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Abstract: The analysis of fast fluorescence kinetics, specifically through the JIP test, is a valuable tool
for identifying and characterizing plant stress. However, interpreting OJIP data requires a compre-
hensive understanding of their underlying theory. This study proposes a Machine Learning-based
approach using a One-Class Support Vector Machine anomaly detection model to effectively catego-
rize OJIP measurements into “normal”, representing healthy plants, and “anomalies”. This approach
was validated using a previously published dataset. A subgroup of the identified “anomalies” was
clearly linked to stress-induced reductions in photosynthesis. Furthermore, the percentage of these
“anomalies” showed a meaningful correlation with both the progression and severity of stress. The
results highlight the still largely unexploited potential of Machine Learning in OJIP analysis.

Keywords: chlorophyll fluorescence; OJIP; stress; machine learning; one-class classification;
anomaly detection

1. Introduction

When a dark-adapted leaf transitions to light, a rapid, polyphasic increase in chloro-
phyll fluorescence intensity is observed [1]. This progression swiftly moves from its initial
value (O) through intermediate steps (J and I) to a peak (P) in less than a second. Step
O represents the baseline fluorescence in the dark-adapted state, signifying the minimal
fluorescence when all reaction centers are open. The subsequent O-] rise, occurring im-
mediately upon exposure to light, corresponds to the quick reduction in Q4 and Qg in
Photosystem II (PSII). Following this, a more gradual J-I rise is observed, associated with
the reduction in the plastoquinone pool. The fluorescence intensity reaches its zenith at P,
indicating the peak reduction state of the electron transport chain involving both PSII and
Photosystem I (PSI) [2]. Referred to as the OJIP curve, this rapid chlorophyll fluorescence
rise kinetics provides a surprising wealth of information regarding PSII photochemical
activity, electron transport events, and various photosynthetic processes. OJIP kinetics
is also very sensitive to plant physiological conditions and effects of stress. Many stress
factors, such as heat stress [3], cold stress [4], drought [5], salinity stress [6], heavy metal
exposure [7], and nutrient deficiency [8], trigger distinct changes in OJIP curves. Thanks to
its ease of measurement facilitated by user-friendly portable direct fluorescence fluorome-
ters, OJIP analysis has gained widespread recognition as a powerful tool for studying plant
photosynthesis and plant stress [9].

Proposed by Strasser in 1995 and perfected since then, the JIP test is a popular method
for translating OJIP fluorescence signals into a large number of numerical biophysical
parameters that can be used to compare between plant groups, as well as to classify and
quantify the effects of stress. (For a thorough review of JIP test, see Tsimilli-Michael’s
review in 2020 [10].) Nevertheless, interpreting these parameters can be difficult, par-
ticularly for those without a thorough understanding of the underlying theory. Many
biophysical parameters derived from the JIP test rely on certain specific assumptions, and
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misunderstanding or neglecting these assumptions and their limitations can lead to erro-
neous or oversimplified interpretations [11]. For the benefit of non-expert users, efforts
have been made to establish universal metrics that reliably reflect plant photosynthetic
and physiological conditions. One of the most popular metrics is the Performance Index,
PIags, introduced as a product of terms expressing energy bifurcations, from the absorption
events to the reduction of the intersystem electron transport chain [1]. Other variants of
PIaps include the Structure-Function Index, SFIzgg [12]; Total Performance Index, Pltorar;
and the Driving Forces, DFsps and DFtotar, [13]. There are also several OJIP-based indices
tailored to specific types of stress, such as the Chill Factor Index, CFI [14]; Drought Factor
Index, DFI [15]; Heat-Resistance Index, HRI [16]; and Heat Sensitivity Index, HIS [17]. Ad-
ditionally, Duarte et al. [18] suggested a different methodology where distinct parameters
obtained from the JIP test are combined mathematically into a single integrated biomarker
response (IBR). It is worth noting that these metrics’ performance differs significantly
among various stress types and plant species. While some stress metrics clearly correlate
with the level of stress, in other cases, stress may or may not lead to detectable changes [19].

