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Abstract

Soybean diseases caused by fungal, bacterial, and viral pathogens represent a major con-
straint to global agricultural productivity. Although molecular phylogenetic analyses have
advanced the understanding of pathogen evolution, the extent to which disease phenotypes
reflect evolutionary relationships remains poorly understood. In this study, we developed
an integrative framework combining deep learning-based phenotypic analysis with phylo-
genetic inference to investigate the relationship between soybean disease symptoms and
pathogen evolution. An EfficientNet-BO convolutional neural network (CNN) was trained
to classify 10 soybean disease classes comprising 703 leaf images and achieved a mean
cross-validation accuracy of 98.72 £+ 1.17%, a weighted F1-score of 98.74 + 1.16%, and
a macro Fl-score of 98.47 & 1.74%. Evaluation on a held-out test set generated through
image-level partitioning yielded an accuracy of 96.19%, a weighted F1-score of 96.28%, and
a macro Fl-score of 95.86%. Latent feature embeddings revealed a structured phenotypic
space with clear separation among most disease classes and enabled quantitative analyses
of phenotypic similarity. To provide biological context, taxonomy-derived distance matrices
and sequence-based phylogenetic analyses of the fungal subset using 285 rRNA sequences
were compared with CNN-derived phenotypic representations. A Mantel test identified a
moderate and statistically significant association between phenotypic and phylogenetic
distances (Spearman r = 0.3393, p = 0.0050), indicating that pathogen evolutionary history
contributes to disease phenotype while explaining only part of the observed phenotypic
variation. Overall, the results demonstrate that deep learning effectively captures biologi-
cally meaningful phenotypic information while highlighting that disease symptoms arise
from the combined influence of pathogen evolution, host responses, and environmental
conditions. This study provides an integrative framework for combining image-based
phenotyping with phylogenetic analysis to support biologically informed interpretation of
plant disease phenotypes.

Keywords: soybean disease; deep learning; plant phenotyping; convolutional neural
network; phylogenetic analysis; Mantel test; plant pathology; image analysis

1. Introduction

Soybean (Glycine max L.) is one of the most economically important leguminous
crops worldwide, providing a major source of plant-based protein and oil for human
consumption, livestock feed, and industrial applications [1]. Global soybean production has
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increased substantially over the past decades; however, yield stability remains threatened
by a wide range of diseases caused by fungal, bacterial, and viral pathogens [2]. These
diseases can lead to severe yield losses, estimated to exceed billions of dollars annually,
and significantly impact crop quality and food security [3,4]. Therefore, improving disease
detection, understanding disease mechanisms, and developing effective management
strategies are critical priorities in modern agriculture.

Plant diseases manifest through a variety of visible symptoms, including leaf lesions,
chlorosis, necrosis, wilting, and morphological deformities. These phenotypic expressions
arise from complex interactions between host plants and invading pathogens, governed
by pathogen virulence factors and host immune responses [5]. The plant immune system,
involving pattern-triggered immunity (PTI) and effector-triggered immunity (ETI), plays a
crucial role in shaping disease outcomes [6]. Despite advances in molecular plant pathology,
disease diagnosis in practice still relies heavily on visual inspection of symptoms by
trained experts. Such approaches are inherently subjective, labor-intensive, and prone
to misclassification, particularly when symptoms overlap across diseases or vary due to
environmental conditions [7].

Recent advances in imaging technologies and artificial intelligence have enabled the
development of automated plant disease detection systems. In particular, deep learning
methods, especially convolutional neural networks (CNNs), have demonstrated remarkable
success in image-based classification tasks [8]. Early work by Mohanty et al. (2016) [9]
showed that deep CNNSs can achieve high accuracy in identifying plant diseases across
multiple crop species. Subsequent studies have further improved performance through
optimized architectures, transfer learning, and data augmentation techniques [10-12]. For
soybean specifically, deep learning approaches have been successfully applied to detect
diseases such as sudden death syndrome, frogeye leaf spot, seed classification, and soybean
mosaic virus [13,14].

Recent advances in deep learning, transfer learning, and explainable artificial intelli-
gence (XAI) have substantially improved the accuracy and interpretability of automated
plant disease detection systems [15,16]. Modern convolutional neural network (CNN)
architectures and transformer-based approaches have demonstrated strong performance
across diverse crop species and disease types, particularly when combined with transfer
learning and augmentation strategies [17,18].

