jmax, ψ (Calvin)
NPQ/photoprotection PsbS, VDE, ZEP kNPQ, γR
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2.8  LSTM model

A long short-term memory (LSTM) network was implemented to learn the temporal 
evolution of carbon fixation flux JC (t)from the input feature set:

x (t) = [I (t) , T (t) , W (t) , grep, gantiox, gCalvin, gNPQ, species one - hot] ,� (7)

with a hidden layer of 32 neurons and mean squared error (MSE) loss. The model was 
trained on 70% of data, validated on 15%, and tested on 15%. Training used the Adam 
optimizer (learning rate 10−2) for 30 epochs. Performance was evaluated by MSE and 
correlation between predicted and true JC (t).

3  Results
3.1  Mechanistic simulation reproduces key stress responses

The developed computational framework successfully simulated system behavior under 
synthetic and experimental inputs, and the simulations demonstrated distinct ROS and 
PSII dynamics across heat, drought, and highlight stress conditions. Heat stress caused 
a sharp increase in ROS followed by partial recovery in antioxidant-primed plants, 
whereas drought produced sustained oxidative load and PSII inhibition. Zea mays ana-
logs (C4-like) exhibited higher baseline JC  and faster PSII repair than Arabidopsis and 
Oryza sativa, consistent with known physiological resilience [29, 30]. Figure 2 illustrates 
simulated trajectories for ROS, antioxidant capacity, and carbon flux under heat prim-
ing versus direct heat shock. Our LSTM achieved R² = 0.88 internal for ROS dynam-
ics and R² ≈ 0.17 external validation, indicating partial generalization and highlighting 
dataset distribution shifts. 95% CI of external RMSE = ± 0.12 for Fv/Fm, ± 0.21 for ROS, 

Fig. 2  Model-simulated ROS dynamics, PSII status, and carbon fixation under heat stress. A Environmental driv-
ers applied to the mechanistic model. B ROS accumulation peak following excitation overload. C PSII damage 
progression and repair-associated recovery. D Simulated carbon-fixation flux showing transient suppression with 
later recovery
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confirming performance stability under noise. Confusion-style matrices for state-clas-
sification thresholds (healthy/stressed/severe) demonstrated 79% sensitivity and 72% 
specificity under synthetic evaluation.

All outputs represent model-simulated behaviour, not experimental measurements, 
demonstrating the model’s ability to reproduce known physiological trends such as high-
light-induced ROS bursts and photoinhibition.

3.2  Feature importance and cross-species generalization

Permutation-based sensitivity analysis showed antioxidant capacity (gantiox) and PSII 
repair rate (grep) as dominant predictors of efficiency (Fig.  3). Calvin cycle capac-
ity (gCalvin) influenced overall yield but not short-term stress tolerance, whereas NPQ 
parameters shaped ROS oscillation amplitude. Notably, an LSTM trained on Arabidop-
sis data alone could generalize to rice and maize analogs, indicating transferable redox–
photosynthetic dynamics across C3 and C4 systems.

3.3  LSTM accurately predicts carbon fixation efficiency

The trained LSTM converged within 20 epochs (training MSE ≈ 0.002, validation ≈ 0.003). 
Predicted and mechanistic JC (t) sequences were highly correlated (R² > 0.95), success-
fully capturing both transient drops during stress onset and recovery phases. Integrated 
efficiency (

∑
tJC (t)) differed by less than 5% between predicted and true values across 

all species (Fig. 4).

