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A B S T R A C T

Cobalt-based metal-organic framework (Co-MOF) and nickel-cobalt bimetallic MOF (Ni-Co-MOF) systems were 
evaluated for their effects on cotton germination under saline conditions induced through NaCl seed priming 
treatments. Temporal germination dynamics, germination-related indices, explainable machine learning (ML), 
and terahertz time domain spectroscopy (THz-TDS) were integrated to characterize treatment-associated 
germination and THz responses. The results demonstrated clear treatment-dependent differences in germina
tion initiation, progression, synchronization, and cumulative germination behavior. Co-MOF at 50 mg/L pro
duced the strongest early germination responses, whereas Ni-Co-MOF at 50 mg/L achieved the highest 
cumulative germination (91.0%). A 4 h priming duration produced the most coordinated germination pattern 
under saline conditions. The random forest-based multi-output regression framework showed variable predictive 
performance among germination indices, with an average R2 of 0.372 and a maximum R2 of 0.507 for mean 
germination rate. Feature importance analysis further revealed that intermediate germination stages contributed 
most strongly to predictive performance. THz-TDS analysis revealed clear treatment-associated differences in 
time-domain attenuation and frequency-dependent absorption profiles within cotton leaf tissues. Stronger 
attenuation and absorption responses observed under specific MOF treatments indicated treatment-associated 
variation in hydration-associated dielectric behavior. Compared with 100 mM NaCl reference treatment 
without MOF supplementation,selected MOF treatments exhibited higher cumulative germination and distinct 
THz responses. The integration of MOF treatments, THz-TDS, and explainable ML provided a combined 
analytical approach for characterizing early germination patterns and leaf THz responses under controlled saline 
conditions. However, However, there is a need of further biochemical, physiological, ion-homeostasis, and plant 
growth assessments are needed to clarify the underlying mechanism.
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1. Introduction

Salinity stress poses serious risks to sustainable crop production 
under changing climatic conditions and is regarded as one of the most 
severe abiotic constraints limiting agricultural productivity globally 
(Okumuş et al. 2024). Through osmotic stress, ionic toxicity, nutrient 
imbalance, oxidative damage, and disruption of metabolic activity, 
excessive salt buildup in soil negatively impacts plant growth and 
development, ultimately lowering crop establishment and productivity 
(Yousef et al., 2020). Despite being more tolerant than some glycophytic 
crops, cotton (Gossypium hirustum L.) is still extremely susceptible to 
salinity stress during germination and the early stages of seedling 
establishment (Bakhsh et al., 2015). Improving germination perfor
mance and early seedling establishment under salişne environments 
remains an important challenge for sustainable cotton production sys
tems, since successful germination is a crucial factor in crop establish
ment and subsequent productivity. Therefore, compared to final 
germination percentage alone, temporal germination dynamics and 
germination-associated physiological indices offer a more thorough 
understanding of stress-associated responses (Aasim et al., 2024; Altaf 
et al., 2026).

To improve germination and early seedling establishment, seed 
priming with functional nanomaterials, including metal-oxide, bio
stimulants, polymers, and other state-of-the-art compounds. However, 
Metal-organic frameworks (MOFs) differ structurally from conventional 
nanomaterials because they are porous, crystalline materials composed 
of organic ligands and metal ions, with a wide array of topologies and 
functionalities (Muthalagu and Natarajan, 2025). Among advanced 
nanomaterials, MOFs have attracted increasing attention for their 
tunable porous structures, high surface areas, exceptional sorption ca
pacities, and functional versatility, which may support stress adaptation 
and physiological stabilization under adverse environmental conditions 
(Rojas et al., 2022). Compared with conventional functional nano
materials, MOFs may provide controlled physicochemical interactions 
through their tunable metal-ligand compositions and porous structure, 
which also support their application as controlled -delivery platforms. 
MOF-based delivery has been demonstrated in different disciplines (Nie 
et al., 2020), while agricultural research has primarily focused on 
nutrient, agrochemical, and plant growth responses (Mahmoud and 
Abdelhameed, 2025; Masood et al., 2025; Muthalagu and Natarajan, 
2025). Recent studies have also demonstrated that the effects of MOFs 
on plants can vary with their metal composition (Elkelish et al., 2026; 
Liu et al., 2026) as reported for Ni, Co, Cr, and Cu-based MOFs in faba 
bean (Mahmoud and Abdelhameed, 2025). However, limited informa
tion is available regarding the effects of MOF-mediated systems on 
temporal germination physiology and salinity adaptation in cotton, 
especially under controlled in vitro conditions. The biological contri
bution of this study is the integrated evaluation of Co-MOF and 
Ni-Co-MOF effects on cotton germination under salinity conditions to 
compare mono- and bimetallic frameworks that may produce 
concentration-dependent plant responses (Elkelish et al., 2026; Liu 
et al., 2026). Salinity stress induces physiological, biochemical, and 
structural changes in plants, particularly during early developmental 
stages. Accurate characterization of these responses is therefore essen
tial for understanding stress adaptation mechanisms and improving 
stress-resilient cropping systems. Under in vitro conditions, plants 
remain continuously exposed to controlled stress conditions for a pro
longed time, providing suitable material for detailed physiological 
characterization. Conventional approaches for physiological character
ization often rely on destructive sampling methods and labor-intensive 
analyses, limiting continuous monitoring of dynamic stress responses 
(Wu et al., 2024; Alibeigloo et al., 2025). Therefore, non-destructive 
analytical approaches capable of tracking physiological and structural 
responses in real time are receiving increasing attention (Ginzburg et al., 
2024; Muhammad et al., 2025). Terahertz Time-domain Spectroscopy 
(THz-TDS) is a non-destructive spectroscopic method for detecting 

hydration-sensitive dielectric changes in biological tissues (Alibeigloo 
et al., 2025). THz radiation is highly sensitive to water status, 
hydrogen-bond-associated molecular dynamics, dielectric properties, 
and structural organization within plant tissues (Castro-Camus et al., 
2025; You et al., 2025).

