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Abstract. Rice fields are a major producer of methane, a strong greenhouse gas. However, identifying genetic variation in methane emissions
among rice varieties remains challenging. This study applied association rule mining to detect key rice root morphological and anatomical
traits influencing methane emissions, validated using a support vector machine. We report models which accurately classified high and low
methane-emitting varieties with 98% (morphological) and 94% (anatomical) accuracy. These models effectively distinguished methane emis-
sion categories based on intrinsic trait patterns. Machine learning analysis highlighted the top 10 morphological and anatomical traits asso-
ciated with methane emission levels. High methane-emitting varieties were characterized by lower middle root porosity, base root porosity,
average root porosity, root diameter (RDia), and higher S-type lateral root length. Conversely, low methane-emitting varieties exhibited lower
root number, tiller number, root dry weight, leaf number, and higher RDia. Anatomically, high methane-emitting varieties showed reduced
lacunae number, total stele area, mean metaxylem size, metaxylem number, and metaxylem vessel area. Low methane-emitting varieties, in
contrast, had higher percent aerenchyma, total stele area, ratio of total cortical area to root cross-section area, ratio of stele to root cross-section
area, and aerenchyma area. The results suggest that the rhizosphere oxygenation role of root porosity and aerenchyma might predominate over
the methane transport role.

Keywords: methane emission; high methane-emitting rice variety; low methane-emitting rice variety; morphological traits; anatomical traits;
machine learning; model

1. INTRODUCTION

Rice (Oryza sativa L.) farming is widely acknowledged as a ma-
jor source of methane, a potent greenhouse gas. Estimates of
methane output from rice paddies worldwide range between

thought to significantly contribute to this process (Das and
Baruah 2008a, 2008b, Qin et al. 2015, Su et al. 2015) primarily
due to their well-developed aerenchyma; specialized gas-
conducting tissues found in the leaves, stems, and roots that fa-

493 and 723 million tons of CO,-equivalent annually
(Edenhofer et al. 2014), representing about 30% of global agri-
cultural methane emissions (Gupta et al. 2021). Rice plants are

cilitate the internal transport of gases within the plant (Colmer
2003b). A significant share of methane emissions is thought to
occur through the plants via aerenchyma in rice roots, with

© The Author(s) 202S. Published by Oxford University Press on behalf of the Annals of Botany Company.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits

unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

G20z JoquwanoN €0 uo Jasn 31N LILSNI HOYYISTY F0IY TYNOILYNYILNI [4H1 Ad 0259/28/.104e1p/z/./2101e/s)ue|dodl|isul/wod dnoolwapede//:sdny Woly papeojumoq



2 « Royetal

60%-98% of methane reported to be emitted through the aer-
enchyma route into the atmosphere (Denier van der Gon and
Neue 1996, Butterbach-Bahl et al. 1997b, Wassmann et al.
2000, Philippot et al. 2011, Wang et al. 2017). Methane emis-
sion levels have been reported to differ among rice cultivars,
which might be a key consideration towards emission reduction
(Qin et al. 20185, Su et al. 2015); across studies in different lo-
cations, some varieties consistently released lower levels of me-
thane compared to others grown under similar conditions
(Butterbach-Bahl et al. 1997a, Shin and Yun 2000, Singh et al.
2003, Lou et al. 2008, Baruah et al. 2010, Ghani Nugroho
et al. 1997). Therefore, classification of rice varieties as low or
high methane-emitting was possible.

A number of plant characteristics specific to the rice variety
may be associated with methane emissions. Morphological (Ma
et al. 2010), physiological (Jiang et al. 2019), and anatomical
(Das and Baruah 2008c) features have all been proposed as fac-
tors influencing methane emissions from rice fields, although
findings across studies have not always been consistent. For ex-
ample, rice varieties with smaller xylem vessels were identified
as low methane-emitting (Bharali et al. 2017b). Traits such as
leaf number, leaf area, root volume, root length, root number,
and tiller number have shown positive correlations with me-
thane emissions (Das and Baruah 2008a), along with total plant
biomass (Sass et al. 1990, Cao et al. 1996, Huang et al. 1997).
Moreover, hybrid rice varieties have been reported to produce
50%-60% more above-ground biomass than traditional inbred
varieties, which may enhance oxygen supply in the root zone
and thereby promote methane oxidation in the soil (Ma et al.
2010). On the other hand, some studies have observed that cer-
tain traits can contribute to decreasing methane emissions, in-
cluding increased root length, root biomass, root dry weight, as
well as enhanced root oxidation capacity, and radial oxygen loss
(Chen et al. 2019), along with greater total and active absorb-
ing surfaces (Zhang et al. 2019). Photosynthesis is also thought
to influence methane production in rice paddies, as carbon
compounds generated during photosynthesis serve as sub-
strates for methanogenic microorganisms in the root zone
(Das and Baruah 2008a). Additionally, specific root exudates,
such as malic acid, succinic acid, and citric acid, have been re-
ported to support the growth and activity of methanotrophic
bacteria, thereby aiding methane oxidation in the rhizosphere
(Chen et al. 2019, Zhang et al. 2019).