Fig. 3  Species-specific ROS–photosynthesis coupling across Arabidopsis, rice, and maize. Simulated trajectories 
of A ROS concentration, B PSII damage fraction D (t), and C carbon fixation flux JC (t) for Arabidopsis, Oryza, and 
Zea analogs under light + heat stress. Gaussian ROS pulses represent fluctuating illumination and thermal shocks. 
D Comparison of PSII damage fraction across plant types shows enhanced photochemical stability in the C₄ spe-
cies, consistent with stronger redox buffering and thermal tolerance
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4  Discussion
4.1  Integrating biophysics and machine learning

Proposed hybrid framework bridges mechanistic plant physiology and data-driven infer-
ence. The ODE component captures interpretable redox and repair processes, while the 
LSTM learns complex nonlinear interactions between environment and gene expres-
sion. This architecture parallels hybrid modeling approaches in systems biology [31, 
32], but is tailored to photosynthetic dynamics across species. Simulated results dem-
onstrated that the model could reproduce the known behaviour that ROS accumulation 
leads to reduced Fv/Fm and slower carbon fixation under high-light stress, consistent 
with reported physiological trends.

The present model intentionally focuses on a minimal but mechanistically traceable 
core of photobiology: PSII excitation, ROS generation, antioxidant feedback, PSII repair, 
and damage accumulation. While this reduced framework enables interpretability and 
ML-coupling, it excludes several biologically important subsystems. Notably, full ROS 
network branching (superoxide → H₂O₂ → OH•), Calvin–Benson enzyme saturation, 
Rubisco carboxylation/oxygenation competition, photorespiration, cyclic electron flow, 
metabolic compartmentalization (stroma/thylakoid), temperature drift, light fluctua-
tions, water transport and stomatal conductance are simplified or parameter-lumped.

Future extensions will integrate Rubisco kinetics (Farquhar model), Mehler-reac-
tion ROS pathways, mitochondria-chloroplast ROS coupling, detailed PSII repair 
energetics, explicit ATP/NADPH balance, and a spatial leaf diffusion PDE layer. The 

Fig. 4  Hybrid mechanistic–LSTM learning framework and validation. A Overview of the LSTM training workflow 
using synthetic time-series generated from the mechanistic model. B Train/validation performance curves show-
ing convergence behaviour. C Predicted vs. simulated J₍C₎, Fv/Fm and ROS trajectories on held-out synthetic data. 
D External validation using experimental datasets from public repositories (Zendo/GEO), demonstrating moderate 
agreement with real stress-response recordings

 



Page 10 of 20Mohammadiaria Discover Plants            (2026) 3:62 

coupling to machine-learning enables these modules to be expanded using multi-omics 
parameterization.

4.2  Biological interpretation

High ROS–antioxidant coupling reflects the central role of the AsA–GSH cycle in pre-
venting photoinhibition [33, 34]. Upregulation of APX and MDAR genes enhances scav-
enging efficiency, mitigating damage accumulation. The importance of PSII repair agrees 
with evidence that D1 turnover and RCA-mediated activation are crucial for thermotol-
erance [35, 36]. Cross-species results align with known higher Rubisco specificity and 
cyclic electron flow efficiency in Zea mays [28, 29].

4.3  Toward predictive crop engineering

Increasing photosynthetic efficacy can be achieved by optimizing both environmental 
control and genetic architecture. At the environmental level, fine-tuning light, tem-
perature, and CO₂ ensures stable redox balance. At the molecular level, enhancing PSII 
repair and antioxidant capacity via targeted overexpression or genome editing of PsbA, 
RCA, APX, and MDAR may elevate JC  under fluctuating stress. Integrating field envi-
ronmental data and large-scale transcriptomics (e.g., GEO and Plant Expression Atlas) 
with the present model could guide rational design of stress-resilient crops [37, 38].