Because ML approaches can effectively model complex stress- 
response dynamics, multidimensional physiological variability, and 
nonlinear biological relationships, they are increasingly being applied in 
agricultural and plant stress research (Aasim et al., 2026; Saini et al., 
2026), particularly alongside recent advances in spectroscopic plant 
phenotyping techniques (Zarbakhsh et al., 2025). Conventional statis
tical approaches often show limitations in characterizing the nonlinear 
and temporally dynamic nature of germination-associated stress re
sponses. Random Forest (RF)-based models are considered robust 
analytical tools because of their ability to capture nonlinear relation
ships, reduce overfitting, and identify biologically informative variables 
within complex biological datasets (Altaf et al., 2026). In addition, 
explainable artificial intelligence (AI) approaches, such as feature 
importance analysis (Zhu et al., 2024), can identify the temporal vari
ables most strongly associated with predictive performance, thereby 
supporting biological interpretation. However, limited information is 
available regarding the combined application of temporal germination 
dynamics, explainable ML, and THz-TDS-based physiological charac
terization for evaluating MOF-associated salinity adaptation in cotton. 
Therefore, the current study sought to: (i) assess how MOF-associated 
salinity treatments affected cotton’s temporal germination dynamics 
and germination-related physiological indices; (ii) use RF-based mul
ti-output regression modelling to characterize predictive relationships 
among germination-associated traits; (iii) use feature importance anal
ysis to identify physiologically informative germination stages; and (iv) 
use THz-TDS to examine treatment-associated dielectric and 
hydration-related physiological responses. Thus, the novelty of the 
present study lies not in a new MOF synthesis route or a new ML algo
rithm; rather, it presents the biological implications of multiple MOF 
treatments by integrating temporal germination profiling, explainable 
RF modeling, and non-destructive THz-TDS phenotyping for guiding 
targeted physiological validation.

2. Material and methodology

2.1. Preparation of metal-organic frameworks (MOFs)

The Co-MOF was synthesized hydrothermally using cobalt (II) ace
tate [Co(CH₃COO)₂] as the metal precursor and and pyrazine− 2–3- 
dicarbozylic acid (PyDCA, ≥98% purity) as the organic linker. Deion
ized distilled water was used as the solvent in all experiments, and all 
reagents were used without any further purification or processing. Co 
(CH₃COO)₂ was dissolved in 50 ML of deionized water under magnetic 
stirring at room temperature, followed by the addition of PyDCA and 
continuous stirring for 30 min to promote metal-ligand coordination. 
The resulting homogeneous solution was transferred into a Teflon-lined 
stainless-steel autoclave and heated at 120 C for 25 h under static hy
drothermal conditions. After natural cooling to room temperature, the 
synthesized product was collected by vacuum filtration, washed thrice 
with deionized water to remove residual reactants and soluble impu
rities, and dried at 60 C for 12 h to obtain Co-MOF powder (Özdemir 
et al., 2026). The Ni-Co bimetallic MOF was synthesized following the 
same hydrothermal procedure, except that an equimolar amount of Co 
(CH₃COO)₂] and nickel(II) acetate [Ni(CH₃COO)₂] was used as co-metal 
precursors while maintaining the same total metal-to-linker molar ratio. 
The mixed-metal precursor solution was reacted with PyCDA under 
identical hydrothermal conditions to obtain Ni-Co-MOF, which was 
subsequently washed and dried using the same procedure described for 
Co-MOF.
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2.2. Experimental setup

Cotton (Gossypium hirsutum L.) cultivar STN− 468 was used as the 
plant material in the present study. Healthy and uniform seeds were 
initially surface sterilized using 0.1% mercuric chloride (HgCl₂) solution 
for 15 min to eliminate potential microbial contamination. Following 
sterilization, the seeds were thoroughly rinsed three times with sterile 
distilled water to remove residual sterilizing agent and minimize 
possible toxic effects on subsequent germination. The experiment fol
lowed a factorial design with three replications, containing 6 seeds per 
jar. The combinations used in this study comprised two concentrations 
of sodium chloride (NaCl) solutions (25, 50, and 100 mM), three priming 
time (2, 4, and 8 h), two MOF types (Co-MOF and Ni-Co-MOF), and two 
concentrations (50 or 100 mg/L). The combinations used in this study 
are presented in Table 1. The 100 mM NaCl treatment without MOFs was 
used as a salinity reference. Both MOFs were incorporated into Mura
shige and Skoog (MS) culture medium prepared as standard medium 
(4.4 g/L MS, 30 g/L sucrose, 6.5 g/L agar, and pH ≈ 5.8). These con
centrations were selected as exploratory working levels for comparing 
dose-dependent MOF responses under in vitro conditions, rather than 
the isolated effects of their chemical components. The cultured vessels 
were maintained under controlled in vitro growth conditions at 25 ± 2 
◦C with a 16 h light/8 h dark photoperiod and relative humidity of 
approximately 60–70%. Seeds treated with 100 mM NaCl and cultured 
without MOF supplementation were used as the reference treatment for 
comparative evaluation of germination dynamics, machine learning 
(ML) modeling, and THz-TDS-associated dielectric responses under sa
line conditions.

2.3. Cumulative germination analysis

The germination data were recorded daily for 12 consecutive days at 
24 h intervals to analyze the cumulative germination percentage and 
germination indices. Cumulative germination percentage was computed 
for each treatment, followed by generating trajectories to assess 
treatment-associated variation in germination initiation, progression, 
synchronization, and stabilization behavior. All experiments were per
formed in triplicate, and the results are presented as mean cumulative 
germination percentages with standard error (SE) represented by ver
tical error bars. The trajectories were used to present the treatment- 
associated temporal patterns and interpreted as numerical trends.

2.4. GerminaR-based germination index analysis

Germination indices were calculated from the daily germination 
count data using the GerminaR package in R. The evaluated indices 
included germination percentage (GRP), mean germination time (MGT), 
mean germination rate (MGR), germination speed percentage (GSP), 
uncertainty index (UNC), synchronization index (SYN), vigor index 
(VGT), standard deviation of germination time (SDG), and coefficient of 
velocity of germination (CVG). 