The utilization of Machine Learning (ML) techniques for analyzing OJIP curves
presents a highly promising approach that is yet to be widely adopted. Due to its re-
markable capacity to employ computer algorithms for extracting valuable insights from
complex data, revealing hidden patterns, and offering precise predictions, the Machine
Learning Revolution has gained substantial momentum in the last decade, profoundly
reshaping various industries and sparking innovation across diverse applications [20]. In
the realm of chlorophyll fluorescence measurements and OJIP analysis, ML has begun to
make impactful strides. Principal Component Analysis (PCA) is employed to simplify OJIP
data, facilitating visualization and the identification of data clusters [21]. Goltsev et al. [22]
utilized Artificial Neural Networks (ANNSs) to accurately predict relative water content
based on chlorophyll fluorescence data. Combining PCA, Hierarchical k-means clustering,
and Super-Organizing Maps (sSOMs), Kalaji et al. [23] accurately identified various levels
of microelement deficiencies in rapeseed plants. Least-Squares Support Vector Machine (LS-
SVM) enables the detection of citrus greening disease, a severe ailment affecting citrus [24].
These examples showcase the potential of ML in analysis of fast fluorescence kinetics data.

However, there are several complicating factors that could potentially challenge
the accurate prediction capability of ML models. First, the high diversity of stress re-
sponses adds an additional layer of complexity to the picture. The plant stress response
forms a highly intricate network that varies significantly depending on both biological
and abiotic conditions. Many ML models for stress detection are multiclass classifiers
trained on a predefined set of stressed plants [22-24]. If future stressed plants differ
from the training batch (for example, due to genetic variations, differences in growth
conditions, and presence of other stressors), the model may no longer function effec-
tively. Another challenge arises from the spatial heterogeneity of stressed plants. In
stressed plants, not all positions are equally affected, and some positions remain seemingly
“healthy” [25-27]. Most OJIP measuring devices, including the widely used PocketPEA by
Hansatech, are point-measurement devices which collect data from a single spot on the
leaf. When measuring a stressed plant, while many measurements will correctly reflect the
reduction in photosynthesis due to stress, a certain percentage of the measurements may
still reflect normal conditions. Such heterogeneity makes it difficult to interpret the data.
Last but not least, most published ML-based OJIP analysis models are based on parameters
calculated from JIP tests, which are derived rather than directly measured. The validity of
these parameters is contingent on numerous assumptions and constraints, which may or
may not hold true under stress conditions.

To overcome challenges in analyzing fast fluorescence kinetics data, we recommend
using a one-class classification approach utilizing OJIP curve’s raw data. One-class classifi-
cation is an ML-based technique normally used for anomaly/outlier detection. This method
entails training a model using only data from a single class (hence the name) to identify the
standard pattern and its boundaries. The model then detects data points that deviate signif-
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icantly from this standard pattern and identifies them as “outliers” [28]. Similarly, in our
approach, we initially train a model using only OJIP curves from healthy plants to establish
the standard OJIP pattern. Stress causes deviations from this pattern that are classified by
the model as “anomalies”. This approach has several advantages. The relative consistency
in OJIP patterns among healthy plants of the same species/cultivars strengthens the one-
class classification model, making it more effective in discerning anomalies. In contrast
to multiclass classification, where models are trained on data from specific types of stress,
single-class anomaly detection allows for a more comprehensive detection of theoretically
all types and severities of stress. Additionally, it accommodates the spatial heterogeneity
of stressed plants, allowing for the accurate identification and separation of ostensibly
“healthy” instances within measurements of stressed plants. Finally, the exclusive reliance
on raw OJIP curve data frees the forecasting model from the constraints of the underlying
assumptions associated with the JIP test’s theory and increases its objectivity. It is important
to emphasize that the designation of a measurement as “anomaly” merely signifies its
divergence from the conventional OJIP pattern and should not be automatically interpreted
as indicative of stress. A multitude of processes in plants, including acclimatization to new
conditions or intrinsic physiological processes such as flowering, are commonly associated
with alterations in photosynthetic behaviors. Nevertheless, these processes are not typically
regarded as stress.

