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Abstract

Plants exhibit highly plastic stomatal distributions on the leaf epidermis driven by environmen-
tal factors. However, methods to model this complex spatial organization as a global topological
system remain limited, as most existing tools focus on segmentation and counting. This study
proposes a graph-based classification framework to characterize these distributions. We use
stomatal centroids to construct networks and employ Life-Like Network Automata (LLNA) to
extract dynamical signatures from them. This approach simulates network emergent behaviours
to derive feature vectors based on optimized transition rules. Compared against traditional
network metrics and some graph-based algorithms, our results indicate that our proposed
method can effectively classify environmental stressors across the three studied species. In these
restricted data scenarios, the evaluated models achieved accuracies from 90.00 (£5.65)% to
95.47 (+4.61)%, outperforming the chosen traditional and graph-embedding techniques. We
present a pattern recognition framework capable of distinguishing environmental conditions
based on the stomatal topological distribution.

1. Introduction

Stomata are pores found on the surface of plant leaves that perform critical roles in gas
exchange and transpiration (Cowan & Troughton, 1971; Willmer & Fricker, 1996). Generally,
these structures are found on the leaf epidermis but can also be present on stems. Certain
phenotypes related to stomata, such as stomatal density (number of stomata per unit area)
and stomatal distribution, can adapt according to environmental variations (Hetherington &
Woodward, 2003), including fluctuations in CO; concentration, humidity and light expo-
sure (Cai & Cao, 2004), driving adaptations in photosynthetic capacity across different cli-
mates. This results in significant plasticity in the leaf epidermis, including changes in stomatal
density.

Stomatal size and density vary between species and environmental conditions, ranging
from 10 to 80 pm in length, while stomatal density can range from 5 to 1,000 per mm* of
epidermis (Eckerson, 1908). Gas exchange simulations show an inverse correlation between
stomatal size and density, indicating a compensatory relationship between CO, uptake and
water transpiration (Beerling & Woodward, 1997). Additionally, light intensity and quality are
critical for stomata plasticity, influencing the plant’s ability to adapt the photosynthetic capacity
to different lighting conditions (Murchie & Horton, 1997).

Since stomatal distribution phenotypes exhibit high plasticity, novel approaches are required
to identify intrinsic characteristics based on environmental fluctuations. Despite the use of
geometric morphometry in taxonomic classification and phenotypic plasticity analysis (Viscosi
& Cardini, 2011), there is a lack of methods to characterize stomatal distribution as a parameter
for quantifying plant adaptation. While other computational approaches have modelled stomata
through cellular nonlinear networks to simulate analogue computation (Peak et al., 2023) or
via non-steady-state dynamical equations to predict conductance under fluctuating conditions
(Liu et al., 2024), these typically focus on physiological flux rather than spatial pattern recog-
nition. Some works propose to evaluate stomatal distribution over the surface of purple abaxial
epidermis in extant plants using interstomatic distances as a parameter; however, they do not
measure the extent of adaptation under induced environmental changes (de Almeida Filho,
2018).

The geometry of stomatal distribution on leaf surfaces can provide quantitative parame-
ters that quantify how environmental changes affect plants. Plants exhibit phenotypic plas-
ticity by adjusting stomatal spatial distribution as a survival strategy against environmental
stressors, which we approach from a network perspective. In this context, stomata repre-
sent vertices and their spatial relationships represent edges. Unlike studies aimed at species
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Figure 1. Proposed workflow to use LLNA as a pattern recognition method.

Table 1. Information of the dataset of networks studied

Stomata dataset

Data split

Classes/environmental conditions No. ofimages  No. of networks (training/validation) ~ No. of networks (rule selection)
Ctenanthe 2 L4h,L24h 36 36 -
Trandescantia 3 Environment, L4h, L24h 18 12 6
Callisia 3 Environment, CO, (), COx(1), 15 15 -

identification (da Silva et al., 2016), the goal here is to explore a
pattern recognition method capable of separating environmental
conditions where plasticity is fundamental.