Oxygen availability in the rhizosphere plays a crucial role in
regulating methane production; as such, root traits associated
with oxygen transport are likely important determinants of me-
thane emissions in rice (Jiménez and Pedersen 2023). Radial
oxygen loss (ROL) enhances aerobic conditions around the
roots, and rice varieties characterized by a greater root diam-
eter, biomass, number, and porosity tend to release more oxy-
gen into the surrounding soil (Li and Wang 2013). A negative
relationship between methane emissions and both root poros-
ity and oxygen release capacity has been reported (Fang et al.
2021). Rice varieties that exhibit elevated ROL levels have
been found to emit less methane (Duyen et al. 2022), likely
due to improved oxygen diffusion in the rhizosphere, which in-
hibits methanogenic activity (Duyen et al. 2022). Furthermore,
ROL was positively linked with root traits including a higher
number of roots per plant, increased root tips, and larger root

volume (Zheng et al. 2018). Consistent findings by Chen
et al. (2019) indicated that rice varieties having greater root
dry weight, length, oxidation potential, and ROL tended to pro-
duce lower levels of methane. These root traits likely facilitate
more efficient oxygen transfer into the soil, thereby promoting
methane oxidation. Increased root biomass and porosity were
reported to improve oxygen availability in the rhizosphere, con-
tributing to reduced methane emissions (Li et al. 2022). More
recently, Qi et al. (2024) reported that rice varieties with great-
er root porosity and oxygen release capacity emitted significant-
ly less methane. In contrast, the formation and structural
characteristics of aerenchyma in rice roots and shoots are crit-
ical in regulating the plant's capacity to transport methane
from the rhizosphere the atmosphere. Aulakh et al. (2000) re-
ported that rice cultivars with more extensive aerenchyma net-
works exhibited significantly higher methane emissions, which
was attributed to enhanced internal gas transport pathways.
Supporting this, Aulakh et al. (2001a, 2001b) found that culti-
vars with larger aerenchyma lacunae possessed greater methane
transport capacities, emphasizing the influence of anatomical
features on gas exchange efficiency. Furthermore, aerenchyma
formation is reportedly modulated by soil redox potential,
with reduced (more anaerobic) conditions stimulating in-
creased development of these tissues, thereby facilitating great-
er methane release from soil to the atmosphere (Kludze et al.
1993). In addition to anatomical traits, morphological charac-
teristics also impact methane dynamics; Das and Baruah
(2008b) reported that rice varieties with greater leaf area and
tiller numbers—traits associated with higher aerenchyma dens-
ity—tended to emit more methane, highlighting the integrated
role of plant structure in methane emission processes.

These contrasting reports highlight how, despite the long list
of potential traits responsible for rice methane emissions, there
are distinct controversies in defining the traits responsible for
genetic variation resulting in the classification of rice varieties
as high and low methane-emitting. This lack of clarity may be
in part due to the design of previous methane studies, for which
the test varieties were selected without knowing whether they
were high or low methane-emitting, and a relatively high
methane-emitting variety in one study might be considered a
low methane-emitting variety in another depending on the oth-
er entries in the study. Furthermore, differences in site charac-
teristics and interactions among traits may affect methane
emissions results among studies. Previous studies characteriz-
ing rice genetic variation in methane emissions have included
comparisons of traditional and improved varieties (Aulakh
et al. 2000, Das and Baruah 2008a, 2008c) wetland species
(Lai et al. 2012), high-yielding summer rice varieties (Bharali
et al. 2017b), high yielding and low yielding rice varieties
(Jiang et al. 2017, Bharali et al. 2017a) improved inbred var-
ieties (Huang et al. 1997), and indica, japonica, and hybrid
rice varieties (Ma et al. 2010, Chen et al. 2019).

An experimental design aimed specifically to contrast the traits
exhibited by high and low methane-emitting varieties may result
in a more clear distinction between the two varietal groups. In
our study, we used 14 varieties that had been reported as high
methane-emitting and 11 varieties that had been reported as
low methane-emitting in previous studies (Table 1). Given the
lack of consensus in the literature regarding which plant traits
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Table 1. List of varieties used in this study that were classified as high and low methane emitting.

SL no. Name IRGC no. Source country Status of methane emission References

1 Monohar sali 47107 India High Gogoi et al. (2008)

2 Ratna 78608 India High Adhya et al. (1994)

3 Pusa-33 74331 India High Singh et al. (1997)

4 Pusa-169 74332 India High Singh et al. (1997)

S Mahsuri 52696 Malaysia High Baruah et al. (2010)

6 Della 117706 USA High Ding et al. (1999)

7 Maybelle 78629 USA High Lindau et al. (1995)

8 Tebonnet 66760 USA High Lindau et al. (1995)

9 Mars 38541 USA High Lindau et al. (1995), Ding et al. (1999)
10 Cisadane 69983 Indonesia High Setyanto et al. (2004)

11 Membramo — Indonesia High Setyanto et al. (2004)

12 Way Apo Buru — Indonesia High Setyanto et al. (2004)

13 Dular 10615 India High Wang et al. (1997)

14 Annada 120710 India High Adhya et al. (1994)

15 Lemont 117802 USA Low Ding et al. (1999)

16 Labelle 24274 USA Low Ding et al. (1999)

17 Dawn 2026 USA Low Ding et al. (1999)

18 Katy 126386 USA Low Ding et al. (1999)

19 Lebonnet 24275 USA Low Ding et al. (1999)

20 IR 36 30416 Philippines Low Ding et al. (1999), Gogoi et al. (2008)
21 Cypress 124359 USA Low Ding et al. (1999), Lindau et al. (1995)
22 Bengal 126402 USA Low Lindau et al. (1995)

23 Lacassine 122146 USA Low Lindau et al. (1995)

24 IR72 76330 Philippines Low Wang et al. (1997)

25 IR64 116793 Philippines Low Setyanto et al. (2004), Gorh and Baruah (2019)

most strongly influence methane emissions, our objectives were
to (i) investigate the morphological and anatomical differences
in high vs low methane-emitting varieties, (ii) introduce signifi-
cant traits in high/low methane-emitting varieties based on mor-
phological and anatomical traits, and (iii) design a robust model
for predicting and classifying high/low methane-emitting rice
varieties based on morphological and anatomical characteristics
through machine learning approaches.