In this study, we established a one-class classification model using OJIP data exclu-
sively from healthy lettuce (Lactuca sativa Larissa) plants. This model was then employed
to predict the photosynthetic status of lettuce plants throughout their cultivation, classify-
ing them as either “normal” or “anomaly”. The prediction results and how they change
throughout the year, in different growing conditions (both in the field and greenhouse),
and when influenced by an external factor—namely, the presence of a radiofrequency
electromagnetic field (RF-EMF)—would elucidate the feasibility of this novel approach.

2. Results and Discussion
2.1. Data Overview

A total of 1580 OJIP measurements from our previous study [29] were used in this
study, including 864 from the greenhouse experiment and 716 from the field experiments.
Each experiment began with the first measurement on 3-week-old plants fresh from the
greenhouse that we assumed to be perfectly healthy. A total of 228 initial measurements
were taken. Further measurements were taken over the next 4 weeks. The detailed
distribution of measurements over time is shown in Table 1.

Table 1. Overview of OJIP measurements used in this study.

Field Experiments Greenhouse Experiment Total
Initial measurements 120 108 228
Week 1 80 108 188
Week 2 199 216 415
Week 3 159 216 375
Week 4 158 216 374
Total 716 864 1580

2.2. Screening of “Anomalies” for Model Fine-Tuning

Any classification model needs to be fine-tuned to balance Type I (false positive) and
Type II (false negative) errors. In the case of a one-class classification model, the model
is trained only on data from one class (healthy, i.e., “normal”, plants), so only Type I

“normal” misidentified as “anomalies”) error can be assessed. In order to assess Type 11
error (“anomalies” misidentified as “normal”), it is necessary to use data from the “anomaly”
class as well. Several data points from our data can be identified as “anomalies” based
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on their Fy /Fy values. Fy/Fy represents the maximum quantum yield of photosystem
II. Among the many parameters of chlorophyll fluorescence analysis, Fy/Fy is one of
the most consistent values. It shows minimal variation in healthy plants regardless of
differences in cultivar or growth conditions, which otherwise have a large influence on
other parameters. It is well known that stress conditions can (but do not necessarily) reduce
the values of Fy /Fy [2,30]. First, we analyzed the distribution of Fy /Fy; values from the
228 initial measurements taken on 3-week-old plants, all of which were assumed to be
perfectly healthy. All “normal” samples are expected to have Fy /Fy values within three
standard deviations of this distribution. We then examined the Fy /Fy; values from the
remaining 1352 measurements. We found that 24 cases fell below this range (Figure 1). It is
highly likely that these 24 cases represent a significant deviation from the typical pattern
observed in healthy plants and therefore qualify as “anomalies”.

0.9 = =
Initial remaining
measurements measurements
08 r
Threshold —
0.7
E
" +
+
I:Vl I:M
0.6

Figure 1. Identification of 24 anomaly measurements (red) as those with significantly lower Fy /Fy
values compared to the initial measurements. Outlier threshold was set at the latter’s mean minus
three times the standard deviation.