Pattern recognition using complex networks has achieved
success in various tasks (Costa et al., 2007, 2011; Miranda et al,,
2018), where network properties serve as topological fingerprints
for environmental conditions. Structural measurements, such
as clustering coefficient, degree and average path length, are
commonly employed to characterize topological properties and
have demonstrated reasonable performance (Costa et al.,, 2007).
More recently, graph-based methods have emerged, such as deep
topological embedding (DTE) (Scabini et al., 2022), deterministic
tourist walk-based (DTWB) (Merenda & Bruno, 2023) and deep
graph convolutional neural networks (DGCNNs) (Zhang et al.,
2018). However, alternative approaches, such as network automata,
have shown interesting properties for complex tasks (Machicao
et al,, 2018; Miranda et al., 2016;Ribas et al., 2020; Zielinski et al.,
2024). By simulating emergent behaviours, these methods provide
a dynamical perspective on network evolution that can offer
complementary insights when identifying subtle environmental
adaptations.

In this study, we utilize pre-identified stomatal centroids to
construct graphs and apply the Life-Like Network Automata
(LLNA) method (Miranda et al., 2016) to accurately classify
environmental conditions to which three plant species were sub-
jected: Ctenanthe oppenheimiana, Tradescantia zebrina and Callisia
repens. We adopted this method due to the high performance
achieved in other classification tasks, such as authorship attribu-
tion (Machicao et al.,, 2018), and in various extended versions
of the LLNA framework (Ribas et al, 2020; Zielinski et al.,
2024).

2. Material and methods
2.1. Method workflow

An overview of the pattern recognition method is shown in
Figure 1. First, we introduce the network model for constructing
networks from stomatal imagery, including a data split that
allocates a small portion for LLNA rule selection. Next, we apply
the LLNA and its corresponding feature extraction. The metrics
derived from the LLNA dynamics are then utilized to classify
the environmental conditions of the stomata across various plant
species. Finally, we compared these results with baseline methods.

2.2. Images dataset

We used the stomatal image dataset acquired from the Scientific
Computing Group of the Sdo Carlos Institute of Physics (IFSC)
(Supplementary Material). A summary of the dataset is presented
in Table 1.

This dataset contains leaf images obtained by optical microscopy
from three plant species: Ctenanthe oppenheimiana, Tradescantia
zebrina and Callisia repens. Each image includes corresponding
segmented binary images, with the centroids of each stoma man-
ually identified by a specialist. The plants were subjected to one of
two different stress conditions: light exposure and injection of CO,,
as detailed in Section 2.3.

2.3. Crop, acclimation and microscopy

. Ctenanthe oppenheimiana: Plants, measuring 5-8 cm, were
planted in standard Carolina substrate (Carolina soil, Brazil).
Samples were acclimated in a controlled growth chamber
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(Eletrolab EL212/4G-RS) with continuous 55% relative
humidity, a photon flux of 100 pmol / m?*xs and a tempera-
ture of 25 °C. Two light/dark photoperiods were tested: 24 h
(L24) and 4 h (L4) per day for 60 days, resulting in 18 images
per condition. Samples are shown in Figure 2a.
. Tradescantia zebrina: Plants were acclimated in the same con-
trolled growth chamber under identical conditions for 68
days. A third group was maintained under uncontrolled con-
ditions in an external environment. A total of six images were
obtained for each condition. This collection was previously
described by Florindo et al. (2015). Samples are shown in
Figure 2b.
Callisia repens: Three experimental groups were used. The first
was sealed in a bottle with Carolina soil and subjected to a
CO; gas stream (1,500 ppm for 6 h/day over 30 days). The
second group was treated similarly but without the CO, flow.
In both bottled groups, relative humidity was maintained
between 85% and 90% during the daily 6-h cycle. A third
group was collected from a natural, uncontrolled environ-
ment in July 2015 (georeferenced at —22.007 S; —47.894 W).
Five images were captured for each condition. Samples are
shown in Figure 2c.

Regarding imaging specifications, images were captured at dif-
ferent magnifications depending on the species. For Ctenanthe
oppenheimiana, a 100 x objective lens was used, resulting in a pixel
scale of 0.347 um/px and a resolution of 2,560 x 1,920 pixels. For
Tradescantia zebrina and Callisia repens, images were captured at
15 x magnification, corresponding to 4.65935 pm/px and 1,388 x
1,038 pixels. These specific optical scales were used for all subse-
quent spatial measurements and pixel-to-micron conversions.

2.4. Stomatic network modelling

Figure 2 exemplifies the steps for the construction of the stomatal
network model, as proposed by Backes et al. (2009) and Florindo
et al. (2015). In this model, each stoma corresponds to a vertex
in the lattice, and the rule for establishing the edges is based on
the Euclidean distance between pairs of stomata governed by a
threshold Tj.