While these studies highlight the effectiveness of deep learning for disease classifica-
tion, most focus primarily on predictive accuracy, with limited emphasis on the biological
interpretation of learned representations. Understanding what features the model learns
and how these features relate to underlying biological processes remains an open chal-
lenge [19]. Explainable artificial intelligence (XAI) techniques, such as Gradient-weighted
Class Activation Mapping (Grad-CAM), provide a means to visualize salient regions in
input images, offering insights into model decision-making [20]. However, beyond inter-
pretability, an important yet underexplored question is whether learned visual features
capture biologically meaningful relationships among diseases. Recent studies have further
emphasized the importance of explainable Al techniques, such as Grad-CAM and saliency-
based visualization, for improving the interpretability and reliability of deep learning
models in plant pathology applications [21,22].

In parallel, advances in genomics and phylogenomics have significantly enhanced
our understanding of pathogen evolution. Molecular markers, including the internal
transcribed spacer (ITS) and ribosomal RNA genes such as 285 rRNA, are widely used to
infer phylogenetic relationships among fungal pathogens [23,24]. These analyses reveal
evolutionary patterns such as divergence, speciation, and host adaptation [25]. For instance,
phylogenetic studies have clarified relationships among key soybean pathogens, including
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Fusarium, Cercospora, and Phakopsora species [26,27]. Despite these advances, linking
phylogenetic relationships to observable disease phenotypes remains challenging, as similar
symptoms can arise from unrelated pathogens due to convergent evolution or shared host
responses [28].

The emerging field of phenomics provides a promising framework to bridge this gap.
Phenomics involves the large-scale quantification and analysis of phenotypic traits, often
using high-throughput imaging and computational methods [29]. By extracting quanti-
tative representations of disease symptoms from images, it becomes possible to compare
phenotypes systematically across diseases. Embedding-based approaches, where images
are mapped to high-dimensional feature spaces, allow for the computation of similarity
relationships between diseases [30]. These phenotypic similarity measures can then be
analyzed using network-based methods to uncover patterns and clusters [31-33]. High-
throughput phenotyping and image-based machine learning approaches are increasingly
being applied in soybean research for disease detection, stress assessment, and yield predic-
tion, highlighting the growing importance of Al-driven phenomics in crop improvement
and precision agriculture [34-36].

Network science and systems biology have demonstrated the value of integrating het-
erogeneous data types to understand complex biological systems [37]. In plant pathology,
combining phenotypic data with phylogenetic information could provide novel insights
into the relationship between disease appearance and pathogen evolution. For example,
visually similar diseases may cluster together in feature space, potentially reflecting shared
infection mechanisms or host responses, even when caused by phylogenetically distant
pathogens [28]. Conversely, closely related pathogens may produce distinct symptoms due
to differences in virulence strategies or environmental interactions.

Despite its potential, the integration of deep phenotyping and phylogenomics remains
largely unexplored in crop disease research. Previous studies have either focused on image-
based classification or on molecular phylogenetics independently, without systematically
comparing phenotypic and genetic relationships [38]. Furthermore, statistical approaches
such as the Mantel test provide a quantitative framework to assess correlations between
distance matrices, enabling rigorous comparison between phenotypic similarity and genetic
divergence [39].

In this study, we present an exploratory integrative framework to investigate the
relationship between soybean disease phenotypes and pathogen evolutionary relationships.
Unlike previous studies that have primarily focused on improving disease classification
accuracy, our objective is not only to develop an accurate deep learning classifier but
also to examine whether the latent feature representations learned by a convolutional
neural network contain biologically meaningful information. Specifically, we combine deep
learning-based disease classification, Grad-CAM visualization, deep feature embedding
analysis, taxonomic and sequence-based phylogenetic analyses, and Mantel correlation
analysis within a unified analytical framework.

Rather than attempting direct genotype—phenotype inference, this study evaluates
whether image-derived phenotypic embeddings exhibit detectable phylogenetic structure
when compared with independently derived evolutionary relationships. By consider-
ing both fungal and non-fungal soybean diseases, we provide a broader assessment of
phenotype—phylogeny relationships across diverse pathogen groups while recognizing that
sequence-based phylogenetic analyses are applicable only to the fungal subset.