2.3. Training and Fine-Tuning of Classification Model

The 228 initial measurements described above were randomly divided into two subsets:
204 measurements for model training and 24 measurements for subsequent model fine-
tuning. We trained our one-class classification model with the parameter nu varying
between 0.01 and 0.5. nu represents a lower bound on the fraction of support vectors.
Technically, a nu value of 0.1 means that at least 10% of the training samples are support
vectors. It also represents the upper bound on the fraction of training errors. For example, a
nu value of 0.1 means that the model can tolerate training errors of up to 10%. The optimal
value of nu is determined by testing the model with a fine-tuning dataset (Figure 2). This
dataset contains 48 data points, including the previously identified 24 ‘anomalies” and an
additional 24 “normal” data points. As a rule of thumb, increasing the nu value typically
leads to less stringent screening for “anomalies” and a greater likelihood of “anomalies”
being detected, while also increasing the risk of Type I error (“normal” misidentified as
“anomalies”). Conversely, reducing the nu value reduces the risk of Type I errors but may
result in some missed “anomaly” cases (i.e., increased risk of Type II errors).
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Figure 2. Fine-tuning of the classification model. Models were trained on the training dataset, with
nu values ranging from 0.01 to 0.5, and tested on the fine-tuning dataset. Green: Type I error (“normal”
misidentified as “anomalies”). Red: Type II error (“anomalies” misidentified as “normal”). The
fractions show the number of misidentifications over the total number of predictions. The nu value
of 0.05 (filled triangles) was used for all subsequent predictions.

The results of the model fine-tuning are shown in Figure 2. Out of all tested nu values,
the models correctly identified all 24 “anomaly” cases as “anomalies”. On the other hand, all
models misidentified some “normal” cases as “anomalies” to varying degrees. As expected,
the number of misidentifications (Type I error) increases with the value of nu. Interestingly,
lowering the value of nu below 0.1 did not improve performance. Consequently, the
decision was made to adopt the nu value of 0.05 for all subsequent predictions.

2.4. Classification of the Remaining Data

In the following step, we applied the established model to classify all 1580 data points
(Table 2). Out of these, 664 measurements were marked as “anomalies”. The remain-
ing 916 measurements were categorized as “normal”. Out of 228 initial measurements,
14 (6%) “anomalies” were detected.

Table 2. Anomaly detection with all data. Number of “anomalies”/total number of measurements
(percentage of “anomalies”).

Field Experiments = Greenhouse Experiment Total

_nial 8/120 (6.7%) 6/108 (5.6%) 14/228
Week 1 26/80 (32.5%) 41/108 (38.0%) 67/188
Week 2 91/199 (45.7%) 50/216 (23.1%) 141/415
Week 3 121/159 (76.1%) 83/216 (38.4%) 204/375
Week 4 115/158 (72.8%) 123/216 (56.9%) 238/374

Total 361/716 303/864 664 /1580
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2.5. Comparison Between “Normal” and “Anomaly” Measurements

Labeling a measurement as an “anomaly” only signifies that its OJIP curve deviates
from the typical pattern observed in “normal” (i.e., healthy) measurements. To assess and
compare the photosynthetic efficiency between the “anomaly” and “normal” groups, we
conducted a standard JIP test to compare “normal” and “anomalies” in each experiment.
A total of 20 different parameters were calculated from each OJIP curve: tFm, Area, Fo,
FM/ Fv, FQ/FM, FV/FM/ Fv/Fo, V], Vi/ dVG/dto, dV/dto, Sm, N, Sm/tFm, ABS/RC,
TRo/RC, ETo/RC, REg/RC, and Plags. For a more detailed understanding of the OJIP
parameters presented, see Stirbet and Go-vindjee, 2011 [11]. In each experiment, the values
were normalized by setting the mean of the “normal” samples to 1. We then plotted all
normalized values on spider plots to visualize the difference between “abnormal” and
“normal” groups (Figure 3).

Field experiment

tFm June 2022 t for Fm
Pl abs Area Plabs Area
Fo REo/RC Fo
Fm ETo/RC Fm
Fv TRo/RC Fv
Fo/Fm ABS/RC Fo/Fm
Fv/Fm Smit(Fm) FvfFm P
; S 08
Fy[Fo N Fv/Fo [/ /I
/ &
Vi Sm Vi
dV/dto Vi dV/dto Vi
e Greenhouse experiment s
t for Fm t for Fm
Pl abs Area September 2022 Pl abs Area
Fo REo/RC Fo —— “Normal”
Fm Efo/RC Fm —— “Anomalies”
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Figure 3. Comparison of the photosynthetic performance between the “anomaly” (red) and “normal”
(blue) groups using standard JIP test. For a more detailed understanding of the presented OJIP
parameters, please see Stirbet and Govindjee, 2011 [11]. The values are normalized, with values from
“normal” samples set to 1. The small concentric circles on the right (with the red numbers) show
the scales.