Each image contains a different number of stomata (vertices)
positioned at the centres of circles; thus, the threshold T; defines
the radius of connectivity of a stoma with its nearest neighbours.
A distance matrix containing all distances between stomata pairs
in each image is obtained through the Euclidean distances between
each pair of vertices (W). This matrix is then transformed into
several networks represented by the adjacency matrix Ar, depend-
ing on the threshold Tj, as given by Equation (1). Specifically, if
the distance between a pair of stomata is less than or equal to the
threshold, then an edge is established between them:

a,‘j:O
aijzl

if wij > Tl
if wij < T;.

AT1:5T,(W):VW€ W{ (1)

Since the characterization of these networks is carried out
through a series of transformations in which T; is incremented
between Tj,; and Tq (the initial and final values of the threshold),
it allows for a multi-scale analysis of the topology (Backes et al.,
2009). Since the centroid coordinates are provided in the real scale

of the plant, the pixel-based image coordinates are converted using
a specific scale factor for each species (as detailed in Section 2.3).

For instance, in Ctenanthe oppenheimiana, a factor of 0.347 pm/px
was applied. From top to bottom, Figure 2 presents samples
of abaxial epidermis images of each species of plant and the
corresponding environmental condition.

Figure 2a illustrates the network construction process following
Equation (1). On the left side of the figure, the microscopic image
of a leaf of Ctenanthe oppenheimiana is shown. The red circles
represent the centroids of the stomata identified in the segmented
binary image. On the right side, four resulting networks are pre-
sented, each corresponding to a specific radius threshold T;. For
illustration, various thresholds T; are shown to demonstrate the
topological evolution. Note that as T; increases, more connec-
tions are established between stomata centroids (nodes), leading to
higher network connectivity.

Considering that different networks can be obtained, the thresh-
old T; must be limited according to the size of the image. Note
that in the networks of the species Tradescantia zebrina and Cal-
lisia repens, the thresholds are numerically higher because the
image samples have lower magnification (15 x vs. 100 x), which
results in a different spatial distribution of centroids within the field
of view.

In Figures 2a and b, it can be observed that the epidermis of
plants exposed to a 24-h daily photoperiod has a higher stomata
density than plants exposed to 4 h. Due to this fact, networks
constructed based on threshold distances (7;) become highly con-
nected in images where the stomatal density is larger. Due to the
high plasticity of the plant, the number of stomata (vertices) of
plants exposed to 24-h daily illumination is proportionally higher
than in plants exposed to 4 h for the same threshold range. Likewise,
in Figure 2c¢, which corresponds to the species Callisia repens, it is
observed that higher CO; injection correlates with an increase in
stomatal density and therefore leads to higher network connectivity
for the same threshold values.

2.5. Life-like network automata

The LLNA R can be defined by the tuple R = (T, S,s0,¢) (Miranda
et al., 2016). The tessellation 7 represents the network topology,
where each vertex is represented by a cell v; connected to its k;
neighbours. S is the set of binary states, where s; = 1 (live) and s; = 0
(dead). The s(c;,t) function indicates the state of the cell ¢; at time
t; thus, so represents the initial configuration of all cells and ¢ is the
transition function, that is, the rule governing the dynamics of the
network automata, which defines how the cell states are updated.
The LLNA transition function (@) is defined as

1, if s(c;,t) =0and x/r < p; < (x+1)/r = born (B)
s(eit+1) =41, if s(ci,t) =1and y/r < pi < (y+1)/r = survive (S)
0, otherwise,

2

where the neighbourhood density p; of node i is defined as the
proportion of active neighbours, that is:

1 N
pPi= kf ZAZJS(Cﬂt): (3)

ij=1

where Aj is the adjacency matrix of the network and k; is the
number of neighbours (degree) of node i.