This work addresses an important gap in the current literature by moving beyond
conventional image classification to investigate the biological relevance of deep learning-
derived phenotypic representations. In doing so, the proposed framework not only pro-
vides accurate soybean disease recognition but also offers an interpretable approach for
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Bacterial blight

Powdery mildew

exploring relationships between disease phenotypes and pathogen evolution. More broadly,
this study demonstrates how explainable artificial intelligence, deep feature embeddings,
and comparative phylogenetic analyses can be integrated into a reproducible framework
for investigating biologically meaningful patterns in plant disease phenotypes, thereby
providing a foundation for future multimodal studies that combine phenotypic, genomic,
and evolutionary information.

2. Materials and Methods
2.1. Dataset and Preprocessing

A curated dataset comprising 703 soybean leaf images representing 10 disease classes
was used in this study (Figure 1; Table 1). The dataset was assembled primarily from
publicly available images obtained through Kaggle (Kaggle.com), supplemented with
images of Sudden death syndrome (SDS) collected in our previous study on soybean SDS
resistance. The dataset includes diseases caused by fungal, bacterial, and viral pathogens,
providing a diverse representation of soybean disease phenotypes.

Brown spot Ferrugem

Cercospora leaf blight

Septoria

Southern blight Sudden death syndrome

Figure 1. Representative soybean leaf images used for deep learning model development. Rep-
resentative images from the ten soybean disease classes included in the dataset: bacterial blight,
brown spot, Cercospora leaf blight, ferrugem (Asian soybean rust), mosaic virus, powdery mildew,
Septoria leaf spot, southern blight, sudden death syndrome, and yellow mosaic. Images illustrate the
diversity of disease symptoms, lesion morphology, leaf shape, imaging conditions, and background
characteristics encountered during model training, validation, and independent testing.

The partitioning boundary was defined at the individual-image level. The assembled
dataset did not provide consistent identifiers linking all images to specific plants, leaves,
plots, fields, geographic locations, or imaging sessions. Consequently, group-wise partition-
ing at the plant, leaf, or field level could not be implemented across the complete dataset.
The split ensured that no identical image occurred in more than one subset, but it cannot
establish that visually related images were obtained from different biological specimens or
collection settings. This limitation is explicitly considered when interpreting the reported
classification performance and the generalizability of the proposed framework.

The final dataset consisted of the following disease classes: bacterial blight (n = 88),
brown spot (n = 81), Cercospora leaf blight (n = 5), Ferrugem (1 = 65), mosaic virus (n = 22),
powdery mildew (n = 137), Septoria (n = 21), southern blight (n = 62), Sudden death syn-
drome (n = 112), and yellow mosaic (n = 110), for a total of 703 images. The dataset was
highly imbalanced, with class sizes ranging from 5 to 137 images (largest-to-smallest class
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ratio = 27.4:1). Powdery mildew represented the largest class, whereas Cercospora leaf
blight, mosaic virus, and Septoria were substantially underrepresented. This imbalance re-
flects realistic agricultural conditions in which fungal diseases are generally more prevalent
than bacterial and viral diseases (Figure 2; Table 1).

Table 1. Class-wise distribution of the soybean disease dataset showing the total number of images
and their allocation into the training, validation, and held-out test sets using the deterministic
class-aware splitting procedure.

Disease Class Total Train Validation Test
Bacterial blight 88 62 13 13
Brown spot 81 57 12 12
Cercospora leaf blight 5 3 1 1
Ferrugem 65 45 10 10
Mosaic virus 22 16 3 3
Powdery mildew 137 95 21 21
Septoria 21 15 3 3
Southern blight 62 44 9 9
Sudden death syndrome 112 78 17 17
Yellow mosaic 110 78 16 16

Class distribution

disease_label

Figure 2. Distribution of soybean disease classes in the dataset. The dataset is highly imbalanced,
with class sizes ranging from 5 images for Cercospora leaf blight to 137 images for Powdery mildew,
corresponding to a largest-to-smallest class ratio of 27.4:1.

At the pathogen level, fungal diseases accounted for the majority of images, followed
by viral and bacterial diseases (Figure 3). Consequently, the dataset captures biologi-
cally meaningful variation while presenting a realistic class imbalance challenge for deep
learning-based disease recognition.

All images underwent standardized preprocessing before model training. Images were
resized to a fixed resolution of 224 x 224 pixels and normalized using the ImageNet-1K
V1 mean and standard deviation associated with the pretrained EfficientNet-BO weights
provided by torvision v0.26.0 (PyTorch v2.11.0). Data augmentation was applied exclusively
to the training subset and included random rotations, horizontal and vertical flips, random
resized cropping, color jitter, and affine transformations. These augmentations simulate
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natural variability in field conditions, including differences in illumination, viewing angle,
leaf orientation, and scale, thereby improving model robustness and reducing overfitting.