Examining Figure 3, a noticeable pattern emerges: “anomalies” across all three field
experiments consistently demonstrate a lower photosynthetic performance compared to
“normal” measurements. This is evident in statistically significantly reduced values for
Fyv/Fm and Plags (Figure 4). The distinction between these groups is maintained across
various parameters, with “anomalies” consistently displaying lower values for Area, Fo, Fy,
and Fy, and higher values for dV/dtp, ABS/RC, and TRo/RC. Conversely, the comparison
between “anomalies” and “normal” in the greenhouse experiment presents a very different
picture. In this case, the “anomalies” exhibit statistically significantly higher PIxps and
Fy/Fm (Figure 4). Additionally, “anomalies” in the greenhouse show lower values for
dV/dto, N, and Sy /tFy.
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Figure 4. Comparison between “anomalies” (A) and “normal” (N) measurements in three field
experiments and in the greenhouse experiment. Two commonly used OJIP metrics are used for
comparison: Fy /Fyj—the maximum photochemical quantum yield of PS II; PIsps—the performance
index on energy absorption basis. Stars (*) denote statistically significant differences (p < 0.05)
between “anomalies” and “normal” measurements in each experiment.

2.6. UMAP Visualization of All Measurements

To assess the interrelation among all measurements, we employed Uniform Manifold
Approximation and Projection (UMAP) to project the entire dataset into a two-dimensional
space, as illustrated in Figure 5. The observed pattern aligns consistently with other
findings in this study. The initial measurements (blue dots), along with all “normal”
measurements (green and orange dots), cluster at the center of the scatter plot, while the
“anomalies” (red and magenta dots) are scattered towards the periphery. Notably, a distinct
separation is evident between “anomalies” originating from the field experiments (red)
and those from the greenhouse experiment (magenta), implying they are of fundamentally
different natures.

12 4
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UMAP dimension 2

® Anomalies (Field)

® Hormal (Field)

® |nitial measurements
Normal (Greenhouse)
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0 5 10 15 20
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Figure 5. UMAP visualization of all measurements.
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2.7. k-Means Clustering of “Anomalies”

The UMAP analysis suggests that unsupervised clustering algorithms can differentiate
between different types of “anomalies” in field and greenhouse experiments. Using the
conventional k-means clustering, the detected “anomalies” were divided into two clusters:
Cluster 1 includes 8 greenhouse “anomalies” (2.3%) and 345 field “anomalies” (97.7%),
while Cluster 2 includes 295 greenhouse “anomalies” (94.9%) and 16 field “anomalies”
(5.1%). These “anomalies” will be referred to as type 1 and 2 (Table 3).

Table 3. Type 1 and 2 “anomalies”. Number of “anomalies” type 1/2/total number of measurements
(percentage of “anomalies” type 1/2).

Field Experiments Greenhouse Experiment
“Anomalies” “Anomalies” “Anomalies” “Anomalies”
Type 1 Type 2 Typel Type 2
meaiﬂﬁiems 8/120 (6.7%) 0/108 (0%) 0/120 (6.7%) 6/108 (0%)
Week 1 23/80 (28.8%) 3/80 (3.8%) 6/108 (5.6%) 35/108 (32.4%)
Week 2 80/199 (40.2%) 11/199 (5.5%) 0/216 (0%) 50/216 (23.1%)
Week 3 121/159 (76.1%) 0/159 (0%) 1/216 (0.5%) 82/216 (37.9%)
Week 4 113/158 (71.5%) 2/158 (1.3%) 1/216 (0.5%) 122/216 (56.5%)
Total 345/716 16/716 8/864 295/864

2.8. Comparison Between “Anomalies” Types 1 and 2

A comparison was made between “anomaly” types 1 and 2 using the standard JIP test
to assess photosynthetic efficiency. The results are presented in Figure 6.