2. MATERIALS AND METHODS

2.1 Selection of high and low methane-emitting varieties

Rice varieties were selected based on information from pub-
lished studies (Supplementary Table S1). All experiments
had been conducted under continuous flooding conditions,
typically beginning after plant establishment and maintaining
5-10cm of standing water throughout the growing
period. We prioritized sources that categorized varieties as
high or low methane-emitting based on multi-seasonal
comparisons—such as the studies by Ding et al. (1999) and
Gorh and Baruah (2019)—or across different soil types, as re-
ported by Singh et al. (1997) and Ding et al. (1999). Preference
was also given to varieties consistently categorized across mul-
tiple sources. For example, the variety ‘Mars’ was identified as
high methane emitting by both Lindau et al. (1995) and
Ding et al. (1999). Similarly, TR36’ was consistently reported
as low methane emitting in the studies by Ding et al. (1999),
Adhya et al. (1994), and Gogoi et al. (2008). ‘Cypress’ was
also classified as low methane-emitting by both Ding et al.
(1999) and Lindau et al. (1995). Although methane emission
levels varied across years, experiments, and soil types, the

overall trend remained consistent in the high and low
methane-emitting varieties. Availability of the varieties in the
IRRI Genebank was also a key consideration for selection.

2.2 Experiment setup and data preparation

Fourteen and eleven rice varieties that were previously classi-
fied as high and low methane-emitting, respectively
(Table 1), were grown in a greenhouse study at the
International Rice Research Institute (IRRI), Los Bafios,
Laguna, Philippines. The seeds were provided by the IRRI
Genebank. Four kilograms of sandy loam soil containing 14%
moisture was filled into 6-1 green pots, with 2.5 g of complete
fertilizer (14:14:14-NPK) mixed with the soil in each pot.
The experiment was conducted in a completely randomized de-
sign (CRD), with each rice variety replicated three times (one
plant per pot). Throughout the experiment, temperature and
relative humidity were monitored using a HOBO Pro v2
U23-001A datalogger (Onset USA).

2.3 Morphophysiological traits

Twenty morphophysiological traits (Table 2) were measured
on three replicate plants per variety. Non-destructive chloro-
phyll content index (CCI: CCM-200, Apogee Instruments),
was measured at three different positions on each leaf.
Stomatal conductance (CD) and photosynthesis measure-
ments (portable photosynthesis system, LI-6400) were per-
formed on the two youngest, healthy, and fully expanded
leaves from each plant. Prior to harvest, tiller number (TN),
and leaf number (LN) per plant were recorded.

Sampling of root and shoot tissue was based on the expected
time of peak methane emissions. Two major peaks of methane
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Table 2. Morphological and anatomical traits measured on 14 and 11 rice varieties previously classified as high and low methane-emitting,

respectively.

SL Morphophysiological traits

Anatomical traits

no.

1 Base Root Porosity (BP) Root Cross-section Area (RXSA-mm®)

2 Middle root Porosity (MP) Total Cortical Area (TCA-mm?)

3 Tip Root Porosity (TP) Total Stele area (TSA-mm?)

4 Average Root Porosity (RP-Average of Base, Middle and Tip Root  Ratio of Total Cortical Area to Stele Area (RCS)
Porosity)

) Root Diameter (Rdia-mm) Ratio of Total Cortical Area to Root Cross-Section Area

(RCXS)

6 Root tips (Tips) Ratio of Stele to Root Cross-Section Area (RSXS)

7 Total Root Length (TRL-cm m™?) Aerenchyma Area (AA-mm?)

8 Percent S-Type Lateral Root (STLR) Percent Live cortical Cell (PLCC- Unbroken cortical cell)

9 Percent L-Type Lateral Root (LTLR) Percent Aerenchyma (PA)

10 Percent Lateral Root (PLR)
11 Percent Nodal Root (PNR)
12 Leaf Number (LN)

13 Tiller Number (TN)

14 Nodal Root Number (RN)

15 Shoot Dry weight (SD-g)

16 Root Dry weight (RD-g)

17 Root Shoot Ratio (RSRatio)

18 Stomatal Conductance (CD)

19 Chlorophyll Content Index (CCI)
20 Photo Synthesis (PTS)

Metaxylem Vessel Area (MXVA-mm?®)

Percent Metaxylem Vessel Area in Stele Area (PMXVAS)
Percent Metaxylem Vessel Area in Root Cross-Section Area
(PMXVA-XSA)

Mean Metaxylem Size (MMXS-mm”)

Metaxylem Number (MXN)

Lacunae Number (LAN)

These traits were subsequently used in a machine-learning model to identify which traits might be most responsible for those classifications.

emission that have been reported from rice fields, (i) at max-
imum tillering and (ii) at panicle initiation to flowering
(Gogoi et al. 2005, Islam et al. 2019, Wang et al. 2021,
Tamilmounika et al. 2024). Since our experiment was directly
seeded after germination, we expected the plants to reach max-
imum tillering stage around 45 days after sowing. Therefore the
sampling of root and shoot tissue was conducted at 45 days
after sowing. The shoots of all plants were sampled by cutting
them from the base of the plant and placing them in paper bags.
After collecting the shoots, the pots containing roots and soil
were placed under gently running tap water to wash away the
soil. The roots were handled carefully during washing to avoid
any damage. The six longest intact nodal roots extending from
base to apex were sampled from each plant. These were divided
into two plastic bags, with three roots in each, and preserved in
50% ethanol. The remaining roots were also preserved in 25%
ethanol in a plastic bag. All root samples were stored in a cold
room (4°C) until further processing.