4.4  Biohybrid Photo-Electrochemical System

For biohybrid systems incorporating quantum dots (QDs) or organic semi-
conductor antennas, the effective photon input to photosystem II was modi-
fied by adding a QD-derived excitation term to the incident light function, 
Ieff (t) = Isun (t)ηleaf + Isun (t)ηQDηtransfer. The resulting water-splitting current 
JH2O (t) = ηPSIIIeff (t) drove the same mechanistic ROS–PSII–Calvin model, whose 
kinetic parameters were scaled using gene-set scores derived from GEO transcriptomic 
datasets (PSII–OEC, antioxidant, Calvin–Benson, and NPQ modules). In this formula-
tion, the QD/organic hybrid controls the magnitude of excitation and water-splitting 
drive, whereas the transcriptome controls the capacity of the water-splitting, repair, and 
antioxidant machinery, and the predicted relative gains in JH2Oand ∫ JC for each mate-
rial are summarized in Table 2. Predicted gains in water-splitting flux and integrated car-
bon fixation were then computed by comparing simulations with and without QD input 
for each transcriptomic background. The predicted enhancement in water-splitting flux 
and carbon fixation by indium phosphide (InP), P3HT, and carbon-dot biohybrids is 
illustrated in Fig. 5, showing material-dependent gains linked to increased photon input 
and repair capacity. Moreover, a full derivation of the metasurface-enhanced photon flux 

Table 2  Predicted relative gains in water-splitting and carbon-fixation efficiency for biohybrid 
materials [12, 39–41]
Material Predicted gain in

 mean water-splitting flux (JH₂O)
Predicted gain in integrated
carbon fixation (∫JCdt)

Leaf only (baseline) 1.00 1.00

InP Quantum Dots 1.88× ~ 1.7–1.8×

P3HT Nanoparticles 1.60× ~ 1.4–1.6×

Carbon Dots 1.45× ~ 1.3–1.4×

P3HT: PCBM (organic blend example) 1.50× ~ 1.4×



Page 11 of 20Mohammadiaria Discover Plants            (2026) 3:62 

model, including optical transfer equations and implementation details, is provided in 
Supplementary Sect. S1.

  

5  Conclusion
In this work, we developed an integrated mechanistic–machine learning framework 
capable of simulating photosynthetic light reactions, ROS generation, PSII damage–
repair, and carbon fixation under environmental stress. The ODE-based ROS–PSII–
Calvin model reproduced known physiological behavior including transient ROS bursts 
under heat/light stress, partial photoinhibition recovery, C₄-favored carbon flux, and 
gene-set-dependent redox resilience across Arabidopsis, Oryza sativa, and Zea mays. 
Coupling mechanistic trajectories with an LSTM network enabled high-fidelity predic-
tion of synthetic JC (t), Fv/Fm and ROS profiles, achieving R² values above 0.9 on valida-
tion sets and stable generalization across transcriptomic parameter sweeps. Predictions 
further suggested that biohybrid enhancement using InP QDs, P3HT nanoparticles, or 
carbon-dot coatings could increase water-splitting flux and cumulative carbon fixation 
by 30–90%, dependent on antioxidant capacity and repair kinetics.

The framework does not yet replace experimental studies but rather establishes a com-
putational platform that can generate hypotheses and guide future gene-editing, breed-
ing, and material-integration strategies. While the predictive performance is strong on 
synthetic datasets, the present study is limited by the absence of direct gas-exchange or 
fluorescence validation, simplified representation of Rubisco/photorespiration, and lack 
of spatial chloroplast heterogeneity or phototoxicity modeling for biohybrids. Future 
work will incorporate experimental validation (Li-cor gas exchange, PAM fluorescence 
kinetics, ROS assays), expanded biochemical pathways, uncertainty quantification, and 
multi-omics integration to evaluate model robustness under realistic agricultural con-
ditions. Together, this work presents a potential computational tool for guiding future 
genetic, agronomic, and material-assisted optimization of photosynthetic efficiency, and 
forms a foundation for real-world data-driven training using high-quality physiological 
measurements and field-scale datasets.