In Equation (2), the variables x and y represent the condi-
tions of the Life-Like rule expressed in the form B xoxi...xs-
S yoy1...ys, where B and S represent the ‘born’ and ‘survive’
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Figure 2. Stomatal network modelling. The first column shows microscopic images of leaf abaxial epidermis from species: (a) Ctenanthe oppenheimiana (4 h and 24 h
photoperiods); (b) Tradescantia zebrina (natural environment and 4 h and 24 h photoperiods) and (c) Callisia repens (natural environment, bottled CO, flow and bottled control).
Scale bars are provided to account for different magnifications (100 x for Ctenanthe; 15 x for others). Subsequent columns display the resulting networks across different
threshold radii T; (red circle). These thresholds are calibrated to each image scale to capture the topological transition from sparse to dense connectivity (vertices in green, edges

in grey).
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conditions, respectively, and x;,y; € {0, ...,8}. The LLNA establishes
a correspondence between the transition function and the rules of
the two-dimensional Life-Like CA family (Bx-Sy). While the Moore
neighbourhood traditionally uses eight fixed neighbours (r = 9), the
LLNA generalizes this to graphs using the neighbourhood density
(Equation (3)), defined as the proportion of active neighbours. This
ensures that the transition rules remain consistent regardless of the
varying number of neighbours in the network. Therefore, there are
a total of 2'® = 262,144 transition rules available to find optimal
solutions for a particular problem (Miranda et al., 2016).

2.6. Feature extraction

Using a given rule, the dynamics of a network automaton produce
a time-evolution pattern (TEP) that represents the state sequence
over time for each node. Each node can be analysed as a sequence
of zeros and ones. From a TEP, various measurements can quantify
individual node properties, allowing for network characterization.
For feature extraction, we selected the suggested metrics: Shannon
entropy (s), word length (pw) and Lempel-Ziv complexity (p).
Since these LLNA metrics use the number of bins b as a parameter,
we used the same ones as suggested by Miranda et al. (2016).

The first feature vector, s, represents the distribution of Shan-
non entropy values ranging from 0 to 1. We calculated the Shannon
entropy for each node and generated a histogram by dividing the
interval [0,1] into b = 20 bins, resulting in 20 descriptors reflecting
their frequencies. The second feature vector (LLw) captures the dis-
tribution of word lengths, defined as a sequence of ones surrounded
by zeros. For instance, in g = (0011110111000), there is one word of
length four and another of length three. The maximum word length
is limited by the number of evolution steps; since words longer
than 40 occur infrequently, we considered only shorter words. The
histogram bins have a length of 2, yielding 20 descriptors for .
The final feature vector (j1) consists of the Lempel-Ziv complexity
distribution, also divided into b = 20 bins and normalized by the
maximum value across the samples. Additionally, we created a
composite vector by concatenating the three metrics [ fis, fiw, iz ],
as well as the average values for these measures: [{us), (pw ), ()]

2.7. Baseline methods

To characterize the topological properties of the stomatal networks
and establish a robust comparative framework, we employed two
sets of evaluation approaches. First, we calculated a set of tra-
ditional network measurements (Costa et al, 2011), including:
average degree ({(k)), which reflects overall connectivity; average
hierarchical degrees at levels 1 ((Hy,)) and 2 ((Hy,)), indicat-
ing immediate and neighbourhood connectivity; average cluster-
ing coefficient ({cc)), quantifying node grouping; average path
length ({1)), providing insight into information flow efficiency; and
the degree Pearson correlation (pp), to identify assortative mixing
patterns.

In addition to these structural metrics, we compared our
LLNA approach against three selected graph-based classifica-
tion methods to capture a broader spectrum of computational
paradigms . The DTE method (Scabini et al., 2022) transforms
network topology into high-dimensional tensor representations
via tensor decomposition for classification. The DTWB approach
(Merenda & Bruno, 2023) generates discriminative features by
simulating deterministic walker movements to create histograms
of trajectory lengths. Finally, the DGCNN (Zhang et al., 2018)
utilizes hierarchical graph convolutions and TopK pooling to

learn multi-scale graph representations for classification through
fully connected layers. These specific methods were chosen
because they operate effectively on unweighted whole-graph
structures without requiring rich node or edge attribute matrices,
which are absent in our network dataset. This constraint makes
heavily parameterized or feature-dependent alternatives, such as
standard graph transformers or dense graph neural networks
(GNNs), less suitable for this specific task. By incorporating
tensor decomposition, deterministic walks and deep learning, this
selection provides a diverse, though non-exhaustive, framework to
evaluate our approach.

2.8. Rule selection

To identify candidate rules capable of distinguishing environmental
stressors, we adopted a generalization protocol using a subset of
Tradescantia zebrina. As shown in Table 1, only two images per
class were used for rule selection, while the remaining images and
the other two species (Ctenanthe and Callisia) were reserved to
evaluate the classifiers’ performance. This protocol was designed
to verify if the LLNA captures universal topological signatures of
stomatal distribution that remain consistent across different species
and stress types, without requiring re-optimization for each species.