Nodal root number was counted in the laboratory after
washing the roots. The earlier preserved three roots from
each plant were scanned to obtain an 8-bit greyscale image us-
ing an Epson Perfection 7000 scanner at a resolution of 600
dots per inch. All lateral roots were well spread out in the scan-
ning tray so that the number of tips could be detected. The im-
ages were analysed using the root system analysis software
(WinRHIZO 2004b, Regent Instruments, Inc., Quebec,
Canada) to generate other root morphological traits (Table 2).

The remaining three nodal roots were used to measure the
root porosity at different positions: base root porosity (BP),
middle root porosity (MP), and tip root porosity (TP). We
used 3-cm segments (with lateral roots excised) from the nodal

root base, middle, and tip to measure the root porosity.
Three-centimetre segments were taken 1 cm away from the
base for BP, from the midpoint of the root for MP, and
0.5 cm away from the tip for TP. Each segment was cut into ap-
proximately four equal parts to fit into a 0.5 ml Eppendorf mi-
crofuge tube for vacuum infiltration. Porosity was measured
using the microbalance method (Visser and Bégemann
2003). The six roots selected for morphological and anatomical
analysis were then combined with the remaining root samples.
Shoots and roots from each plant were then dried in an oven at
70°C for S days to determine shoot dry weight (SD, g) and root
dry weight (RD, g).

2.4 Anatomical traits

Fifteen anatomical traits (Table 2) were taken from two roots
per plant from two replicate plants. Nodal roots (two roots per
plant) were cross-sectioned by hand at S cm from the base into
thin sections using a surgical blade under a stereomicroscope.
The sections were stained with 1% (v/v) acridine orange for
20-25s and cleaned with 2-3 drops of clearing solution
(70% autoclaved glycerol). Each cross-section was imaged
under a compound microscope with a digital camera (Nikon
DS-Ri2, Nikon, Nikon Instruments Inc. Melville, NY, USA)
under 5X and 10X objectives. The cross-section images were
analysed by the anatomical trait analysis software
RootScan.2.4 (Burton et al. 2012). Ten images per replication,
for a total of SO0 images, were analysed from S50 plants.
Anatomical trait computation details are provided in
Supplementary Table S2, Figs S2 and S3. ANOVA and correl-
ation analysis of root porosity, morphological, and anatomical
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Figure 1. Overview of the development of a machine-learning model to pinpoint the key contrasting traits between high and low
methane-emitting rice varieties. Four main steps, composed of reading, pre-processing, feature selection/association rule mining, and
classification were applied to morphological and anatomical features. (1) In the reading step, morphological and anatomical results from a
greenhouse study were used. (2) The pre-processing step encompassed two sub-steps, cross-validation and normalization. (3) The feature
selection step was employed by association rule mining approach on morphological and anatomical features, separately, and sort the features
based on their impact on the high/low methane emission labels. (4) The SVM classifier model was utilized to classify high and low methane
emission features based on the provided features from the previous step.

traits were conducted in R v. 4.4.2 (R Core Team 2024) using
the libraries agricolae and corrplot.

2.5 Machine learning procedures

The development of the machine-learning model involved four
key steps: loading/reading, pre-processing, feature selection,
and classification, as illustrated in Fig. 1. Within the first and se-
cond steps, morphological and anatomical datasets were indi-
vidually pre-processed. During the feature selection step,
irrelevant and redundant traits were filtered out using the asso-
ciation rule mining algorithm (Agrawal et al. 1993) allowing for
the identification of the most significant features that differen-
tiate high and low methane-emitting rice varieties. These se-
lected features were then used to train a classification model
to distinguish between the two groups. Python v. 3.11.9 served
as the primary programming language, using libraries Numpy,
Matplotlib, Pandas, MLXtend, and Scikit-learn to build and im-
plement the machine learning algorithms, as well as to generate
the related figures.

2.6 Loading/reading and pre-processing
Separate pre-processing procedures were applied to the mor-
phological and anatomical datasets, which included data organ-
ization, cross-validation, and normalization. Initially, the

datasets were structured into matrices with rows corresponding
to features and columns corresponding to samples. Next, the
hold-out cross-validation approach was utilized to divide the
data into training and testing subsets. For normalization,
both z-score standardization and min—-max scaling were imple-
mented using Equations 1 and 2, respectively. These normaliza-
tion techniques were selectively applied during the feature
selection and classification steps, depending on the specific re-
quirements of the algorithms employed.

1

= m(x—Min) (1)

y

y="£ (2)

In Equations 1 and 2, x represents the original feature value,
while y denotes the normalized value. The parameters 4 and
o correspond to the mean and standard deviation of x, respect-
ively, whereas Min and Max indicate the minimum and max-
imum values of x, in that order.

2.7 Feature selection

Feature selection (FS) is a crucial step in machine learning and
pattern recognition, as it can enhance classification accuracy or
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reduce regressor error (Ferreira and Figueiredo 2012). Since
some features are irrelevant and redundant in real data concern-
ing a given learning task, it is useful to filter out these features by
extracting the most relevant subset of features. This process can
help avoid over-fitting and accelerate the training process
(Bommert et al. 2020). In this study, we applied association
rule mining as the feature selection technique, treating morpho-
logical and anatomical data independently. This method en-
abled us to isolate strongly discriminative features, uncovering
potential patterns and relationships among variables, which
the classifier model later used for effective group differentiation.