— “Normal”

t for Fm 1 45
1.4 Area
i i FV/ I:M PIABS
09
3 -
08 r
a E a
b
15 ‘
" =
b
Vi
dVG/dto 0.6 0
o = : “Normal" “Anomalies” "Anomalies" “Normal" “Anomalies” “Anomalies”
— “Anomalies” type1 —— “Anomalies” type 2 type 1 type 2 type 1 type 2

Figure 6. The photosynthetic performance of the “normal” (blue), “anomaly” type 1 (red), and
type 2 (green) groups was compared using the standard JIP test. For a more detailed understanding
of the presented OJIP parameters, please see Stirbet and Govindjee, 2011 [11]. Box plots were used to
display the comparison of two commonly used OJIP metrics: Fy /Fy, which represents the maximum
photochemical quantum yield of PS II; and PIags, which represents the performance index on an
energy absorption basis. The values are normalized, with values from “normal” samples set to 1. The
letters (a—c) indicate groups that are statistically significantly different from each other. Samples with
the same letters are not statistically different.
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PERCENTAGE OF PHOTOSYNTHETIC “ANOMALIES"

100%

The analysis confirms that “anomalies” types 1 and 2 are fundamentally different
in nature. Type 1 exhibit significantly lower photosynthetic performance compared to
“normal” measurements. This is evident from lower values for Area, Fo, Fym, Fv, Fv/em,
and PIags, and higher values for dV/dtp, ABS/RC, and TRp/RC. On the other hand,
type 2 “anomalies” exhibit better photosynthesis than the “normal” type, as evidenced by
their statistically significantly higher PIags. The presence of “anomaly” types in individual
experiments is also noteworthy (Figure 7). Type 1 “anomalies” were prevalent in field
experiments, while type 2 “anomalies” were only sporadic. The highest percentage of type
1 occurred in the field experiments conducted in September 2021 and August 2022, while
the lowest percentage occurred in the June 2022 experiment. Furthermore, the percentage
of type 1 “anomalies” in plants exposed to RF-EMF is consistently higher than in the
control group. In the greenhouse experiment, type 2 was dominant. It is worth noting that
the percentage of the dominant “anomaly” type tends to increase with cultivation time,
typically peaking at the end of the experiment.

3 i1 100%
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Figure 7. The percentage of detected “anomaly” types 1 and 2 on each measurement day across the

four experiments.

2.9. Interpretation of the Results

By combining the shifts in the “anomaly” types’ percentage during cultivation
(Figure 7) with their comparison with each other and with “normal” measurements (Figure 6),
a reasonable interpretation can be made.

Field experiments: Type 1 “anomalies” are caused by stress. The increased occur-
rence of type 1 “anomalies” appears to represent a progressive response to stress under
field conditions. While plants were initially healthy at the start of the experiments, their
photosynthetic efficiency gradually declined due to various environmental stress factors,
giving rise to a discernible increase in the prevalence of type 1 “anomalies”. Notably,
plants seemed to experience higher stress levels in September 2021 and August 2022
compared to June 2022, and this result can possibly be attributed to the low temperature in
September 2021 and the heatwave at the beginning of August 2022 (for field experiment’s
meteorological data, see [29]). Moreover, across three field experiments, the proportion of
type 1 “anomalies” in plants exposed to RE-EMF is consistently greater than that in control
plants. This observation aligns with previously published findings suggesting that RE-EMF
exposure has detrimental effects on plant photosynthesis in field conditions [29].
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Greenhouse experiment: Type 1 stress-related “anomalies” were remarkably absent in
the greenhouse experiment, consistent with the expectation that plant cultivation in such
controlled environments is generally stress-free. The emergence of type 2 anomalies under
greenhouse conditions suggests an alternative cause. The observed increase in anomalies
throughout cultivation time hints at a possible connection between type 2 anomalies and
the plants” acclimation from the greenhouse to the phytochamber conditions. Further
research is needed to unravel the nature of these anomalies.