We exhaustively evaluated each of the 262,144 rules of the Life-
Like family in the set of stomata networks for rule selection. The
networks were obtained using a threshold of T; = 512 um (equiva-
lent to 110 pixels). To characterize the LLNA dynamics, a feature
vector was created by concatenating the Shannon entropy and the
Lempel-Ziv [His, fir] distributions into 40 descriptors (Miranda
etal., 2016). Both distributions were windowed into b = 20 bins and
submitted to the k-nearest neighbours (kNN) classifier.

2.9. Classification task

We used the LLNA approach to extract intrinsic patterns from
stomata networks aiming to distinguish between environmental
conditions, aiding our understanding of plasticity. In the training
phase, this technique extracts feature patterns for each stomata net-
work (condition), which are then used to classify unseen instances
during the classification phase.

After obtaining the feature vectors, we applied the kNN (for
rule selection only) and support vector machine (SVM) algorithms,
comparing our results with baseline methods. The SVM classifi-
cation was performed using the sequential minimal optimization
(SMO) algorithm with a polynomial kernel (exponent E = 1.0) and
a complexity parameter C = 1.0 in Weka software (version 3.8),
employing default settings to ensure a standardized comparison.

We conducted one experiment for each plant species, employing
a k-fold cross-validation strategy (Bishop, 2006) to assess classi-
fication performance. To maximize the use of our dataset while
ensuring statistical robustness, we set k = 10 for Ctenanthe and
Tradescantia, and k = 5 for Callisia due to its sample size. The
entire process was repeated across 100 independent experiments.
This method splits the data into two sets: a training dataset for
model training and a test set for validation. As these sets are
mutually exclusive, the cross-validation method provides a reliable
evaluation strategy. This procedure ensures that every sample is
used for both training and testing in independent folds.

We further analysed the results using confusion matrices, which
detail the relationship between predicted and real classes for each
distinct environmental condition. A confusion matrix identifies
performance patterns: ay,, m, indicates instances correctly assigned
to class m;, while Oy, shows instances of class m; incorrectly
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Table 2. Classification accuracy rates (%) and standard deviations for LLNA-based feature extraction

Rules Hs Flw Fi [ s, Fw, Fie ] [{res), (rem)s ()]
Ctenanthe

B57-S378 60.61 (£5.42)  86.75(+4.12) 7547 (+1.71)  95.03 (+ 2.40) 76.58 (+ 3.97)
Tradescantia

B12345-S04568  87.00 (+6.70)  57.75(+10.62) 75.83 (+8.12)  88.25 (+ 6.47) 90.00 (+ 5.65)
Callisia

B014-S04567 95.47 (+ 4.61)  23.93(+8.70)  74.87 (£9.47)  65.67 (+ 10.34) 70.67 (+ 8.22)

Note: Feature vector dimensions are scaled according to the number of thresholds: 140, 420 and 21 descriptors for Ctenanthe oppen-
heimiana, and 320, 960 and 48 for Tradescantia and Callisia, respectively.

K104
25

— N
)] o

Number of rules
IS

<20  [20-40[ [40-60[ [60-80[ >80

Accuracy(%)

Figure 3. Histogram of the distribution of the 262,144 rules of the Life-Like family
based on accuracy rates. The rule selection utilized stomata from the species
Tradescantia zebrina. Shannon entropy and Lempel-Ziv complexity were considered
only as feature vectors for the kNN classifier.

assigned to class m;. This information is particularly useful for
identifying samples that the proposed technique struggles to dis-
criminate.

3. Results

The LLNA method was employed to characterize the phenotypic
plasticity of the species Tradescantia zebrina, Callisia repens and
Ctenanthe oppenheimiana when subjected to stress conditions.
The dataset of networks used for validation is detailed in Table 1.

3.1. Configurations

3.1.1. Network threshold calibration. The distance threshold (T})
range for network construction was tailored for each species to
compensate for variations in optical magnification and stomatal
density. For Ctenanthe oppenheimiana, we used seven thresholds
ranging from Tj,; = 140 to T = 260 um. For Tradescantia zeb-
rina and Callisia repens, the feature vector was expanded to 16
thresholds from Tj,; = 400 to T = 640 um. All pixel-to-micron
conversions followed the optical scales defined in Section 2.3.