Distribution by pathogen type
500
400

300

200

Number of images

100

Fungus Virus Bacterium
Pathogen type

Figure 3. Distribution of images grouped by pathogen type. Fungal diseases dominate the dataset,
followed by viral and bacterial classes.

To ensure reproducibility while maintaining representation of all disease classes,
images were partitioned using a deterministic class-aware allocation with a fixed random
seed (42). The final partition consisted of 493 training images, 105 validation images, and
105 independent test images. For each disease class containing at least three images, the
allocation procedure ensured that the training, validation, and test subsets each contained
at least one representative image. Consequently, the rarest class, Cercospora leaf blight
(n =5), was allocated three training images, one validation image, and one test image. No
image appeared in more than one subset.

To reduce image-level leakage, the training, validation, and test subsets were mutually
exclusive, and filenames and available metadata were inspected for exact or apparent
duplicate images. Nevertheless, because specimen- and field-level identifiers were unavail-
able for the dataset, biological-source independence among the three partitions could not
be verified.

2.2. Model Architecture and Training

An EfficientNet-BO convolutional neural network (CNN) was employed for soybean
disease classification because of its favorable balance between predictive performance and
computational efficiency. The network was initialized using ImageNet-pretrained weights
and adapted for the soybean disease dataset by replacing the original classification layer
with a fully connected layer containing 10 output neurons, corresponding to the ten disease
classes. The EfficientNet-BO architecture combines depthwise separable convolutions
with compound scaling of network depth, width, and input resolution, enabling efficient
hierarchical feature extraction while maintaining a relatively small model size [1,2].

Input images were resized to 224 x 224 pixels and normalized using the Ima-
geNet mean and standard deviation. During training, only the training subset was
augmented using random resized cropping, horizontal and vertical flipping, random
rotations, affine transformations, and color jitter to improve robustness to variations in
illumination, viewing angle, leaf orientation, and scale. The validation and independent
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test sets were evaluated without data augmentation using identical preprocessing and
normalization procedures.

Model training employed a weighted categorical cross-entropy loss to reduce the influ-
ence of class imbalance by assigning greater penalty to errors involving underrepresented
disease classes. Training was performed using the AdamW optimizer implemented in
PyTorch v2.11.0 (PyTorch Foundation, San Francisco, CA, USA), with an initial learning
rate of 1 x 107, a weight decay of 1 x 104, and a batch size of 16. The classification head
retained the default EfficientNet-B0O dropout probability of 0.2. Learning-rate adaptation
was performed using the ReduceLROnPlateau learning-rate scheduler implemented in
PyTorch v2.11.0 (PyTorch Foundation, San Francisco, CA, USA), operating on the validation
weighted Fl-score with a reduction factor of 0.5 and a patience of two epochs. Training
proceeded for a maximum of 20 epochs, with early stopping triggered after five consecutive
epochs without improvement in the validation-weighted F1-score. All experiments were
performed using a fixed random seed (42) to ensure reproducibility.

To mitigate the effects of the highly imbalanced class distribution, two complementary
strategies were implemented during training. First, class-specific weights were incorpo-
rated into the cross-entropy loss function. Second, a weighted random sampler increased
the probability that minority-class images were selected during mini-batch construction.
These strategies improved the contribution of underrepresented disease classes during
optimization while preserving the original class distribution of the dataset.

Training dynamics were monitored using the training and validation loss, classifica-
tion accuracy, weighted Fl-score, and macro Fl-score. The model achieving the highest
validation weighted F1-score was retained for subsequent evaluation on the independent
test set and for all downstream analyses, including Gradient-weighted Class Activation
Mapping (Grad-CAM) visualization implemented in PyTorch v2.11.0 (PyTorch Foundation,
San Francisco, CA, USA), feature embedding extraction, phenotypic similarity analysis,
and phylogenetic comparisons.

To further assess model performance within the available dataset, stratified five-fold
cross-validation was performed independently of the fixed train—validation—test parti-
tion. For each fold, the EfficientNet-BO model was reinitialized with ImageNet-pretrained
weights and trained using the same preprocessing, augmentation, weighted loss, weighted
sampling, optimization strategy, learning-rate scheduler, and early-stopping criteria de-
scribed above. Classification performance was evaluated using accuracy, weighted F1-score,
and macro Fl-score, and the results are reported as the mean =+ standard deviation across
the five validation folds. The fixed train—validation—test model was used exclusively for
the independent test evaluation and all downstream biological analyses.