GRP =

∑k

i=1
ni

N
× 100 (1) 

where ni is the number of seeds germinated in the ith time; N represents 
the total number of seeds in each experimental unit; k refers to the last 
day of germination evaluation. 

MGT =

∑k

i=1
niti

∑k

i=1
ni

(2) 

where ni represents the number of seeds germinated at time ti, ti is the 
time from the beginning of the experiment to the ith observation, and 

∑

ni represents the total number of seeds that are germinated. 

MGR =

∑k

i=1
ni

∑k

i=1
niti

(3) 

where ni represents the number of seeds germinated at the time ti, ti 
denotes the corresponding germination time (days or hours), and 

∑
ni 

represents the total number of germinated seeds. 

GSP =

∑k

i=1
Gi

∑k

i=1
GiXi

× 100 (4) 

Gi is the number of seeds germinated in the ith time, and Xi represents 
the number of days from sowing. 

Table 1 
Germination indices of in vitro cotton seedlings under MOF-NaCl treatments.

MOF Time Conc NaCl GRP MGT MGR GSP UNC SYN VGT SDG CVG

Ni 2 25 25 83.33 3.80 0.263 26.31 1.922 0.100 6.20 2.490 65.52
Ni 4 25 25 50.00 3.00 0.333 33.33 0.918 0.333 3.00 1.732 57.73
Ni 8 25 25 50.00 4.00 0.250 25.00 1.585 0.000 9.00 3.000 75.00
Ni 2 50 50 33.33 2.00 0.500 50.00 1.000 0.000 2.00 1.414 70.71
Ni 4 50 50 83.33 4.40 0.227 22.72 1.922 0.100 10.80 3.286 74.68
Ni 8 50 50 66.66 2.50 0.400 40.00 1.000 0.333 3.00 1.732 69.28
C 2 0 100 66.66 4.00 0.250 25.00 1.500 0.167 6.00 2.449 61.23
C 4 0 100 66.66 3.25 0.308 30.76 1.500 0.167 8.25 2.872 88.37
C 8 0 100 50.00 4.33 0.231 23.07 1.585 0.000 10.33 3.215 74.18
Ni-Co 2 25 25 50.00 4.33 0.231 23.07 1.585 0.000 17.33 4.163 96.07
Ni-Co 4 25 25 66.66 2.00 0.500 50.00 1.500 0.167 2.00 1.414 70.71
Ni-Co 8 25 25 33.33 1.50 0.667 66.66 1.000 0.000 0.50 0.707 47.14
Ni-Co 2 50 50 50.00 2.66 0.375 37.50 1.585 0.000 9.33 3.055 114.56
Ni-Co 4 50 50 100.0 2.83 0.353 35.29 1.918 0.133 9.76 3.125 110.30
Ni-Co 8 50 50 66.67 2.75 0.364 36.36 2.000 0.000 7.58 2.754 100.13
C 2 0 100 83.33 4.00 0.250 25.00 1.922 0.100 9.50 3.082 77.05
C 4 0 100 33.33 3.50 0.286 28.57 1.000 0.000 12.50 3.536 101.01
C 8 0 100 50.00 3.00 0.333 33.33 1.585 0.000 7.00 2.646 88.19

MOF: metal-organic frameworks, Ni: Nickel, Co: Cobalt, C: control, GRP: germination percentage, MGT: mean germination time, MGR: mean germination rate, GSP: 
germination speed percentage, UNC: uncertainty index, SYN: synchronization index, VGT: vigor index, SDG: standard deviation of germination time, and CVG: co
efficient of velocity of germination
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UNC = −
∑k

i=1
filog2 fi with fi =

ni

∑k

i=1
ni

(5) 

SYN =

∑k

i=1
Cni ,2

C∑ ni ,2
with Cni ,2 =

ni(ni − 1)
2

(6) 

VGT =

∑k

i=1
ni(ti − t)2

∑k

i=1
ni − 1

(7) 

where ni represents the number of seeds germinated at a time ti, ti de
notes the germination time (days or hours), t is the Mean Germination 
Time, and 

∑
ni represents the total number of germinated seeds. 

SDG =
̅̅̅̅̅̅̅̅̅̅
VGT

√
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑k

i=1
ni(ti − t)2

∑k

i=1
ni − 1

√
√
√
√
√
√
√
√

(8) 

where ni represents the number of seeds germinated at time ti, ti denotes 
the germination time (days or hours), t represents the mean germination 
time, k is the final germination observation time, and 

∑
ni represents the 

total number of germinated seeds. 

CVG =

( ̅̅̅̅̅̅̅̅̅̅
VGT

√

MGT

)

× 100 (9) 

where VGT represents the variance of germination time, and MGT de
notes the mean germination time.

2.5. Random forest-based multiple output regression analysis

A multi-output regression framework was employed to simulta
neously predict multiple germination-associated traits from a common 
set of input variables (Wang et al., 2024). This approach captures the 
interrelationship among target traits while reducing redundant 
computation compared with independent single-output models 
(Tsoumakas and Vlahavas, 2007; Borchani et al., 2015). In the present 
study, Random Forest (RF) regression (Breiman, 2001) was used as the 
prediction model because of its ability to model nonlinear relationships 
and complex physiological interactions without strict distributional as
sumptions (Hoffman et al., 2021). Each tree in the ensemble model was 
trained using bootstrap samples, and predictions for all output traits 
were obtained by averaging across trees. In this study, the RF model was 
tuned using leave-one-out cross-validation (LOOCV) because of the 
limited number of experimental datasets. This validation strategy offers 
the complete utilization of datasets, with each experimental unit un
dergoing testing and training. During each LOOCV iteration, one 
observation was used for validation while remaining observations were 
used for model training. Although LOOCV is an efficient strategy for 
validation of limited datasets, it does not replace independent external 
validation and hence should be interpreted as an internal estimate of 
model generalization. The performance of the model was computed with 
four different performance metrics, namely: Coefficient of Determina
tion (R2), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), 
Relative Root Mean Square Error (RRMSE), and Symmetric Mean Ab
solute Percentage Error (SMAPE). To provide additional context for 
model performance, the RF model was compared with simpler regres
sion approaches, including Linear Regression, Ridge Regression, Partial 
Least Squares (PLS) Regression, and a Dummy baseline model. All 
comparison models were evaluated using the same LOOCV procedure 
and performance metrics. allowing a consistent assessment of the 

suitability of Random Forest for modeling nonlinear germination 
responses. 