3.1.2. Life-like rules selection. Figure 3 shows the histogram distribu-
tion of the accuracy rates obtained for the rulespace of the Life-Like
family. More than 5,000 rules achieved accuracy rates above 80%,
confirming that several automata rules can effectively discrimi-
nate stomatal stress patterns. From this universe, we selected the
400 best-performing rules for the final classification stage. These

candidate rules, originally identified using a subset of Tradescantia
zebrina, were then used to train and test the models for all three
species. This approach evaluates the generalization power of the
rules across different plant species and environmental stressors.

3.2. Performance analysis

We adopted the strategy of concatenating descriptors obtained
from the networks transformed by each value of d7,, as proposed
by Backes et al. (2009).

The feature vectors [is, fiw and [i; were constructed by con-
catenating the 20 descriptors calculated at each threshold level.
For Ctenanthe oppenheimiana, seven thresholds were used, result-
ing in 140 descriptors. For Tradescantia zebrina and Callisia repens,
we used 16 thresholds, resulting in 320 descriptors per vector.
Additionally, we evaluated the combined vector [fis, flw, fi ] and
the vector of means [ (ps), (1w ), (pr ) ]. The dimensionality of these
vectors depends on the number of thresholds used: for Ctenanthe
(seven thresholds), the vectors range from 21 to 420 descriptors,
while for the other species (16 thresholds), they range from 48 to
960 descriptors (see Table S1 in the Supplementary Material).

Table 2 presents the results of the best rule for classifying the
stomata networks of the three analysed species using the SVM
classifier for each feature vector. The highest accuracy achieved
for Ctenanthe oppenheimiana was 95.03 + 2.40% using rule B57-
$378 and the combined [ fis, fiw, fiz. |. Tradescantia zebrina was 90 +
5.65% using LLNA rule B12345-S04568 and [{ws), (pw ), ()] as
the feature vector. For Callisia repens, the highest accuracy was
95.47 + 4.61% with rule B12345-S04568 and [is as the feature
vector. In all cases, the standard deviation inherent to the limited
number of instances per class.

On the left side of Figure 4, the dimensional projection obtained
from the canonical variable analysis (CVA) for the feature vectors
with the highest accuracy for each species is presented, along
with the confusion matrix on the right. From top to bottom,
the vectors and rules used were: [fis, fiw, fiz | with rule B57-S378
(Ctenanthe oppenheimiana), [{us), (1w ), (pr)] with rule B12345-
S0456 (Tradescantia zebrina) and [is with rule B014-S04567
(Callisia repens). These figures clearly demonstrate a distinct
separation among the three network models, supporting the high
success rates. Additionally, the L24 class is linearly separable from
the others, while the natural and L4 classes are often confused,
as indicated by the confusion matrix, which aligns with the high
similarity of these stomata images in Figure 2b.

3.3. Robustness analysis

To provide further intuition into the discriminative power of the
LLNA, we analysed the features in the high-dimensional space.
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Figure 4. Two-dimensional projection obtained from the analysis of canonical variables and the corresponding confusion matrix for the highest accuracy rate. (a) CVA of the
vector [ fis, flw, Fi ] with rule B57-S378 for the species Ctenanthe oppenheimiana. (b) CVA of the vector [ us), (tw ), ()] with rule B12345-S0456 for classifying the species
Tradescantia zebrina. (c) CVA of the vector [is using rule B014-S04567 for the species Callisia repens. In the confusion matrix, each cell indicates the number of correctly predicted

instances.

Figure 5 presents a pairplot of five representative descriptors for
Callisia repens. Given the high dimensionality of the full feature
vector (320 descriptors), only the first five were selected for this
visualization. The diagonal plots show the estimated probability
density for each individual descriptor, while the scatter plots
illustrate how they combine to form well-separated clusters.
Although the raw TEPs may appear stochastic and are not shown
here - visual examples can be found in Miranda et al. (2016),
Neiva and Bruno (2023), Ribas et al. (2020) and Zielinski et al.
(2024) - these statistical measures confirm the separability of
the classes, demonstrating that the LLNA signatures are highly
sensitive to the topological patterns induced by environmental
stress.

3.4. Baseline comparison

Table 3 compares the accuracy rates obtained by the LLNA with
those from traditional structural network measurements and
graph-based methods (Section 2.7).