2.10. Summary and Outlook

The study aimed to test the feasibility of utilizing One-Class Support Vector Machine
Classification for the analysis of plant fast fluorescence kinetics. After analyzing 1580 OJIP
measurements, the model detected 664 “anomalies”, which can be further divided into
353 type 1 and 311 type 2 “anomalies”. There is strong evidence that type 1 “anomalies”
may be caused by stress. The prevalence of type 1 “anomalies” correlates well with both
the progression and severity of stress. Type 2 is not related to stress and is typically found
only in greenhouse environments.

The detection and characterization of “anomalies” should not be seen as an alternative
approach to the well-established JIP test. Rather, it provides complementary insight into
the relative shape of the OJIP curves, providing additional information that is not captured
by the parameters based on the JIP test. This approach bears some similarity to the
conventional analysis of the semi-quantitative bands in the OJIP curve (K-, L-, and
J-band [10]), but with a greater degree of flexibility that may allow for improved
detection capabilities.

“Anomalies” should not automatically be interpreted as stress symptoms. While
the results provide strong evidence that type 1 “anomalies” observed in all three field
experiments are due to plant stress induced by environmental factors, type 2 “anomalies”
observed in the stress-free greenhouse experiment do not show stress-related characteristics.
The UMAP and k-means clustering results suggest that it is possible to use clustering
algorithms to divide “anomalies” into distinct groups, providing an opportunity for a more
in-depth analysis of their nature.

The proposed approach holds significant potential for practical applications, especially
in plant stress research. The percentage of stress-related “anomalies” might serve as a
useful indicator for the severity and progression of stress. Different stress types might
manifest distinct types of “anomalies”, aiding in pinpointing the specific cause of stress.
Furthermore, the power of this approach would be greatly enhanced in combination
with the image-based OJIP technique, which has started gaining momentum in recent
years [31-33]. This combination would provide insight into the percentage of “anomalies”,
their groupings, and photosynthetic properties, as well as how these “anomalies” spread
through the plant as stress progresses. This would provide a more comprehensive picture
of the effects of stress on plants.

In summary, our analysis underscores the importance of integrating ML-based method-
ology with conventional OJIP analysis. This synergistic approach not only reveals hidden
patterns but also provides valuable insights into the intricate ways in which plants respond
to changes in their environments.

3. Materials and Methods

In this study, we used data from our previous research [29], in which the effects
of RF-EMF exposure on lettuce plants under both indoor and outdoor conditions were
investigated. All data are available in the Supplementary Materials.

3.1. Plant Cultivation

Lactuca sativa plants (cultivars Larissa, purchased from Kiepelkern, Bruno Nebelung
GmbH, Everswinkel, Germany) were cultivated in soil pots in a greenhouse, maintain-
ing temperatures between 19 °C and 23 °C and humidity at 50-60%, until they reached
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3 weeks of age. Subsequently, they were either relocated to a phytochamber with controlled
conditions (20 °C, 50% humidity, 16/8 h light/dark cycle) or an outdoor experimental field
(coordinates 49°49'57.4"” N 8°34/22.2" E), where cultivation continued until senescence.
The greenhouse experiment was conducted in September 2022, while field cultivation took
place in three batches: August-September 2021, June—July 2022, and August 2022. In each
experiment, the plants were divided into two groups (9-10 plants each): one group exposed
to RF-EMF (1880-1900 MHz DECT, and 2.4 and 5 GHz WLAN; power flux densities about
10,000 uW/m?), while the other served as the control group. Under greenhouse conditions,
plants are anticipated to encounter minimal stress, whereas in field environments, they are
subjected to a range of environmental stressors [29].

3.2. Measurements of Fast Chlorophyll Fluorescence Kinetics

The Pocket PEA device from Hansatech was used to measure the fast chlorophyll
fluorescence kinetics of leaves (measurement time, one second; saturating light intensity,
3500 umol/ mz.s). For outdoor conditions, measurements were conducted at a minimum of
3 h after sunset. In the greenhouse, measurements were taken at the conclusion of the dark
phase. OJIP parameters were computed using the PEA Plus Version 1.13 software from
Hansatech. Initial measurements commenced 48 h after the young plants were transferred
to the experiment’s locations. Subsequently, plant measurements were taken at regular
intervals (approximately two to three times a week) until senescence [29].