R2 = 1 −

∑n
i=1(Yi − Ŷ i)

2

∑n
i=1(Yi − Y)2 (10) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(Yi − Ŷ i)

2
√

(11) 

MAE =
1
n

∑n

i=1
|Yi − Ŷ i| (12) 

RRMSE =
∑n

i=1

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1(Yi − Ŷ i)
2

√

1
n
∑n

i=1
Yi

× 100 (13) 

SMAPE =
1
n

∑n

i=1

|Yi − Ŷ i|

0.5(|Yi| + |Ŷ i| )
× 100 (14) 

where Yi represents the actual value, Ŷ i represents the predicted value, 
and n denotes the total number of observations.

Hyperparameter tuning was done for the number of trees and the 
maximum depth, and the best model was selected by minimizing the 
sum of root mean square errors (RMSEs) for all traits (Eq. 8). This cri
terion ensures balanced accuracy so that improving one trait does not 
compromise others. 

θ∗ = argminθ

∑m

j=1
RMSEj(θ)

where θ denotes the hyperparameters of the Random Forest model.

2.6. Feature importance analysis

To identify the most influential predictors governing cotton germi
nation behaviour under MOF-associated salinity treatments, feature 
importance was evaluated using permutation importance based on the 
RF-based multi-output regression framework. Unlike impurity-based 
importance measures, permutation importance estimates the contribu
tion of each predictor by measuring the decrease in model performance 
after randomly permuting the values of that predictor while leaving all 
other variables unchanged. The evaluated input variables included MOF 
type, NaCl level, priming duration, MOF concentration, and daily 
germination observations (D0–D1). Permutation importance was evalu
ated for each germination trait using held-out observations under the 
LOOCV framework, normalized within each output, and subsequently 
summarized as the mean ± SE across all germination traits to obtain an 
overall importance profile. Although the evaluated indices were derived 
from daily germination counts, they represent distinct dimensions of 
germination behavior. Therefore, feature importance analysis was used 
as a temporal-attribution approach to identify the specific days exerting 
the greatest influence on the overall germination profile.

2.7. Dielectric properties characterization

The dielectric behavior of cotton leaf tissues was investigated using 
Terahertz Time-Domain Spectroscopy (THz-TDS). THz-TDS is a rapid, 
non-contact, and non-destructive technique highly sensitive to 
hydration-associated dielectric properties and structural heterogeneity 
in biological tissues. The technique enables rapid characterization of 
treatment-associated spectral and dielectric patterns in plant tissues 
under abiotic stress conditions without destructive sampling. Fig. 1
presents the schematic illustration of the THz-TDS experimental 
configuration used for leaf measurements using a commercial TeraFlash 
Pro system (TOPTICA Photonics, Germany) operated in transmission 
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mode. The transmitted THz electric field was recorded in the time 
domain through temporal delay-line scanning. Reference THz wave
forms were first recorded in air, followed by measurements of a cotton 
leaf sample under identical experimental conditions for comparison of 
treatment-associated dielectric responses. The recorded time-domain 
electric field, E(t), was converted into the frequency domain using the 
Fourier transform (Purlu et al., 2026). 

E(t) ̅→FT 1̅̅
̅̅̅̅

2π
√

∫∞

− ∞

E(t)e− ⅈωtdt = E(ω) (15) 

The resulting frequency-domain signal is complex and can be rep
resented in terms of its amplitude and phase as (Purlu et al., 2026). 

E(ω) = A(ω)eⅈϕ(ω) (16) 

where A(ω) and ϕ(ω) denote the spectral amplitude and phase, respec
tively. Because THz-TDS directly provides both amplitude and phase 
information, the optical and dielectric parameters of the leaf samples 
can be extracted without requiring the Kramers–Kronig transformation.

The absorption coefficient is obtained from the amplitude ratio of the 
sample and reference signals as [1] 

α(ω) = −
2
d

ln
(

Asample

Aref

)

(17) 

where Asam(ω) and Aref (ω) are the amplitudes of the transmitted THz 
spectra measured with and without the leaf sample, respectively. The 
negative sign ensures a positive absorption coefficient when the trans
mitted amplitude decreases after passing through the leaf tissue.

Higher TDZ absorption and damping responses were interpreted as 
indicators of changes in tissue hydration dynamics, dielectric organi
zation, and stress-associated physiological adaptation in cotton leaf 
tissues. For data processing, the acquired reference and sample THz 
waveforms were transformed into frequency-domain spectra using Fast 
Fourier Transform (FFT) analysis in MATLAB. Identical signal- 
processing parameters were applied to all spectra. The effective thick
ness of each leaf specimen was determined from repeated measurements 
at multiple locations on the leaf surface, and the average value was used 

for dielectric analysis. The mean thickness of each leaf was used as d in 
the absorption-coefficient calculation, and thickness variability was re
ported as ± standard deviation. Each sample spectrum was normalized 
to the corresponding air-reference spectrum recorded under identical 
conditions before averaging. The analysis enabled the extraction of the 
frequency-dependent refractive index, absorption coefficient, relative 
permittivity, and dielectric loss tangent across the investigated THz 
frequency range.

3. Results

3.1. Characterization of MOF

The XRD patterns of both MOFs are presented in Fig. 2, which 
revealed numerous sharp and well-resolved diffraction peaks across the 

Fig. 1. Schematic diagram of the THz-TDS measurement setup.