2.3. Model Evaluation

Model performance was evaluated using an image-level held-out test set that was
not used during model training or hyperparameter optimization. Overall classification
performance was quantified using accuracy, precision, recall, weighted Fl-score, and
macro Fl-score. Accuracy provides an overall measure of correct classifications, whereas
the weighted Fl-score accounts for class frequency by weighting each class according
to its support. The macro Fl-score assigns equal importance to every disease class and
therefore provides a complementary measure of performance under highly imbalanced
class distributions.

To assess class-specific performance, precision, recall, F1-score, and support were cal-
culated for each disease class using a classification report generated from the independent
test predictions. A confusion matrix was constructed to visualize correct classifications and
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misclassification patterns among disease classes, thereby identifying diseases that were
more difficult to distinguish.

Model robustness was additionally assessed using stratified five-fold cross-validation.
Classification performance for each validation fold was quantified using accuracy, weighted
F1-score, and macro F1-score, and the results are reported as the mean =+ standard deviation
across all five folds. The cross-validation analysis was used to estimate performance
within the available dataset, whereas the independently held-out test set provided the final
unbiased evaluation of the trained model.

To ensure complete consistency between numerical and graphical performance sum-
maries, the classification report and confusion matrix were generated from the same
prediction set, and the class support values reported in the classification metrics were
verified to match the corresponding row totals of the confusion matrix.

2.4. Model Interpretability

To improve the interpretability of the deep learning model, Gradient-weighted Class
Activation Mapping (Grad-CAM) was applied to visualize the image regions that con-
tributed most strongly to individual disease predictions. Grad-CAM generates class-specific
activation heatmaps by computing the gradients of the predicted class with respect to the fi-
nal convolutional feature maps, thereby identifying the spatial regions that most influenced
the model’s decision.

Grad-CAM analyses were performed using the best-performing EfficientNet-BO model
selected according to the highest validation weighted F1-score. Representative images from
each soybean disease class were analyzed, and the resulting heatmaps were superimposed
onto the original leaf images to facilitate biological interpretation. This approach enabled
qualitative assessment of whether the model focused on diagnostically relevant disease
symptoms, including lesions, chlorosis, necrosis, discoloration, and other characteristic
pathological features, rather than unrelated background regions.

The Grad-CAM visualizations served as an additional validation of model behavior
by providing insight into the decision-making process of the CNN. Consistent localization
of disease-associated symptoms supports the biological plausibility of the learned feature
representations and complements the quantitative evaluation metrics reported for the
independent test set.

2.5. Feature Representation and Embedding Visualization

To investigate the visual feature representations learned by the CNN, high-dimensional
feature embeddings were extracted from the penultimate layer of the best-performing
EfficientNet-BO model. These embeddings provide compact numerical representations
of soybean leaf phenotypes and capture the discriminative visual characteristics learned
during disease classification.

To visualize the organization of the learned feature space, t-distributed stochastic
neighbor embedding (t-SNE) was applied to project the high-dimensional embeddings
into two dimensions. The resulting visualization was used to qualitatively assess disease-
class separability, clustering patterns, and relationships among diseases caused by fungal,
bacterial, and viral pathogens. Well-separated clusters indicate that the model learned
distinct phenotypic representations, whereas overlapping clusters suggest similarities in
visual symptomatology.

Beyond visualization, the extracted feature embeddings served as the basis for all sub-
sequent phenotypic analyses. Pairwise cosine similarity and Euclidean distance matrices
were computed to quantify visual similarity among disease classes, and these matrices
were subsequently used for hierarchical clustering, network analysis, and comparisons
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with pathogen phylogenetic relationships. This embedding-based approach enabled quan-
titative characterization of phenotypic similarity without requiring manually annotated
lesion features.

Because manually annotated lesion masks were unavailable, interpretability and
embedding analyses were used to evaluate the learned phenotypic structure rather than to
perform pixel-level lesion localization. Consequently, the analyses focused on the biological
relationships captured by the learned feature representations rather than on segmentation-
based measurements of disease symptoms.