3.3. Data Overview and Data Pre-Processing

A total of 1580 OJIP measurements were utilized in this study, comprising 864 from
the greenhouse experiment and 716 from field experiments. The investigation focused
solely on the raw data of the OJIP curve, excluding all derived parameters. Nine features
were extracted from each curve: baseline fluorescence intensity (Fp); peak fluorescence
intensity (Fy); fluorescence intensities at five specific time marks (50 ps, 100 ps, 300 us,
2 ms, and 30 ms—F1, F2, F3, F4, and F5); the time at which the maximum fluorescence
value, Fyf, was reached (Tfm); and the area above the fluorescence curve between Fo and
Fy (Area) (Figure 8). All data underwent normalization using robust standardization.
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Figure 8. Nine features extracted from OJIP curve for classification: baseline fluorescence intensity
(Fo); peak fluorescence intensity (Fy); fluorescence intensities at five specific time marks (50 us,
100 ps, 300 ps, 2 ms, and 30 ms—F1, F2, F3, F4, and F5); the time at which the maximum fluorescence
value, Fy;, was reached (Tfm); and the area above the fluorescence curve between Fg and Fy; (Area).

MedianTrarn and IQRTrajN represent the median and interquartile range of the training
dataset. The use of robust standardization ensures the effective capture of the central
tendency and spread of the data while remaining resilient to the impact of outliers.



Stresses 2024, 4

784

References

3.4. One-Class Support Vector Machine

Anomaly detection was executed utilizing the One-Class Support Vector Machine al-
gorithm, with the Python code imported from Scikit-learn (sklearn.svm.OneClassSVM [34]).
The code utilized default parameters, including kernel = “rbf”, degree = 3,
gamma = “scale”, coef0 = 0.0, tol = 0.001, shrinking = True, cache_size = 200, verbose = False,
and max_iter = —1. The parameter nu, representing an upper bound on the fraction of train-
ing errors and a lower bound of the fraction of support vectors, was fine-tuned using the
fine-tuning dataset.

3.5. UMAP Data Visualization

In order to visualize the OJIP measurements in a lower-dimensional space and to
enhance interpretability, Uniform Manifold Approximation and Projection (UMAP) was
employed [35]. As a dimensionality reduction technique, UMAP shares similarities with
PCA, yet it surpasses PCA by preserving not only the global structure but also the intricate
local relationships within the data. This enhanced capability makes UMAP particularly
adept at capturing complex, non-linear relationships present in the dataset. The UMAP
algorithm is implemented through the umap-learn Python library [36]. Random seed state
was set at random_state = 42 to ensure UMAP reproducibility.

3.6. k-Means Clustering

K-means clustering [37] was used to partition the detected “anomalies” into distinct
subsets. The code used was imported from Scikit-learn (sklearn.cluster. KMeans; [34]).
The code used default parameters, including init = “k-means + +”, n_init = “warn”,
max_iter = 300, tol = 0.0001, verbose = 0, random_state = None, copy_x = True, and
algorithm = “lloyd”. The optimal number of clusters was determined using the silhouette
score (sklearn.metrics.silhouette_score), with the default settings: metric = “euclidean”,
sample_size = None, and random_state = None.

3.7. Statistical Analysis

Student’s t-test and One-Way Analysis of Variance (ANOVA) with post hoc Tukey
Honestly Significant Difference (HSD) test were applied to compare groups throughout the
study. Statistical significance was assumed when p < 0.05. Statistical tests were performed
with Jamovi and Microsoft Excel with Real Statistics Add-Ins.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/stresses4040051/s1. All OJIP data used in the study can be found in
Supplementary data (OJIP data).xlsx.
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