Fig. 2. Powder X-ray diffraction (XRD) patterns of Co-MOF (black) and Co/Ni- 
MOF (red).
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2θ range of 5–50◦, indicating information about the crystal structure and 
crystallinity of pyrazine− 2,3-dicarboxylic acid (H₂pzdc)-based prod
ucts. Co-MOF showed closely spaced reflections at 2θ ≈ 9–11◦, medium- 
intensity peaks between 13◦ and 24◦, and a strong reflection near 6–27◦. 
Whereas the Ni-Co-MOF diffractogram closely overlapped with that of 
Co-MOF in terms of peak positions, indicating preservation of a similar 
crystalline framework. No additional reflections attributable to separate 
crystalline phases were observed.

3.2. Time-series-based cumulative germination analysis

The cumulative germination profiles showed numerical treatment- 
associated differences in germination progression under both MOF 
treatments (Fig. 3). Supplementation of 50 mg/L Co-MOF showed 
earlier germination initiation and a higher mean cumulative germina
tion during the intermediate developmental stage (Fig. 3a). Whereas a 
slower early germination response followed by a gradual late-stage in
crease in cumulative germination (75.0%) was recorded for 25 mg/L Co- 
MOF. In contrast, relatively delayed germination with reduced cumu
lative germination (54.0%) was recorded for the reference treatment. 
Similar observations were also recorded for Ni-Co-MOF, with a 
maximum cumulative germination of 91.0% recorded for 50 mg/L. 
Clear salinity- and duration-associated shifts in temporal germination 
response were also observed under both MOF systems (Fig. 3b,c). The 
50 mM NaCl-associated treatments showed relatively stable and sus
tained progression relative to the 100 mM NaCl reference condition, 
with a higher mean germination trajectory (Fig. 3b). Priming duration 
was associated with numerical differences in germination coordination, 
with the 4 h priming treatment showed the most synchronized and 
sustained mean trajectory (Fig. 3c). Temporal germination trajectories 
further display clear differences in germination initiation, progression, 
and saturation phases between Co-MOF and Ni-Co-MOF systems, with 

Ni-Co-MOF exhibiting stronger enhancement of germination kinetics 
under saline environmental conditions. These findings overall indicate 
treatment–associated regulation of temporal germination dynamics 
during salt stress exposure in cotton.

3.3. Multi-output regression analysis

The results of computed germination indices (Table 1) were sub
jected to RF-based multioutput regression analysis to evaluate the re
lationships among germination-associated traits. Overall, the multiple- 

Fig. 3. Time series-based cumulative germination performance of MOF and NaCl (a) MOF concentration, (b) NaCl concentration, and (c) priming timing; values are 
means ± SE of three biological replicates and curves show descriptive temporal patterns among treatments.

Table 2 
Predictive performance metrics of the Random Forest-based multi-output 
regression model for germination-related traits under MOF-mediated salinity 
stress environmental conditions.

Trait R2 RMSE MAE RRMSE SMAPE

GRP 0.445 10.862 9.045 15.800 13.490
MGT 0.382 0.579 0.423 13.030 10.040
MGR 0.507 0.033 0.025 14.200 10.210
GSP 0.485 3.375 2.380 14.520 9.710
UNC 0.361 0.297 0.252 13.320 11.710
SYN 0.373 0.048 0.038 106.030 139.180
VGT 0.418 2.519 2.099 26.140 23.370
SDG 0.465 0.409 0.348 13.400 11.770
CVG − 0.084 9.881 8.679 14.300 12.570

GRP: germination percentage, MGT: mean germination time, MGR: mean 
germination rate, GSP: germination speed percentage, UNC: uncertainty index, 
SYN: synchronization index, VGT: vigor index, SDG: standard deviation of 
germination time, CVG: coefficient of velocity of germination, R2: Coefficient of 
Determination, RMSE: Root Mean Square Error, MAE: Mean Absolute Error, 
RRMSE: Relative Root Mean Square Error, and SMAPE: Symmetric Mean Ab
solute Percentage Error
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output regression system yielded an average R2 score of 0.372 (Table 2). 
The highest predictive performance was with an R2 score of 0.507, 
accompanied by low RMSE (0.033), RRMSE (14.20%), and a SMAPE 
score of 10.21%. Likewise, GSP and SDG metrics also exhibited mod
erate R2 scores and were recorded as 0.485 and 0.465, respectively. The 
error metrics for both germination traits were also low. Whereas GRP 
and BGT also exhibited moderate predictability with an R2 score of 
0.445 and 0.418, respectively; however, their error metric scores were 
relatively higher than GSP and SDG. Traits associated with germination 
timing, synchronization, and uncertainty, including MGT (R² = 0.382), 
UNC (R² = 0.361), and SYN (R² = 0.373), exhibited relatively lower 
predictive performance. In particular, SYN displayed exceptionally high 
relative error values (RRMSE = 106.03% and SMAPE = 139.18%), 
indicating comparatively limited learnability of this trait, potentially 
due to its narrow distribution and biological vari*ability. CVG also 
showed limited predictive performance, with a negative R2 value (R2 =

− 0.084). The RF-based multi-output framework identified trait- 
dependent nonlinear patterns, with comparatively better predictive 
performance for MGR, GSP, SDG, and GRP. The experimental observa
tions and predicted scores of all germination indices are presented in 
Fig. 4. Comparative analysis of RF model with other models demon
strated superior capability for capturing the nonlinear relationships 
among germination-related variables. In addition, a Y-permutation test 
confirmed that the observed predictive performance was significantly 
greater than expected by chance (p < 0.01), supporting the presence of 
meaningful biological relationships within the dataset.