2.8 Association rule mining

Association rule mining is a powerful technique used to un-
cover meaningful relationships among items within a dataset.
An association rule is generally expressed in the form
A — C, where A (Antecedent) and C (Consequent) represent
conditions or outcomes. When A is treated as one or more fea-
tures and C as either additional features or a user-defined
phenotype, the method can reveal significant associations be-
tween features or between features and phenotypes. This makes
it a suitable approach for identifying key features from a broad-
er set of candidates. In our study, the association rule mining
algorithm was applied to the candidate feature set. To support
this process, we utilized fundamental metrics such as Support,
Confidence, and Lift which are central to evaluating the
strength and relevance of the discovered rules. Let I=
{i1. iz. ...iq .y} be a set of items, D={d;. d5. ....d,} be a
dataset of n instances, F={f. f,. ....fu} be the features
space with m features, and Y ={0. 1} be the user-defined
phenotype. The d; can be presented as a tuple (X;. y;), where
X, € fiXfpX...Xfy, andy; €Y. Also, A — C is an associ-
ation rule, where A C I, C C I, and A N B= ¢. The support of
rule A — Cis a probability of instances contain both A and C,
as shown in Eq. 3. Support evaluates the rule’s usefulness.

(3)

In Equation 4, Support(A) =|{ dj|A C X;. d; € D}| is the
number of instances that includes the i itemset. The confidence
of rule A — C is the probability, which shows the frequency
of cases with C among all samples that contain A, as shown
in Eq. 4. Confidence estimates the rule’s certainty.

S t(AU C
Support(A — C) = M.
n

Support(A U C)

onfidence(A — C) = P(C|A) Support(A)

(4)
The Lift of rule A — C determines the dependency between
the occurrence of itemset A and C. When the Lift value is
more (less) than one, the occurrence of A is positively (nega-
tively) correlated with the occurrence of C. If the Lift value is
equal to one, then A and C are independent. The Lift value is
shown in Equation S.

P(AUC)

Lift(A — C) = PAYP(C)’

(%)
Association rule mining typically involves two primary steps: gen-
erating frequent itemsets and creating association rules. In the
first step, the algorithm iteratively identifies itemsets and those

with support values exceeding a predefined threshold (min_sup-
port) are considered frequent. The second stage focuses on gen-
erating association rules based on these frequent itemsets. One of
the earliest algorithms to effectively implement this approach was
the Apriori algorithm, introduced by Agrawal et al. (1996), which
utilizes the principle of frequent itemsets for rule extraction.

In the present study, we adopted the FP-Growth algorithm
for association analysis, which is widely regarded as an efficient
approach due to its ability to traverse the itemset space in a sin-
gle pass, offering advantages in computation time and memory
efficiency (Han et al. 2004). Detailed pseudo-code for the
FP-Growth algorithm is presented in Tables 3 and 4.

2.9 Classification step

Classification is a fundamental component of many machine
learning applications, where the model is trained to differenti-
ate between data categories based on selected input features.
Distinction is achieved by establishing either linear or non-
linear boundaries. The effectiveness of the classification model
reflects how well it separates the defined classes. Strong classi-
fier model performance is indicated by the chosen features pos-
sessing meaningful discriminative power—in the case of this
study, for identifying methane emission levels—the classifica-
tion accuracy is not negatively impacted by removing less rele-
vant features (Lecun et al. 2015). For this purpose, we utilized a
robust classification algorithm—SVM—due to its effectiveness
in handling highly dimensional data and complex boundaries.

Initially, the SVM model was trained using the designated
training dataset. Following the training step, the model’s classi-
fication performance was estimated: classification accuracy and
the area under the receiver operating characteristic curve
(AUC-ROC) were defined in Equation 6.

TP + TN
Accuracy = X 100 (6)
TP + FN + FP + TN

where TP, TN, FP, and FN are true positive, true negative, false
positive, and false negative, respectively. AUC-ROC is the area
under the receiver operating characteristic (ROC) curve.

3. RESULTS

Throughout the greenhouse experiment, the mean temperature
was recorded at 26.8°C, while the average humidity was 76.9%,
and all varieties grew well under those conditions
(Supplementary Fig. S1). Among the locations along the root
axis from which root porosity (RP) was determined, a greater
degree of porosity was seen at the nodal root base and middle
section and least at the root tip (Fig. 2A). However, all
porosity-related traits (porosity, root diameter, % aerenchyma,
and number of lacunae) were positively correlated (Fig. 2B).
The machine learning workflow consisted of four core
stages: data loading, pre-processing, feature selection, and clas-
sification (Fig. 1). During processing, 20 morphological traits
from 75 samples were organized into a matrix with 20 rows
and 75 columns. Anatomical data comprised 13 traits obtained
from 50 samples and were arranged in matrix format as well.
Both datasets were split into training and testing subsets using
the hold-out cross-validation method, with a 70%:30% ratio. To
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Table 3. Pseudocode of frequent itemset generation step in FP-Growth algorithm.

Algorithm: Frequent itemset generation in FP-Growth algorithm

Input: A database DB, represented by FP-tree constructed, and a minimum support threshold &.

output: The complete set of frequent patterns
Method: FP-growth (Tree, o)

(1) if Tree contains a single prefix path, then://Mining single prefix-path FP-tree

(2) let P be the single prefix-path part of Tree;

(3) let Q be the multipath part with the top branching node replaced by a null root;
(4) for each combination (denoted as 8) of the nodes in the path P do:
(s) generate pattern f U a with support = minimum support of nodes in f;

(6) let freq_pattern_set(P) be the set of patterns so generated;

(7) end for
(8) else let Q be Tree:
9) for each item ai in Q do://Mining multipath FP-tree

(10) generate pattern f = 4; U a with support = a;.support;

(11) construct ’s conditional pattern-base and then B’s conditional FP-tree Treef;
(12) if Treef = @ then:

(13) call FP-growth (Treef, B);

(14) let freq_pattern_set(Q) be the set of patterns so generated;

(15) end if

(16)  end for

(17) end if

(18) return (freq_pattern_set(P) U freq pattern_set(Q) U (freq_pattern_set(P) X freq_pattern_set(Q)))

Table 4. Pseudocode of rules generation step in FP-Growth
algorithm.