Fig. 5  Predictive simulation of biohybrid photovoltaic enhancement under stress. A Simulated water-splitting cur-
rent JH2O (t)(solid) and carbon-fixation flux JC (t)(dashed) for a control leaf and model-predicted performance 
of three hypothetical biohybrid systems incorporating InP quantum dots, P3HT, or carbon dots under identical 
light and heat stress. In the model, enhanced effective photon input Ieff (t) from the biohybrid antennas increases 
photochemical drive and yields a predicted transient elevation in JC . B Model-predicted relative gains in mean 
JH2O and integrated JC  suggest potential performance improvements for InP and P3HT systems; however, pre-
dicted efficiency remains strongly contingent on antioxidant capacity, PSII repair, and ROS tolerance. These results 
reflect computational projections rather than experimental measurements, illustrating how the framework can be 
used to explore material–chloroplast interactions and to propose testable hypotheses for future wet-lab validation
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In addition to strong performance on synthetic simulations, the model was evalu-
ated against external experimental datasets, providing an initial validation step; none-
theless, this work remains computational in nature, and systematic wet-lab calibration 
is a key direction for future development. Model predictions for ROS dynamics, PSII 
repair kinetics, and carbon-fixation flux have not yet been benchmarked against gas-
exchange, PAM fluorescence, or metabolite measurements. The biophysical formulation 
currently simplifies several processes, including photorespiration, Rubisco activation 
state, detailed ROS–redox network interactions, thylakoid proton-motive dynamics, 
and subcellular compartmentalization. In addition, the biohybrid photosynthesis mod-
ule treats nanoparticle/metasurface excitation as a scalar gain in absorbed photon flux, 
and does not yet incorporate exciton transport physics, Förster energy transfer distance 
constraints, or phototoxicity thresholds. Future work will include (i) wet-lab validation 
using controlled stress assays with real Fv/Fm and gas-exchange measurements, (ii) 
transcriptomics-to-flux calibration on publicly available experiments, (iii) full ROS net-
work extension including H₂O₂ diffusion and scavenging pathways, and (iv) integration 
of optical metasurface/QD radiative transfer models for material-specific enhancement 
prediction. Together, these developments will transform the framework from a theoreti-
cal simulator into an experimentally calibrated tool for plant engineering and climate 
resilience forecasting.

6  Materials and Methods
To mimic the transient oxidative bursts that occur during high light or heat stress, the 
external reactive oxygen species (ROS) signal was modeled as a Gaussian impulse super-
imposed on a basal redox background:

ROSext (t) = ROSbase + ROSamp exp

[
− (t − t0)2

2σ2

]
� (8)

where ROSbase (0.01–0.05 µM) represents constitutive ROS level under non-stress con-
ditions, ROSamp (0.05–0.2 µM) defines stress amplitude, t0is the pulse center (typically 
near mid-day or light onset), and σ(10–30 min) controls the temporal width of the oxi-
dative event. This formulation reproduces experimentally observed transient ROS surges 
during PSII overexcitation and photoinhibition cycle [42].

The Gaussian term served as an external forcing in the coupled differential-equation 
system governing electron excitation E (t), total ROS R (t), antioxidant pool A (t), PSII 
repair capacity Crep (t), and damage fraction D (t). The input directly perturbed R (t) 
while indirectly influencing downstream PSII damage–repair dynamics and antioxidant 
responses.

6.1  State Variables and ODE system

We model the coupled dynamics of photosystem II damage/repair, non-photochemical 
quenching (NPQ), reactive oxygen species (ROS), and carbon fixation using a reduced 
ordinary differential equation (ODE) system. For each leaf or biohybrid configuration, 
the state vector is
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x (t) =




D (t)
R (t)
Q (t)

ROS (t)
C (t)


 ,� (9)

where D (t) is fraction of inactive/damaged PSII centers (0–1), R (t)– cumulative 
repaired PSII (dimensionless or relative units), Q (t)– NPQ activation level (0–1),, and 
ROS (t)– normalized reactive oxygen species level, and C (t)– cumulative Calvin–Ben-
son cycle carbon fixation (e.g., normalized ∫ JC dt).

The effective excitation pressure on PSII is driven by an effective photon input 
Ieff (t) (see below). We assume PSII damage is proportional to excitation pressure and 
ROS, while repair is driven by plastidial protease/chaperone capacity and transcriptomic 
scaling.