Regarding traditional network measurements, for Ctenanthe
oppenheimiana, LLNA showed a classification increment of 14.56

(£3.55) percentage points compared to the average degree ((k)),
which obtained 80.47 (+2.62)%. For Callisia repens, LLNA yielded
a higher accuracy by 35.07 (+8.57) percentage points compared to
the combination of measures that achieved 60.40 (+7.23)%. Finally,
for Tradescantia zebrina, LLNA presented an absolute gain of 7.17
(+£6.64) percentage points compared to the hierarchical degree
({(Hk,)), which yielded 82.83 (+£3.50)%. In these three scenarios,
the results suggest that the dynamical signatures of the LLNA can
capture topological nuances of phenotypic plasticity that may be
less evident in static network metrics.

Regarding the three graph-based classification methods:
DGCNN (Zhang et al., 2018), DTWB (Merenda & Bruno, 2023)
and DTE (Scabini et al., 2022), the results in Table 3 indicate that
LLNA shows competitive accuracy rates when evaluated against
these graph-based methods across the three studied species . When
compared to the DTE method, which was the most competitive
among them in our tests , LLNA yielded higher accuracy margins
. Specifically, LLNA presented a gain over DTE by 6.74 (+3.82)
percentage points for Ctenanthe oppenheimiana, and by margins
of 33.79 (£15.83) and 18.94 (£15.99) percentage points for
Tradescantia zebrina and Callisia repens, respectively.
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Figure 5. Pairplot analysis of the first five descriptors for Callisia repens using the best-performing rule (B014-S04567 with (is). The diagonal plots show the density distribution

for each descriptor, while the scatter plots illustrate pairwise relationships.

The DGCNN and DTWB methods showed limited effectiveness
in identifying the stress conditions, with accuracy rates often
close to random guessing. The architectural complexity of deep
frameworks like DGCNN easily leads to overfitting due to the
severe imbalance between their large weight space and the small
sample size available in this study. For DTWB, this performance
might be explained by its original tuning on Watts-Strogatz
networks, a specific topology that may not reflect the empirical
distribution of our biological data. In contrast, while the DTE
method performed better by using topological descriptors, it still
exhibited high instability, as seen in the large standard deviations.
The LLNA framework, by capturing the rules of network evolution
as a deterministic feature extractor, appears to obtain stable
patterns that are well-suited for these restricted data conditions.

4, Discussion

We analysed stomata distribution patterns by constructing stomata
networks based on the distance matrix between pairs of stomata
derived from microscopic images (Figure 2).

Regarding the network modelling, the connectivity of the net-
work vertices (stomata) depends on the distance information and
a threshold d7,, with connectivity increasing as the threshold rises
until the network becomes fully connected. The distance matrix for
all pairs of stomata provides valuable insights into the geometry
of the plant leaf, revealing correlations between the environment
and its stomatic distribution structure (geometry). Notably, the
specific threshold values used here do not limit the application of
the method to other species or imaging setups. The fundamental
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Table 3. Classification performance comparison

Method Accuracy(%) Ctenanthe Tradescantia Callisia
Network measures (k) 80.47 (+2.62) 82.67 (+ 3.27) 46.60 (+ 10.00)
(Hi, ) 77.72 (+ 3.17) 82.83 (+ 3.50) 47.40 (+ 10.45)
(Hi,) 72.61 (+ 4.23) 81.33 (+ 4.58) 47.13 (+ 10.08)
(cc) 73.97 (+ 2.96) 66.83 (+ 8.16) 47.93 (+ 12.74)
(1) 72.42 (+ 4.01) 38.75 (+ 8.11) 35.53 (+ 8.28)
pPp 71.50 (+ 3.98) 13.25 (+ 7.18) 27.40 (+ 10.19)
combined 77.69 (+2.62) 72.83 (+ 8.38) 60.40 (+7.23)
Graph-based classification =~ DGCNN 59.26 (+ 1.24) 34.89 (+ 1.24) 37.54 (+ 1.69)
DTE 88.29 (+2.97)  56.21(+14.79)  76.53 (+ 15.31)
DTWB 63.06 (+ 1.37) 37.49 (+ 1.92) 34.46 (+ 1.33)
our LLNA 95.03 (+ 2.40) 90.00 (< 5.65) 95.47 (+ 4.61)
Rule (B57-S378) (B12345-S04568)  (B014-S04567)

combined [(k), (Hk, ), (Hk, ), {(cc), (1), pp]

Note: Accuracy rates (%) and standard deviations for identifying phenotypic plasticity using traditional network structural
measures, graph-based methods (DGCNN, DTE and DTWB) and the proposed LLNA approach (best-performing rules).

requirement for the LLNA is the coverage of a broad spectrum
of connectivity — from a nearly disconnected state to a highly
connected one. This multi-scale approach allows the automata
dynamics to characterize the spatial complexity of the distribution;
therefore, researchers can adapt these ranges to their specific reso-
lution, provided that this topological progression is maintained.