Algorithm: Rules generation in FP-Growth algorithm
Method:

(1) For each frequent itemset k-itemset F, k > 2 do:
(2) H, ={ili € F};//1-item consequents of the rule.
(3) call rules_generator (Fy, H,);

(4) End for

Procedure rules_generator (Fy, H,,)

(1) k= |F|;//size of frequent itemset

(2) m = |H,|;//size of rule consequent

(3) if k>m+1 then:

(4) H, =m+1-item consequents generated from H,,;
(5) Foreach h,, € H,,; do:

. _ Support(F)
(6) Confidence = 7Supportm_1§mﬂ).;

(7) if Confidence > min_confidence then:

(8) output: the rule (Fy — hyy1) = Hpiss
9) Else:

(10) delete h,,,, from H,,, ;

(11)  Endif

(12) End for
(13) call ap-genrules(Fy, H,,,1)
(14) End if

standardize the data, min-max normalization was applied based
on statistics derived from the training set.

Once the pre-processing was complete, feature selection was
conducted separately for the morphological and anatomical da-
tasets. Through association rule mining, meaningful patterns
were identified, including relationships between features (mor-
phological/anatomical) and between features and the target
variable (high/low methane-emitting levels). Significant traits
were determined based on their frequency in the generated
rules (Figs 6A and 7A), helping to highlight their importance
in distinguishing between high and low methane-emitting
rice varieties. For the morphological and anatomical datasets,

five key features associated with classification as high or low
methane-emitting were identified. The association rules deter-
mining that their consequent part is equal to classification as
high/low methane-emitting were called high/low methane-
emitting association rules. All morphological/anatomical fea-
tures resulting from low and high methane-emitting rules based
on repeat counts are shown in Supplementary Table S3. The
algorithm parameters were set to a minimum-support threshold
of 0.1 and a lift value of 1.1.

Spearman correlation analysis identified distinct morpho-
logical and anatomical traits that significantly differentiated
high and low methane-emitting rice varieties (Figs 3A and
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4A). The robustness of these correlations was further sup-
ported through rule strength metrics-support, lift, and
confidence-derived from both morphological and anatomical
datasets (Figs 3B and 4B). High methane-emitting varieties
were strongly associated with specific morphological traits, in-
cluding lower MP, BP, RP, and Rdia values, and higher STLR.
Similarly, high methane-emitting varieties were strongly linked
to anatomical traits such as reduced LAN, TSA, MMXS, MXN,
and MXVA. In contrast, low methane-emitting varieties were
closely associated with morphological traits such as lower
RN, TN, RD, and LN, along with higher RDia. Low
methane-emitting varieties also showed strong associations

with anatomical traits, including elevated values of PA, TSA,
RCXS, RSXS, and AA. These associations were prominently vi-
sualized in network graphs, where trait connections reflected
their frequency in rules associated with methane emission levels
(Figs 3C/D and 4C/D).

During the classification step, the selected morphological
and anatomical traits were evaluated for their ability to distin-
guish between high and low methane-emitting groups. The
strong associations between morphological and anatomical
traits and methane emission levels were further supported by
box plot analyses, where comparisons of medians, interquartile
ranges, and whiskers revealed clear distinctions between high
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Figure 3. (A) Heatmap plot based of Spearman correlations among significant morphological features (B) association rules according to their
support, lift, and confidence. Graph network of top morphological features with high repeat count in (C) high methane-emitting and (D) low
methane-emitting association rules. The most frequent morphological features were displayed with the weight edge based on repeat counts.
Darker colours of the circle (C and D) indicate a stronger correlation with classification as either high or low methane-emitting.

and low methane-emitting rice groups (Fig. S). These findings
were reinforced by violin plots, which consistently highlighted
the same five key morphological and anatomical traits differen-
tiating high and low methane-emitting varietal groups
(Supplementary Fig. S4).

A SVM model with both radial basis function (rbf) and linear
kernels was employed to assess the discriminative power of these
features. The selected morphological features could classify the
high and low methane-emitting varietal groups in the train/test
set with high accuracy (98%/100%) and AUC (0.98/0.95).
For the anatomical traits, the selected features could also classify
the high and low methane-emitting varietal groups in the train/
test sets with high accuracy (89%/93%) and AUC (0.94/0.90).
The confusion matrix and ROC curve of the train/test sets are
illustrated in Figs 6B,C and 7B,C, respectively. The pair plot of
top morphological and anatomical features is illustrated in
Supplementary Figs SS and S6, respectively.

Among morphological features, MP and RN were the most
frequent itemset with 2246 and 4962 repeat counts in the

high and low methane-emitting association rules, respectively.
As a result, we used other association rules to investigate their
relations with other features. Based on association rules in the
graph network, it is obvious that lower MP, the most frequent
feature in the high methane association rules, had a high de-
pendency on BP, RP, RN, PTS, STLR, Rdia, TP, and
RSRatio (Fig. 8A). RN, the most frequent feature in the low
methane association rules, had a high dependency on RDia,
TN, MP, RP, STLR, TP, LN, RSRatio, Tips, and RD (Fig. $B).