2.6. Phenotypic Similarity Analysis

To quantify visual relationships among soybean diseases, feature embeddings ex-
tracted from the penultimate layer of the trained EfficientNet-BO model were used to
compute pairwise phenotypic similarity. For each disease class, embeddings from all repre-
sentative images were aggregated to obtain a class-level feature representation. Pairwise
cosine similarity was then calculated between all disease-class representations, producing
a phenotypic similarity matrix in which larger values indicate greater similarity in the
learned visual feature space.

To provide a complementary measure of phenotypic divergence, pairwise Euclidean
distances were also calculated from the class-level embeddings. Whereas cosine similarity
emphasizes similarity in feature orientation, Euclidean distance reflects absolute differ-
ences in feature representations. Together, these complementary metrics provide a more
comprehensive characterization of phenotypic relationships among soybean diseases.

The resulting similarity and distance matrices were visualized as clustered heatmaps to
identify groups of diseases exhibiting similar visual characteristics. Hierarchical clustering
was performed using agglomerative clustering with average linkage, allowing diseases with
similar learned phenotypes to be grouped objectively. These analyses enabled qualitative
assessment of phenotypic organization while providing quantitative measures of visual
similarity among disease classes.

To further examine the phenotypic structure, a network representation was constructed
in which nodes corresponded to disease classes and edges connected disease pairs exceed-
ing a predefined cosine similarity threshold. The threshold was selected empirically to
emphasize stronger phenotypic relationships while avoiding excessive network density
that could obscure overall structure. Edge weights were proportional to cosine similarity
values, allowing stronger visual relationships to be represented by stronger network con-
nections. The resulting network was intended as an exploratory visualization of learned
phenotypic relationships rather than a formal graph-theoretical analysis.

2.7. Taxonomic and Sequence-Based Analysis

To provide biological context for the learned phenotypic relationships, evolutionary
relationships among soybean disease pathogens were characterized using both taxonomy-
based and sequence-based approaches. Taxonomic distance matrices were constructed from
the hierarchical biological classification of each pathogen, with pairwise distances reflecting
differences across successive taxonomic ranks. Greater distances therefore indicate greater
evolutionary divergence between pathogens.

To enable direct comparison between learned phenotypic representations and
pathogen evolution, pairwise genetic distance matrices derived from the phylogenetic
analysis were compared with the CNN-derived phenotypic distance matrices. In addition,
taxonomy-derived distance matrices were generated for all pathogen classes to provide a
broader biological reference for phenotypic comparisons (Figures S1 and S2).
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Sequence-based phylogenetic analyses were restricted to the fungal subset of the
dataset because fungi represented the only pathogen group with multiple evolutionar-
ily distinct disease classes, enabling meaningful comparative analyses. Representative
nucleotide sequences were obtained for each fungal pathogen and aligned using a mul-
tiple sequence alignment procedure prior to phylogenetic reconstruction. Evolutionary
relationships were then inferred using the Neighbor-Joining method to generate a phyloge-
netic tree representing the genetic relationships among the fungal pathogens (Figure S3).
The bacterial and viral disease classes were not included in these sequence-based com-
parisons because they were insufficiently represented within the dataset for informative
within-group phylogenetic analysis.

2.8. Comparative Clustering and Correlation Analysis

To compare the relationships captured by the learned phenotypic representations with
pathogen evolutionary relationships, hierarchical clustering was performed independently
on the CNN-derived phenotypic distance matrix and the sequence-based genetic distance
matrix. Agglomerative hierarchical clustering with average linkage was used to generate
dendrograms, allowing qualitative comparison of disease groupings inferred from visual
phenotypes and pathogen phylogeny (Figures 54 and S5).

For fungal pathogens, quantitative agreement between phenotypic and genetic dis-
tances was evaluated using the Mantel test, which measures the correlation between two
distance matrices while accounting for their non-independence. Phenotypic distance was
calculated as 1 — cosine similarity between the class-level embedding representations,
whereas genetic distance was derived from the fungal phylogenetic analysis. Statistical
significance was assessed using permutation testing. The Mantel test was selected because
it is specifically designed for comparing pairwise distance matrices and is widely used in
ecological and evolutionary studies.

To further characterize the relationship between learned phenotypic similarity and
pathogen evolution, Pearson and Spearman correlation coefficients were also calculated
using the corresponding pairwise phenotypic and genetic distances. Pearson correlation
quantified linear associations between the two distance measures, whereas Spearman
correlation assessed monotonic relationships that were robust to non-normality and non-
linear trends. Scatter plots with fitted regression lines were generated to visualize these
relationships (Figure S6).