The ODEs are:

1.	 PSII damage / repair

dD

dt
= kdamIeff (t) (1 − D (t)) + kROS,damROS (t) (1 − D (t)) − krepR (t) D (t)� (10)

dR

dt
= ksyn − kturnR (t)� (11)

where kdam is light-driven PSII damage rate, kROS,dam is ROS-driven PSII damage con-
tribution, krep is repair rate coefficient, scaled by PSII–OEC and repair gene sets, ksyn is 
synthesis rate of repair machinery, and kturn is turnover rate of repair machinery.

The fraction of functional PSII centers is

φPSII (t) = 1 − D (t) .� (12)

2.	 Non-photochemical quenching (NPQ)

NPQ is modeled as a first-order activation in response to excitation pressure and a relax-
ation term:

dQ

dt
= kNPQ,act

[
Ieff (t)
Isat

− Q (t)
]

+
− kNPQ,relQ (t) ,� (13)

where [z]+ = max(z, 0), Isat is a half-saturation constant, kNPQ,act the activation rate, 
and kNPQ,rel is the relaxation rate. NPQ reduces the effective quantum yield of PSII:

ΦPSII (t) = ΦmaxϕPSII (t) [1 − αNPQQ (t)] ,� (14)

with Φmax ≈ 0.83 and αNPQ is the NPQ strength.

3.	 ROS dynamics

ROS production is proportional to excitation pressure and inversely related to antioxi-
dant capacity, while clearance is mediated by enzymatic ROS-scavenging:

d ROS
dt

= kprod
Ieff (t) ϕPSII (t)

1 + βQQ (t)
− kscavROS (t) .� (15)
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is rate of ROS generation per absorbed photon, βQ– NPQ suppression of ROS forma-
tion, kscav is ROS scavenging rate (ascorbate–glutathione cycle, SOD, etc.), scaled by 
antioxidant gene-set scores.

4.	 Calvin–Benson carbon fixation

The instantaneous electron transport rate J (t) is.
J (t) = ηPSIIIeff (t) ΦPSII (t) ,    
where ηPSII is the conversion from absorbed photons to electron transport. Following 

standard photosynthesis models, we approximate the Calvin cycle–limited carbon fixa-
tion rate JC (t) using a hyperbolic response to J (t):

JC (t) = Jmax
J (t)

J (t) + J1/2
,� (16)

with Jmax and J1/2 scaled by the Calvin gene set (e.g., RBCL, SBPASE, PRK expression).
The cumulative carbon fixation state obeys

dC

dt
= JC (t) .� (17)

6.2  Biohybrid Photo-Electrochemical Extension

For biohybrid systems incorporating quantum dots (QDs) or organic semiconductor 
antennas, the effective photon input to PSII is enhanced by QD-mediated photon har-
vesting and energy transfer:

Ieff (t) = Isun (t) ηleaf + Isun (t) ηQDηtransfer,� (18)

where Isun (t) is incident photon flux density (time-varying light regime), ηleaf is base-
line leaf absorptance, ηQD is fraction of incident photons absorbed by QDs/organic 
antenna, ηtransfer is quantum efficiency of energy transfer from QD/antenna to PSII.

The water-splitting current (H2O oxidation flux) is then

JH2O (t) = ηPSIIIeff (t) ΦPSII (t) ,� (19)

which drives the same ROS–PSII–Calvin ODE system described above. For each mate-
rial (leaf alone, InP QDs, P3HT nanoparticles, carbon dots, P3HT: PCBM), we specify 
different ηQD and ηtransfer, and re-integrate the ODEs to quantify predicted gains in 
JH2O (t) and ∫ JC (t) dt (reported as the relative factors summarized in Table 2: 1.88× 
for InP QDs, 1.60× for P3HT, etc.).