While the exhaustive search for rules in the LLNA framework
adds an initial computational layer, this selection is a one-time
training phase. Once the optimal rules are identified, feature
extraction and classification become computationally efficient.
In our study, LLNA presented higher accuracy margins than
the selected graph models (DGCNN, DTE and DTWB) under
small-sample constraints, supporting the observation that while
deep learning models often need very large datasets to work well,
the LLNA can be a suitable alternative for biological data with
few samples. Notably, the 400 optimal rules, derived from only
two images of Tradescantia zebrina, generalized to the other two
species without re-optimization. This indicates that these rules
capture shared structural patterns related to stomatal distribution
within the evaluated cases, instead of just learning the specific
details of one dataset. Consequently, the proposed approach shows
promise for small-sample biological datasets, where network
dynamics can effectively capture relevant patterns despite data
limitations.

From the perspective of pattern recognition, the method effec-
tively captures the unique characteristics of the three species. The
maximum accuracy achieved by LLNA consistently surpasses both
structural network measures and graph-based classification meth-
ods. Specifically, for Tradescantia zebrina, we attained an accuracy
of 90 (£5.65)%, despite the inherent difficulty in distinguishing
natural and 4-h classes, as indicated by canonical analysis and
the confusion matrix (Figure 4b). For Ctenanthe oppenheimiana,
a similar high accuracy was observed, with only one sample mis-
classified. In the case of Callisia repens, we achieved excellent class
separability.

From a biological standpoint, we observed that the stomata
density (Figures 2a and b) is highly dependent on photoperiods,
where longer exposure to light correlates with increased density.
Similarly, for Callisia repens, the stress induced by CO, injection
also influences stomata density, making the CO, (1) and CO> ({)
classes challenging to differentiate using purely structural metrics.

Regarding plant plasticity, the LLNA approach helps to identify
subtle changes in how stomata are organized. While traditional
metrics often miss the complex spatial relationships between pores,
the network automata can detect specific patterns caused by envi-
ronmental stress. By measuring how these distributions change -
from sparse to clustered or highly connected - the method provides
a reliable way to evaluate these structural variations. This helps to
show how plants adjust their leaf surface for gas exchange under
different environmental conditions.

Such topological distribution analysis can be a valuable tool for
monitoring environmental changes in natural ecosystems, as stom-
atal density alone is already used to model how plants sense and
drive global changes (Cai & Cao, 2004; Hetherington & Woodward,
2003). Therefore, precise spatial frameworks like LLNA offer a non-
destructive strategy to track human-induced climate impacts on
biomes over time. This approach is particularly advantageous for
live leaves of species with a purple abaxial epidermis - such as those
studied here (de Almeida Filho, 2018) — since distance metrics can
be preserved and analysed without prior histological processing.
Additionally, this methodology can be extended to agricultural
sciences to evaluate crop adaptation to different fertilization, irri-
gation and local climatic regimes.

Despite these achievements, the dataset’s limitations must be
acknowledged. Compiling a comprehensive biological dataset was
inherently challenging due to the meticulous time constraints
required for controlled plant cultivation and monitoring. It is worth
noting that while the LLNA framework was originally designed
with large datasets in mind (Miranda et al,, 2016), evaluating its
performance under these restricted sample sizes was a deliberate
test of its versatility. The positive results observed here suggest a
promising adaptability to data-scarce scenarios, although further
extensive testing remains necessary. Future research should focus
on automated methods for processing leaf images and expanding
the datasets to include more species to further enhance the
robustness and validate the generalizability of our approach.

Finally, the development of these computational tools remains
essential for expanding our understanding of ecological and agri-
cultural resilience. In this context, our findings suggest the feasibil-
ity of the LLNA as an effective pattern recognition tool to quantify
the phenotypic plasticity of stomatal distribution in response to
environmental stressors.
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