Together, the hierarchical clustering, Mantel analysis, and correlation analyses pro-
vided complementary qualitative and quantitative assessments of the extent to which
CNN-derived phenotypic similarity reflects the evolutionary relationships among fungal
soybean pathogens.

2.9. Computational Environment and Software

All analyses were performed using the Python programming language (v3.11) [40]
within a Jupyter Notebook environment (v7.5.5) [41]. Image processing, numerical com-
putations, and data management were conducted using the scientific Python ecosystem,
including NumPy (v1.26.4) [42], pandas (v2.3.3) [43], matplotlib (v3.10.8) [44], and seaborn
(v0.13.2) [45]. Deep learning model development, training, and inference were imple-
mented using PyTorch (v2.11.0) [46] and the TorchVision library (v0.26.0) [47] for pretrained
model architectures and image transformations. Statistical analyses, distance calculations,
clustering, and dimensionality reduction were performed using SciPy (v1.15.2) [48] and
scikit-learn (1.7.2) [49], while phylogenetic and sequence analyses were conducted using
Biopython (v1.86) [50].
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The complete analytical workflow—including image preprocessing, model training,
feature embedding extraction, Grad-CAM visualization, phenotypic similarity analysis,
clustering, network construction, phylogenetic analysis, and statistical comparisons—was
implemented entirely in Python to ensure methodological consistency and reproducibility.
Model training, evaluation, and downstream analyses were executed within a unified
Jupyter Notebook workflow, enabling complete regeneration of all figures, tables, and
quantitative results from the original dataset.

To facilitate reproducibility, the computational workflow employed fixed random
seeds, deterministic dataset partitioning, and automated recording of key software versions
and execution environment information. These measures ensured that all reported results
can be reproduced consistently using the same analytical pipeline.

3. Results
3.1. Model Training Dynamics and Performance

The EfficientNet-BO model demonstrated stable and consistent convergence during
training (Figure 4). Both the training and validation cross-entropy losses decreased rapidly
during the initial epochs and progressively stabilized at low values, indicating effective
optimization without evidence of substantial overfitting (Figure 4a). Similarly, classification
accuracy, weighted F1-score, and macro Fl-score increased steadily throughout training
before reaching stable plateaus after approximately 10 epochs (Figure 4b,c). The close
agreement between the training and validation curves suggests that the selected regular-
ization, data augmentation, weighted loss, and early stopping strategies promoted good
generalization despite the highly imbalanced dataset.

Cross-entropy loss Accuracy F1 score
. 1.0 — —T 1 1.0 S S— ) A—
—— Train \/_‘_/_ e
15 - Validation Val
0.8 / 0.8
1.0
0.6 0.6
0.5 0.4 —— Train weighted F1
04 — Train Validation weighted F1
| N RS Validation -=-=Validation macro F1
0.0 — 0.2
25 5.0 75 10.0 125 15.0 2.5 5.0 75 100 125 150 25 5.0 7.5 10.0 125 15.0
Epoch Epoch Epoch
(a) (b) ()

Figure 4. Training and validation performance over epochs. (a) Cross-entropy loss decreases steadily
for both training and validation sets, indicating stable convergence. (b) Classification accuracy im-
proves and plateaus near convergence. (c) Weighted F1-score follows a similar trend, demonstrating
balanced performance across classes.

To further assess model robustness, stratified five-fold cross-validation was performed
using identical preprocessing, augmentation, and optimization procedures for each fold.
The model achieved a mean classification accuracy of 98.72% =+ 1.17%, a mean weighted
Fl-score of 98.74% =+ 1.16%, and a mean macro F1l-score of 98.47% = 1.74% across the five
validation folds. The relatively small standard deviations indicate consistent performance
across different training-validation partitions, demonstrating that the learned feature
representations generalized well despite substantial differences in disease class frequencies.

The final model selected according to the highest validation weighted F1-score was
subsequently evaluated on the image-level held-out test set, which was not used during
model training or hyperparameter optimization. The model achieved a test accuracy of
96.19%, a weighted F1-score of 96.28%, a macro F1-score of 95.86%, and a cross-entropy loss
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of 0.1392. As expected, performance on the independent test set was modestly lower than
the mean cross-validation performance, reflecting the more stringent evaluation provided
by a completely unseen dataset. Nevertheless, the consistently high classification metrics
indicate that the model learned discriminative visual features associated with soybean
diseases and achieved strong internal test performance within the available image dataset.