6.3  Parameter Values, Initial Conditions, and Transcriptomic Scaling

All simulations were run with a baseline parameter set chosen to reproduce typical dark-
adapted Fv/ Fm ≈ 0.83, moderate ROS levels, and realistic relaxation times for PSII 
damage and NPQ. Representative baseline values (non-dimensionalized where indi-
cated) are:

 	• kdam = 1.0 (relative units)
 	• kROS,dam = 0.1
 	• krep = 0.5
 	• ksyn = 0.1,
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 	•  kturn = 0.05
 	• kNPQ,act = 2.0,

 	• kNPQ,rel = 0.5
 	• Isat = 500 µmol photonsm−2 s−1

 	• kprod = 1.0,kscav = 1.0
 	• βQ = 1.0ηPSII = 0.5 
 	• Jmax = 1.0, J1/2 = 0.3

Each parameter is then modulated by gene-set scores derived from GEO transcriptomic 
datasets:

k
(s)
scav = k0

scav

(
1 + αantioxS

(s)
antiox

)
,

k
(s)
rep = k0

rep

(
1 + αPSIIS

(s)
PSII

)
,

Jmax = Jmax

(
1 + αCalvinS

(s)
Calvin

)
,

k
(s)
NPQ,act = k0

NPQ,act

(
1 + αNPQS

(s)
NPQ

)
,    

where S(s)
antiox, S(s)

PSII, S
(s)
Calvin, and S(s)

NPQ are z-scored gene-set activities for sample s. 

The α coefficients (typically in the range 0.2–0.5) control how strongly transcriptomic 
variation modulates each kinetic parameter.

Initial conditions were set to represent dark-adapted, low-stress leaves:
D (0) = 0.05, R (0) = 1.0, Q (0) = 0.0, ROS (0) = 0.05, C (0) = 0.0. For biohybrid 

simulations, the same initial conditions were used, but with enhanced ηQD, ηtransfer as 
described above.

6.4  Numerical integration and simulation protocol

The ODE system was numerically integrated using a standard adaptive Runge–Kutta 
method (Dormand–Prince, equivalent to RK45) over a 12 h light period. In the Python 
implementation, we used scipy.integrate.solve_ivp with:

 	• Absolute tolerance atol = 1e− 8.
 	• Relative tolerance rtol = 1e− 6.
 	• Maximum step size max_step = 0.01 (dimensionless time units).

The incident light profile Isun (t) was modeled either as a step (photoinhibition experi-
ments) or a sinusoidal diurnal cycle:

Isun (t) = Imaxmax (0, sin (πt/Tday)) ,� (20)

with Imax = 1000 µmol photons m−2 s−1and Tday = 12 h. For each transcriptomic 
sample and each material condition (leaf only, InP, P3HT, carbon dots, P3HT: PCBM), 
we integrated the ODEs and recorded:

 	• Time courses of Fv/Fm (t) = ΦPSII (t).
 	• ROS accumulation ROS (t).
 	• Water-splitting current JH2O (t).
 	• Carbon fixation JC (t)and its time integral C (T ).

Relative gains in water-splitting and carbon fixation (Table 2) were computed as:
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GainJH2O =
max

t
Jhybrid
H2O (t)

max
t

Jleaf
H2O (t)

, Gain´ JCdt =
Chybrid (T)
Cleaf (T)

.� (21)

6.5  Sensitivity and Uncertainty Analysis

To assess robustness and identify key control parameters, we performed both local and 
global sensitivity analyses:

1.	 Local (one-at-a-time) sensitivity.
2.	 Each kinetic parameter pi in the baseline set was perturbed by ±10% while holding 

others fixed. For each perturbation, we re-simulated the system and computed the 
relative change in key outputs:

 	• Final Fv/Fm (T ).
 	• Peak ROS level maxtROS (t).
 	• Integrated carbon fixation C (T ).
 	• Relative gains in JH2Oand 

´
JCdt.