Among anatomical features, lower values of LAN and higher
values of PA were the most frequent itemset with 1420 and 90
repeat counts in high and low methane-emitting association
rules, respectively. Lower values of LAN, the most frequent fea-
ture in the high methane-emitting association rules, had a high
dependency on PLCC, TSA, AA, RCS, MMXS, MXN, and
MXVA (Fig. 9A). Higher values of PA, the most frequent fea-
ture in the low methane-emitting association rules, had a high
dependency on TCA, RXSA, AA, RSXS, RCXS, TSA,
PMXVAS, MXN, PLCC, and LAN (Fig. 9B).
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4. DISCUSSION

This study combined morphological and root anatomical charac-
terization of rice varieties that had been previously classified as
high or low methane-emitting, with machine learning approaches
to identify which traits might be most responsible for those clas-
sifications. Through Association Rule Mining, 10 morphological
and 10 anatomical traits emerged as the most frequently recurring
features, suggesting their strong relevance in differentiating be-
tween high and low methane-emitting varieties. A selected set
of morphological traits successfully distinguished the high from
low methane-emitting varieties in train/test data with high accur-
acy in both training and testing datasets (95% and 98%, respect-
ively; Fig. 6C). Likewise, a set of anatomical features achieved
strong classification performance, with accuracy of 94% for train-
ing data and 90% for testing data (Fig. 7C).

The traits and correlations identified by association rule min-
ing analysis allowed us to characterize the high and low
methane-emitting varieties into general plant types. High

methane-emitting varieties were characterized as having less
porous, smaller diameter nodal roots, and more fine lateral
roots. Low methane-emitting varieties were characterized as
having fewer nodal roots and tillers, and larger-diameter nodal
roots with greater aerenchyma formation.

Our analysis is based on several methodological assumptions
that warrant consideration when interpreting the results. A cen-
tral assumption is that the varietal classifications of low and
high methane-emitting from the previous studies are robust.
These varietal classifications have generally not undergone ex-
tensive confirmation, and the varieties classified as low and high
methane-emitting were not necessarily identified from the same
study (Table 1, Supplementary Table S1). Therefore it may
have been preferable to validate the varietal classifications of
previous studies through multi-season field trials prior to selec-
tion. However, there were several advantages of our approach:
more varieties could be included than in a typical methane
emissions field trial, we were able to take advantage of existing
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to 1 by the min-max method.

data, and varieties classified as high- or low-emitting across dif-
ferent environments could be included.

We also assume that the root measurements collected during
the greenhouse experiment are representative of the actual root
systems present in the field at the time of methane emissions
monitoring. This assumption is particularly important, as prac-
tical constraints often prevent the simultaneous measurement of
both root traits and gas fluxes. These assumptions support the
application of a machine learning approach in our study. By le-
veraging complex, multivariate patterns in the data, machine
learning models enable us to explore nonlinear relationships be-
tween root traits and methane emissions that may be obscured
by traditional statistical techniques. However, the strength of
our model’s predictions is inherently tied to the validity of the

aforementioned assumptions. Furthermore, there may be inter-
esting interactions between anatomical and morphological fea-
tures that affect methane emissions, for example between
nodal root length (depth of penetration into the soil) and por-
osity (e.g. Jiménez and Pedersen 2023). Future work could in-
corporate a combined model to evaluate such possible effects.

4.1 Morphological traits
All five identified morphological features for high methane-
emitting varieties were directly or indirectly related to average
root diameter (RDia) and root porosity (RP). RDia is the aver-
age diameter of all L-type lateral roots (LTLR), S-type lateral
roots (STLR), and nodal roots (RN). Although their diameter
is small, fine lateral roots have a large effect on average root
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diameter since the length of lateral roots is typically much great-
er than that of the nodal roots (Yanai et al. 2013). Therefore,
the percent S-type lateral roots (STLR) was negatively corre-
lated with average Rdia. RP was positively correlated with
RDia, BP, and MP as well as BP and MP positively associated
with each other (Fig. 3A). STLR was also negatively correlated
with BP, MP, and RP (Fig. 3A), which is in contrast with pre-
vious reports of aerenchyma promoting lateral root formation
(Niones et al. 2012). However, although the porosity measure-
ments in this study did not include lateral roots, a lower degree
of aerenchyma formation has been observed in S-type lateral
roots compared to L-type lateral roots and nodal roots
(Noorrohmah et al. 2020).

Root porosity (RP) is the ratio of the air-filled volume within
the root to the total volume, and is primarily influenced by pa-
rameters such as root diameter and the extent of aerenchyma de-
velopment (Justin and Armstrong 1987, Colmer 2003a).
Variation in porosity along the nodal root length reflects the pat-
tern of aerenchyma formation, which typically begins at the ap-
ical regions and progressively extends tower to the base
(Ranathunge et al. 2003), reaching full development at the basal
part (Armstrong and Armstrong 1994, Kozela and Regan 2003).