3.4. Feature importance analysis

Permutation feature importance analysis was performed to identify 
the predictors contributing most strongly to the RF model while 
reducing the potential bias associated with impurity-based importance 
measures. As shown in Fig. 5, the temporal germination variables were 
the dominant contributors to model performance. Among all predictors, 

D10 exhibited the highest normalized permutation importance (0.156 
± 0.006), followed by D8 (0.135 ± 0.005), D9 (0.116 ± 0.004), D1 
(0.091 ± 0.004), D0 (0.082 ± 0.004), D7 (0.075 ± 0.004), and D4 
(0.075 ± 0.003). Among the treatment-related variables, MOF concen
tration was the most influential (0.048 ± 0.003), followed by MOF type 
(Chemical, 0.038 ± 0.002), NaCl concentration (0.032 ± 0.002), and 
priming duration (Time, 0.027 ± 0.002). Lower contributions were 
observed for D5 (0.041 ± 0.003), D3 (0.035 ± 0.002), D6 (0.031 
± 0.002), and D2 (0.019 ± 0.001), whereas D11 exhibited negligible 
importance (0.000 ± 0.000). Overall, the permutation-based analysis 
indicates that intermediate and late germination stages contained the 
greatest predictive information, while the treatment variables provided 
complementary but comparatively smaller contributions to the model.

3.5. Terahertz time-domain spectroscopy (THz-TDS)

Following the evaluation of temporal germination responses, THz- 
TDS was employed to characterize treatment-related differences in 
temporal and spectral dielectric response under MOF-mediated salinity 
stress environmental conditions. Terahertz Time-Domain Spectroscopy 
(THz-TDS) is a highly accurate non-destructive technique used to 
determine the water content in plants. Small changes in a plant’s hy
dration levels lead to immediate and highly sensitive alterations in the 
amplitude and phase of the transmitted or reflected THz signals. This is 
primarily because liquid water strongly absorbs terahertz radiation 
within the frequency range of 0.1–3 THz. The high sensitivity to water is 
attributed to the collective vibrations of hydrogen bonds; as a result, 
liquid water acts as an opaque barrier to THz pulses. Consequently, the 
absorption of THz signals significantly increases with higher water 
concentration. In addition, increased moisture or free-water content is 
generally indicated by higher damping in the signal. The THz-TDS 
analysis showed treatment-dependent differences in the temporal and 
spectral response of cotton leaf tissues under MOF-mediated salinity 
stress environmental conditions (Fig. 6a-f). Clear differences in signal 

Fig. 4. Experimental and predicted scores of germination indices of cotton (derived from Table 2) using RF-based multi-output regression analysis.
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attenuation, oscillatory decay, damping characteristics, and absorption 
coefficient profiles were observed among the evaluated treatment 
combinations across the 2 h, 4 h, and 8 h priming durations. The 
transmitted THz time-domain signals displayed considerable differences 
in amplitude and temporal oscillatory response, suggesting treatment- 
related modulation of hydration-associated physiological and dielec
tric properties.

Among the evaluated treatments, Co-MOF− 50 exhibited the highest 

attenuation and smoothest oscillatory decay patterns throughout most 
observation periods. On the other hand, Co-MOF− 25 showed relatively 
pronounced oscillatory signatures and reduced damping effects, sug
gesting relatively lower dielectric attenuation and relatively less 
extensive structural modification during stress exposure. Progressive 
temporal changes in signal morphology from 2 h to 8 h further displayed 
dynamic shifts in tissue hydration organization during the experimental 
period. Clear THz response patterns were also observed within the Ni- 

Fig. 5. Permutation feature importance (mean ± SE) of temporal germination variables and treatment-related predictors obtained from the Random Forest model 
under MOF-mediated salinity stress. Importance values were calculated using held-out observations under the LOOCV framework and normalized across germination 
traits. values represent mean normalized importance SE across germination outputs and are interpreted as exploratory rankings.

Fig. 6. Time-domain signals of cotton leaf samples (a) Co-MOF for 2 h priming, (b) Co-MOF for 4 h priming, (c) Co-MOF for 8 h priming, (d) Ni-Co-MOF for 2 h 
priming, (e) Ni-Co-MOF for 4 h priming, and (f) Ni-Co-MOF for 8 h priming with NaCl; Measurements were obtained from independent leaf samples; curves represent 
descriptive spectral patterns.
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Co-MOF treatment system. Compared with Co-MOF-associated treat
ments, Ni-Co-MOF− 25 exhibited relatively stable and homogeneous 
temporal THz responses across all evaluated priming durations, sug
gesting a more coordinated dielectric response and relatively stable 
tissue organization under saline environmental conditions. Conversely, 
Ni-Co-MOF− 50 displayed relatively stronger absorption response 
accompanied by localized fluctuations and irregular oscillatory features, 
particularly during later observation periods. Results further showed 
that 50 mg/L Ni-Co-MOF + 50 mM NaCl exhibited relatively more ab
sorption response compared to 25 mg/L Ni-Co-MOF + 25 mM NaCl and 
the reference treatment of 100 mM NaCl. Fig. 6a-f presents the ab
sorption coefficient spectra and shows frequency-dependent differences, 
particularly in the 0.1–1.0 THz region. In general, both MOFs (50 mg/ 
L+50 mM NaCl) yielded higher absorption coefficients across most 
frequency regions. These elevated THZ absorption responses may indi
cate treatment-associated changes in tissue hydration dynamics, mois
ture redistribution, and physiological adaptation under saline 
environmental conditions. In contrast, relatively reduced absorption 
with more stable spectral profiles was recorded for both MOFs when 
used at 25 mg/L + 25 mM NaCl.