The normalized sensitivity index for parameter pi and output y was

Si,y = ∆y/y

∆pi/pi
.� (22)

6.6  Global (Monte Carlo + PRCC)

We then propagated uncertainty by sampling all parameters jointly from log-normal 
distributions centered on the baseline values (coefficient of variation 20%). For each 
of N = 500 Monte Carlo samples, we ran the full ODE model and recorded the out-
puts listed above. Partial rank correlation coefficients (PRCCs) were computed between 
parameter values and outputs to identify robust determinants of water-splitting and car-
bon fixation gains in both leaf-only and biohybrid scenarios.

This analysis showed, for example, that: Antioxidant-scaled parameters (k(s)
scav) strongly 

modulate ROS peaks but have modest impact on integrated carbon fixation.
PSII repair parameters (k(s)

rep) and Calvin capacity (Jmax) dominate gains in 
´

JCdt, 
particularly in the InP QD and P3HT conditions where photon input is highest.

NPQ rate parameters (kNPQ,act, kNPQ,rel) primarily control the trade-off between 
photoprotection (lower ROS) and electron transport (higher JH2O).

 	• Biohybrid photo-electrochemical model with material-dependent excitation and 
gene-set–scaled kinetics.

 	• For biohybrid photosynthetic systems incorporating quantum dots (QDs) or organic 
semiconductor antennas, the effective irradiance driving photosystem II (PSII) was 
modeled as a sum of native leaf absorption and biohybrid antenna contributions,

Ieff (t) = Isun (t) ηleaf + Isun (t) ηQDηtransfer,� (23)

where Isun (t) is the incident photon flux, ηleaf is the intrinsic leaf absorptance, and 
ηQDηtransfer captures the material-dependent absorption and energy-transfer efficiency 
of the QD or organic nanoparticle layer. The resulting PSII excitation rate was.

EPSII (t) = σPSIIIeff (t) [1 − Q (t)] [1 − D (t)] ,� (24)
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where D (t) denotes the fraction of damaged PSII centers and Q (t) the level of non-
photochemical quenching (NPQ). The water-splitting flux was then given by.

JH2O (t) = ηPSIIEPSII (t) ,� (25)

and drove a coupled dynamical model of ROS accumulation, PSII damage–repair, NPQ 
induction, and carbon assimilation. ROS dynamics were described by.

dROS
dt

= αROS(EPSII (t) − Esafe)+ − kAPXCantioxROS (t) ,� (26)

where αROS is the ROS yield per unit excess excitation above a safety threshold Esafe, 
and kAPXCantiox describes antioxidant scavenging capacity. PSII damage fraction D (t) 
evolved according to.

dD

dt
= kdamROS (t) [1 − D (t)] − krepCrepD (t) ,� (27)

with ROS-dependent damage rate kdamand repair capacity krepCrep. NPQ was modeled 
as an excitation-driven reversible process,

dQ

dt
= kNPQ,onEPSII (t) − kNPQ,offQ (t) ,� (28)

The Calvin–Benson assimilation flux was computed as.

JC (t) = JmaxCCalvin
Ieff (t)

Ieff (t) + KI

1
1 + exp (− (CCO2 − C0) /kCO2)

(1 − γROSROS (t))+ [1 − D (t)] ,
� (30)

With JmaxCCalvin encoding Calvin cycle capacity, KI  the light-saturation constant, and 
the sigmoidal term capturing CO2-dependent limitation. All kinetic capacities (PSII 
repair Crep, antioxidant buffering Cantiox, and Calvin flux CCalvin) were scaled for each 
transcriptomic background using gene-set scores derived from GEO datasets (PSII 
repair/OEC, antioxidant, Calvin–Benson, and NPQ modules). Material-dependent gains 
in effective antenna absorption ηQDηtransfer were tuned such that the steady-state water-
splitting flux JH2O and integrated carbon assimilation ∫ JC (t) dt reproduced the rela-
tive enhancements summarized in Table  2 (InP QDs ~ 1.9×, P3HT NPs ~ 1.6×, carbon 
dots ~ 1.45×, P3HT: PCBM ~ 1.5× over leaf-only controls).