Our model predicted low RP (MP) to be most strongly asso-
ciated with high methane-emitting varieties (Fig. 8A). A more
porous root might reduce methane emissions from the rice field

by increasing the capacity to hold and carry gases, boosting O,
pressure to the root tip to diffuse into the rhizosphere. which is
constrained by the well-structured barriers to radial O, loss
(Ejiri and Shiono 2019). Thus, root porosity has a robust role
in radial oxygen loss into the rhizosphere (Luxmoore et al.
1970, Gutierrez et al. 2014). O, can mediate methane emissions
from paddy soil in terms of production and reduction. It in-
creases the availability of electron acceptors (NO; , FeJ, Mnj,
SO, ) by re-oxidizing the reduced form of methane in the rhizo-
sphere (Armstrong 1970, Trolldenier 1988, Revsbech et al.
1999, Van Der Welle et al. 2006, Yang et al. 2012) due to its
higher oxidation potential (Husson 2013). These electron ac-
ceptors raise the soil redox potential (Eh), which is toxic to
methanogens whose favourable habitat is more reduced
(=105mV) Eh (Wang et al. 1993, Xu et al. 2003).
Consequently, methane production becomes hindered by the
presence of O, in the rhizosphere. In addition, O, can create
a favourable environment for methane-consuming methano-
trophs, which can consume 80%-90% of produced methane
at the rhizosphere by oxidizing methane to methanol, formalde-
hyde, formate, and finally CO, (Hanson and Hanson 1996,
Bowman 2006), thereby decreasing methane emissions from
rice fields. Among the traits measured in this study, a lower
MP was ranked as the top trait related to high methane-emitting
varieties (Fig. 8A), which may be due to its limited contribution
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Figure 7. The performance of feature selection and classification steps in the anatomical data. (A) Bar plot of candidate morphological high/
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to root porosity, O, holding, and transporting capacity to rhizo-
sphere that demands further validation.

The possible relationship of RD and RN with methane-
emitting classification observed here has been reported previ-
ously (Aulakh et al. 2001a). RN, which our model identified
as most strongly related to low methane-emitting varieties,
was positively correlated with TN, RD, and LN (Fig. 3A). It
has been reported that aboveground and belowground biomass
had a significant role in methane emissions, which may be due to
their role in providing substrates for methanogen activity via
photosynthesis and root exudation of assimilates. Root exudates
are a major carbon source of the rhizobiome, including meth-
anogenic bacteria which produce methane (Qi et al. 2024).
The top ranking of lower nodal root number (RN) among traits
associated with low methane-emitting varieties may suggest that
reduced numbers of roots may contribute to lower methane
emissions by limiting the release of root exudates and decreasing
the efficiency of methane transported from the soil to the atmos-
phere (Aulakh et al. 2001b).

4.2 Anatomical traits
The top five anatomical traits identified to be associated with
high methane-emitting varieties (LAN, TSA, MMXS, MXN,
and MXVA) and the top five traits associated with low

methane-emitting varieties (PA, TSA, RCXS, RSXS, and AA)
were directly or indirectly related to the identified key morpho-
logical traits root porosity (RP) and average root diameter
(Rdia) (Supplementary Fig. S2). In addition, these 10 anatom-
ical traits were the secondary variable (Supplementary
Table S2) generated from cross-section of the root, which
were linked to root diameter (RDia).

Aerenchyma is the main conduit for holding and carrying
gases as it is longitudinally developed throughout the root
(Colmer 2003b, Wang et al. 2017). It has been noted that
the increment of root porosity solely depended on increased
root diameter (Striker et al. 2007) as a greater level of aeren-
chyma area has been observed to develop in larger diameter
roots (Kirk 2003, Kim et al. 2018). In this study, aerenchyma
area (AA) was significantly and positively correlated with
root diameter and root porosity (Fig. 2B), further reflecting
the relationship between root diameter (size) and porosity
(as influenced by aerenchyma formation). Likewise, stele and
metaxylem size often reflect larger root diameters (e.g. Uga
et al. 2008), and were positively correlated with PA, AA,
LAN (Fig. 4A) in this study.

A well-developed aerenchyma network is known to facilitate
the bidirectional transport of gases enabling methane move-
ment from soil to the atmosphere and oxygen diffusion from
the atmosphere into the rhizosphere (Wassmann et al. 2000,
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Figure 9. Graph network of high and low methane-emitting rules for anatomical classes, respectively. (A) LAN-related association rules (with
lift > 1.7 and support > 0.22), in which the identified anatomical feature, its rules, highest repeat count feature (LAN) are presented. (B)
PA-related association rules (with lift > 1.7 and support > 0.29), in which the identified morphological feature, its rules, highest repeat count

feature (PA) are presented.

Mei et al. 2009, Win et al. 2012, Wang et al. 2017). In this study,
the lower LAN related to high methane-emitting varieties and
the higher PA related to low methane-emitting varieties sug-
gests that the role of aerenchyma in rhizosphere oxygenation
(decreasing the activity of methanogens) might predominate
over the role of aerenchyma in transporting methane from
the soil to the atmosphere.

S. CONCLUSIONS

The machine learning method presented here is a novel approach
to identify important morphological and anatomical characteris-
tics to differentiate high/low methane-emitting varieties. We iden-
tified trait patterns that appear to be related to varieties previously
reported to be high or low methane-emitting. Our methodology
separately identified 10 top morphological and anatomical
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characteristics with the highest effect on the varietal classification
of high or low methane-emitting. High methane-
emitting varieties were characterized as having less porous, smaller
diameter nodal roots and more fine lateral roots. Low
methane-emitting varieties were characterized as having fewer no-
dal roots and tillers, and larger-diameter nodal roots with greater
aerenchyma formation. These findings indicate that root traits
such as porosity, aerenchyma development and higher diameter
may play a more critical role in enhancing rhizosphere oxygen-
ation than in facilitating methane transport from soil to the atmos-
phere. This study serves as an initial step in applying machine
learning approach to explore the underlying mechanisms driving
methane emission in rice cultivation systems and varieties, since
several assumptions were made regarding the robustness of the
variety classification and the use of greenhouse-grown roots to re-
present field-grown roots. The models implemented here can help
deal with the inconsistencies and large degree of variability related
to methane and root measurements in rice paddy fields.
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