4. Discussion

The multi-peak Co-MOF profile agrees with the reported H2pzdc- 
based coordination framework, where the carboxylate group bridges 
adjacent metal centres to form extended periodically ordered networks 
(Premkumar et al., 2004). The close correspondence between the 
Co-MOF and Ni-Co-MOF diffraction patterns suggests an isostructural 
relationship and preservation of the parent crystal topology following Ni 
incorporation. Similar behavior has been reported for bimetallic 
Ni-Co-MOF frameworks synthesized using identical organic linkers, 
where mixed-metal substitution occurred without forming separate 
crystalline phases (Wu et al., 2023). This structural compatibility is 
attributed to the comparable ionic radii and coordination behavior of 
Co2+ and Ni2+, which facilitate substitution within the metal nodes 
while maintaining the framework architecture (Ren et al., 2021). This 
structural correspondence also agrees with a previously reported 

pyrazine-containing Ni-Co-MOF [Co/Ni(μ₃-tp)₂(μ₂-pyz)₂], in which 
complementary XRD, BET, FT-IR, TGA, SEM, and EDS analyses 
confirmed the incorporation of both metals within a single crystalline 
framework (Moradi et al., 2024). The present study showed that 
MOF-associated salinity treatments substantially influence germination 
behavior, physiological adaptation patterns, and hydration-associated 
dielectric responses in cotton under in vitro conditions. The enhanced 
cumulative germination observed, particularly under the Ni-C
o-MOF− 50 treatment, suggests that the MOF–NaCl treatment system 
supported greater germination resilience than the 100 mM NaCl refer
ence condition. Salinity stress commonly suppresses seed germination 
by reducing water uptake, lowering osmotic potential, inducing Na⁺/Cl⁻ 
toxicity, disturbing metabolic activity, and promoting oxidative stress 
(Liang et al., 2018; Atta et al., 2023). Thus, the delayed germination 
observed under the 100 mM NaCl reference treatment is consistent with 
the expected inhibitory effects of salt stress on early developmental 
processes (Manono, 2026). On the other hand, the enhanced germina
tion kinetics under MOF-associated treatments were associated with 
more favorable temporal germination patterns under saline conditions. 
This interpretation is also supported by recent plant-related MOF studies 
showing their potential roles in controlled delivery and improvement of 
agronomic performance through nutrient delivery, plant-growth mod
ulation, and stress-resilience-related functions (dos Reis et al., 2025; 
Mahmoud and Abdelhameed, 2025). However, scalable synthesis, 
formulation stability, and controlled release to ensure consistent expo
sure while limiting metal accumulation are prerequisites for their 
application in agriculture (Li et al., 2026)

The clear temporal germination trajectories observed between Co- 
MOF and Ni-Co-MOF systems suggest that both MOFs have differen
tially regulated germination dynamics under saline environmental 
conditions. The Co-MOF system appeared to promote rapid early-stage 
germination initiation, particularly at the 50 mg/L concentration, indi
cating its potential role in stimulating early metabolic activation and 
stress-responsive physiological adjustments. Cobalt-associated materials 
have previously been linked with enzymatic modulation, osmotic ad
justments, and oxidative stress regulation under abiotic stress conditions 
(Inayat et al., 2024). In contrast, the Ni-Co-MOF system exhibited 

Fig. 7. Absorption Coefficient of cotton leaf samples (a) Co-MOF for 2 h priming, (b) Co-MOF for 4 h priming, (c) Co-MOF for 8 h priming, (d) Ni-Co-MOF for 2 h 
priming, (e) Ni-Co-MOF for 4 h priming, and (f) Ni-Co-MOF for 8 h priming with NaCl (M2: Co-MOF, M3: Ni-Co-MOF).
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relatively more stable and sustained germination progression 
throughout the experimental period, particularly under 50 mg/L treat
ment. This response reflects a more stable temporal germination pattern 
under the tested conditions. The presence of both Ni and Co in the MOF 
structure may have contributed synergistically to improved physiolog
ical stabilization and maintained germination synchronization. Since 
metal-release kinetics, oxidation state, tissue accumulation, and toxicity 
thresholds were not quantified, the observed effects should be inter
preted as a response to the applied MOF formulations rather than as 
direct evidence of Co- or Ni-Co-specific bioavailability or toxicity. In 
addition, 4 h priming treatment highlights the importance of optimized 
exposure time for balancing metabolic activation and stress tolerance in 
plants (Balasubramaniam et al., 2023; Gohari et al., 2026). Shorter 
priming durations may provide insufficient physiological stimulation, 
whereas prolonged exposure can induce stress-associated metabolic 
disorders (Paparella et al., 2015; Janah et al., 2025). The progressive 
increase in cumulative germination at late stages further suggests dy
namic physiological adaptation and recovery processes during pro
longed salinity stress exposure.

The RF-based multi-output regression analysis (Altaf et al., 2026) 
demonstrated variable predictive learnability among 
germination-related traits under MOF-mediated salinity stress condi
tions. Traits such as MGR, GSP, SDG, and GPR showed relatively better 
but modeate predictive performance, indicating that RF captured part of 
their nonlinear variation. RF models are increasingly recognized for 
modeling complex biological datasets because of their ability to capture 
nonlinear interactions and multidimensional physiological variability 
(Hoffman et al., 2021; Altaf et al., 2026). In contrast, SYN and CVG 
showed poor predictive performance, especially, extreme relative errors 
(SYN) and negative R2 scores (CVG) highlight trait-specific limitations 
and define the model’s applicability. These findings demonstrate the 
usefulness of explainable ML approaches for interpreting 
germination-associated physiological responses and stress adaptation 
under saline conditions (Ercan et al., 2024; Yan et al., 2025; Aasim et al., 
2026).

The use of permutation importance, which evaluates predictor 
relevance by measuring the reduction in predictive performance after 
random permutation of individual variables, provides a more robust 
assessment than impurity-based importance measures and strengthens 
the biological interpretation of the identified key germination stages. 
Permutation feature importance (Huang, 2025) analysis revealed that 
the temporal germination observations were the dominant contributors 
to the RF model, particularly for D10, D8, and D9, which exhibited the 
highest normalized importance values, followed by D1, D0, D7, and D4. 
These findings suggest that intermediate and late germination stages 
contain the greatest amount of predictive information, likely reflecting 
the cumulative effects of MOF treatment and salinity stress on germi
nation dynamics. Among the treatment-related variables, MOF con
centration, MOF type, NaCl concentration, and priming duration also 
contributed to model performance, although their influence was 
comparatively smaller than that of the temporal germination observa
tions. These findings further suggest the temporal coordination of the 
germination process under MOF-mediated salinity stress conditions, 
confirming the previous findings (Khanna et al., 2019; Tietze et al., 
2025). The strong influence of temporal germination stages further 
highlights the importance of germination kinetics and developmental 
coordination in ML-assisted interpretation of plant stress under saline 
environments (Quyoom et al., 2026; Yang et al., 2026). Although RF 
model identified meaningful nonlinear relationships among the germi
nation traits, using LOOCV that is well suited for limited datasets. 
Nevertheless, the absence of an independent external validation dataset 
remains a limitation; the proposed framework should be considered as 
an exploratory analytical approach.