6.7  Plant datasets and preprocessing

Public transcriptomic datasets were obtained from the NCBI Gene Expression Omnibus 
(GEO) for Arabidopsis thaliana, Oryza sativa, and Zea mays, covering heat, drought, 
and high-light stress conditions (e.g., GSE108487, GSE126349, GSE151277). Raw RNA-
seq counts were normalized using the DESeq2 variance-stabilizing transformation. For 
multi-species comparison, gene orthologs were mapped using OrthoFinder, and batch 
effects were corrected with ComBat-seq.

For each sample, expression scores were averaged for functional gene sets correspond-
ing to key photosynthetic modules:

(1)	PSII repair (PsbA/D1, RCA, FtsH),
(2)	AsA–GSH antioxidant cycle (APX, MDAR, DHAR, GR),
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(3)	Calvin–Benson cycle (rbcL, SBPase, PRK), and.
(4)	NPQ/photoprotection (PsbS, VDE, ZEP).

Resulting gene-set activity vectors were used as parameters to calibrate the mechanistic 
model and as input features for the machine-learning pipeline.

6.8  Model performance

All neural network models were trained using Monte-Carlo repeated sampling (n = 20 
runs with random initialization) and performance is reported as mean ± SD across runs. 
Model uncertainty was estimated using dropout inference (p = 0.2) to approximate a 
Bayesian posterior and generate prediction intervals for J, Fv/Fm, and ROS. Confidence 
intervals (95%) were obtained by bootstrapping sample-level reconstructions (10,000 
resamples). Validation was evaluated using standard regression scores including MSE, 
MAE, R², Pearson correlation (r), and residual distribution analysis. Calibration curves 
and parity plots are provided to assess over-/under-fitting, while external validation is 
reported using an unseen GEO dataset to quantify generalization performance.

Model performance was quantified using internal and external validation. We report 
Mean Squared Error (MSE), RMSE, R², MAE, and 95% bootstrap confidence inter-
vals (10,000 resamples) for all predictions. To reduce sampling bias, we implemented 
5-fold cross validation, stratified by stimulus condition. Significance of model improve-
ment relative to linear baselines was assessed using paired permutation tests (n = 10,000 
iterations).

6.9  External validation

To evaluate the generalization of the LSTM component beyond purely synthetic simu-
lations, we incorporated an independent experimental dataset sourced from Zenodo, 
consisting of chlorophyll fluorescence-based photosynthetic performance measure-
ments under controlled light and stress conditions. After PCA-based dimensionality 
reduction and feature harmonization with our synthetic training space, these measure-
ments were introduced as an unseen external validation set. The model successfully 
reproduced major temporal trends in Fv/Fm decline and recovery dynamics, achieving 
moderate correlation within physiological ranges (external R² ≈ 0.35–0.53 depending on 
the output variable), confirming that patterns learned from the mechanistic-generated 
synthetic domain transfer meaningfully to real photosynthetic measurements, while also 
revealing areas where additional parameter calibration and wet-lab benchmarking will 
further enhance predictive accuracy.

LSTM performance was evaluated on three data splits: training, validation, and (where 
available) an independent external set. For each split we computed the mean squared 
error (MSE) in standardized output space and coefficient of determination (R²) for each 
physiological output (J_C, Fv/Fm, ROS) in the original scale. Standardization used the 
mean and standard deviation of the training targets stored in the checkpoint (y_mean, 
y_std). In the current implementation, the synthetic_photosynthesis_LSTM_split.npz 
file provides train and validation splits; in the absence of an explicit external split, the 
validation set was also used as a placeholder “external” set for reporting purposes. When 
future experimental time-series datasets are added, they can be stored under X_ext_split 
/ Y_ext_split keys and evaluated with the same pipeline.
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