The results of THz-TDS analysis showed considerable treatment- 
dependent differences in dielectric tissue response and hydration- 
associated physiological responses. The stronger attenuation and 

elevated absorption response observed under the Co-MOF− 50 mg/L and 
Ni-Co-MOF− 50 treatments indicate enhanced interaction between THz 
radiation and hydration-associated physiological and dielectric com
ponents within the leaf tissues. The stronger damping response observed 
in this treatment is consistent with greater THz absorption within the 
leaf tissues, which may reflect combined differences in water status, 
tissue thickness, structural organization, and chemical composition. THz 
signals are highly sensitive to tissue water content, hydrogen-bond dy
namics, and cellular tissue hydration organization and structural sta
bility, making THz-TDS a powerful tool for monitoring physiological 
stress responses in plants (Castro-Camus et al., 2025; You et al., 2025). 
In the present study, the elevated damping response observed particu
larly under Co-MOF− 50 mg/L suggests considerable modification of 
hydration-associated dielectric properties during salinity stress expo
sure. The relatively stable and homogeneous THz signatures observed in 
Ni-Co-MOF− 25 showed a relatively uniform treatment-associated 
dielectric response under saline conditions.Similar stabilization of THz 
spectral response has been linked with improved tissue water balance 
and structural integrity under abiotic stress conditions (Castro-Camus 
et al., 2025). The observed differences in absorption profiles and oscil
latory behavior likely reflect treatment-associated modulation of tissue 
hydration and structural organization within the leaf tissues (Taiber 
et al., 2025). In addition, recent advances in plant THz phenotyping 
have highlighted the potential of THz-TDS for non-destructive charac
terization of physiological stress responses, early stress detection, and 
monitoring of hydration-associated changes in plant tissues under 
environmental stress conditions (Alibeigloo et al., 2025; Gao et al., 
2025). The treatment-resolved spectral fingerprints established as a 
basis for future paired analysis linking THz features with germination 
and physiological measurements collected from the same experimental 
units in future studies.

The progressive temporal shifts observed in THz signal morphology 
from 2 h to 8 h further suggest dynamic physiological adjustment pro
cesses involving moisture redistribution, structural dielectric reorgani
zation, and stress-associated tissue adaptation (Yin et al., 2026). Similar 
temporal THz response patterns have been associated with dehydration 
dynamics and physiological adaptation in plant tissues under abiotic 
stress conditions (Alibeigloo et al., 2025; You et al., 2025). Localized 
fluctuations observed in Ni-Co-MOF− 50 may reflect heterogeneous 
redistribution of hydration-associated structural components during 
prolonged stress exposure. The absorption coefficient spectra further 
revealed frequency-dependent differences among the evaluated treat
ments, confirming substantial differences in THz interaction responses 
within the cotton leaf tissues. Frequency-dependent THz absorption is 
strongly influenced by tissue water status and hydrogen-bond dynamics 
within biological tissues (Castro-Camus et al., 2025). THz-TDS findings 
demonstrate that terahertz spectroscopy effectively captured 
treatment-specific physiological adaptation patterns under 
MOF-mediated salinity stress environmental conditions and further 
support its potential as a non-destructive phenotyping platform for 
monitoring stress-associated physiological responses in plants 
(Alibeigloo et al., 2025; Taiber et al., 2025; You et al., 2025). The 
distinct-hydration-sensitive dielectric signatures detected by THz-TDS 
provide a basis for future integration with direct measurements of 
water status, photosynthetic performance, oxidative responses, and 
membrane stability to further define their physiological significance 
(Yu-Hao et al., 2025; Yin et al., 2026).

5. Conclusion

MOF-associated salinity treatments substantially influenced germi
nation kinetics, temporal coordination of development, and dielectric 
tissue responses in cotton under in vitro saline conditions. Among the 
evaluated treatment combinations, Ni-Co-MOF− 50 exhibited the high
est cumulative germination performance, whereas the relatively stable 
THz signatures observed in Ni-Co-MOF− 25 suggested enhanced 
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physiological stability and coordinated dielectric regulation during 
stress exposure. On the other hand, the 100 mM NaCl reference treat
ment displayed a delayed germination response and relatively reduced 
physiological performance, confirming the inhibitory effects of elevated 
salinity on germination-associated processes. The observed treatment- 
dependent differences in cumulative germination patterns, temporal 
synchronization behavior, and THz absorption profiles demonstrate an 
association between the applied MOF formulations and early germina
tion and dielectric responses under salinity. The RF framework suc
cessfully identified trait-dependent nonlinear patterns, with 
comparatively better performance for MGR, GSP, SDG, and GRP, 
whereas SYN and CVG were not reliably predicted. Additionally, feature 
importance analysis identified intermediate germination stages as key 
determinants of predictive performance, highlighting the physiological 
significance of temporal germination dynamics during stress adaptation. 
THz-TDS analysis further revealed distinct treatment-dependent varia
tions in dielectric response and hydration-associated structural organi
zation within cotton leaf tissues. The integration of temporal 
germination profiling, explainable machine learning, and THz-TDS 
provided an integrated framework for characterizing MOF-mediated 
salinity responses in cotton. The combined analytical strategy high
lights the potential of integrating next-generation spectroscopic and 
interpretable AI approaches for non-destructive plant stress phenotyp
ing under saline environments. Future integration of physiological and 
omics studies will help to define the pathways underlying the observed 
MOF-associated responses.
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