3.2. Classification Accuracy and Error Analysis

Evaluation of the independently held-out test set demonstrated strong classification
performance across the ten soybean disease classes (Figure 5; Table 2). The confusion matrix
is dominated by diagonal entries, indicating that the majority of test images were assigned
to their correct disease classes. Seven of the ten disease classes—bacterial blight, brown
spot, Cercospora leaf blight, Ferrugem, mosaic virus, southern blight, and Sudden death
syndrome—were classified without error on the independent test set.

EfficientNet-BO confusion matrix on the independent soybean disease test set
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Figure 5. Raw confusion matrix for the image-level held-out test set. Most errors originated from
Powdery mildew, with two images classified as Septoria and two classified as Yellow mosaic. All
matrix values represent image counts, and the row totals correspond to the class-support values
reported in Table 2.
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Table 2. Class-specific precision, recall, F1-score, and support obtained from predictions on the
image-level held-out test set. Values are reported separately for each soybean disease class to permit
transparent evaluation under the highly imbalanced class distribution.

Disease Class Precision Recall F1-Score Support
Bacterial blight 1.000 1.000 1.000 13
Brown spot 1.000 1.000 1.000 12
Cercospora leaf blight 1.000 1.000 1.000 1
Ferrugem 1.000 1.000 1.000 10
Mosaic virus 1.000 1.000 1.000 3
Powdery mildew 1.000 0.810 0.895 21
Septoria 0.600 1.000 0.750 3
Southern blight 1.000 1.000 1.000 9
Sudden death syndrome 1.000 1.000 1.000 17
Yellow mosaic 0.889 1.000 0.941 16

Most misclassifications involved Powdery mildew, for which 17 of 21 test images
were correctly classified. Two Powdery mildew images were incorrectly predicted as
Septoria, and two were predicted as Yellow mosaic, resulting in a recall of 80.95% for this
class. Although Septoria achieved perfect recall (3/3 correctly identified), one additional
image from another class was incorrectly assigned to Septoria, reducing its precision to
60.0%. Similarly, Yellow mosaic correctly classified all 16 test images (100% recall), but two
Powdery mildew images were incorrectly assigned to this class, resulting in a precision of
88.9%. These results indicate that the few remaining classification errors primarily occurred
among diseases exhibiting partially overlapping visual symptom characteristics.

Performance estimates for the rarest disease classes should nevertheless be interpreted
cautiously. Although the single independent test image of Cercospora leaf blight was
classified correctly, this result is based on only one sample and therefore does not provide a
reliable estimate of class-specific generalization performance. Likewise, Mosaic virus and
Septoria were represented by only three test images each. Consequently, cross-validation
provides a complementary estimate of model stability across image-level partitions, but it
does not eliminate the uncertainty associated with classes represented by very few images.
The held-out test set provides an additional internal evaluation based on images excluded
from model training and hyperparameter selection.

Overall, the model achieved an independent test accuracy of 96.19%, with weighted
and macro F1-scores of 96.28% and 95.86%, respectively. These findings indicate strong
overall discrimination within the available dataset; however, the aggregate performance
metrics should be interpreted together with the class-specific results and the very limited
support available for several minority classes.

To avoid masking minority-class behavior through aggregate metrics, unweighted
precision, recall, and Fl-score are reported separately for every disease class in Table 2,
together with the corresponding raw sample counts. These class-specific values were
generated from the same held-out predictions used to construct the confusion matrix in
Figure 5.

3.3. Model Interpretability

Grad-CAM visualization provided qualitative insight into the image regions that
contributed most strongly to the CNN predictions (Figure 6). Across the representative
examples from all ten soybean disease classes, the activation maps consistently emphasized
symptomatic leaf tissue rather than background regions, indicating that the model primarily
based its predictions on biologically relevant visual features. Regions receiving the strongest
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attention included necrotic lesions, chlorotic tissue, discoloration, and other characteristic
disease symptoms.

Bacterial blight Brown spot Cercospora leaf blight Ferrugem
Conf: 0.99 Conf: 1.00 Conf: 1.00

Conf: 0.99

Mosaic virus Powdery mildew Septoria Southern blight
Conf: 1.00 Conf: 0.92 Conf: 1.00 Conf: 0.99

Yellow mosaic
Conf: 0.99

Figure 6. Grad-CAM visualizations highlighting salient regions contributing to model predictions.
The model focuses on disease-specific lesion patterns and leaf regions, supporting biologically
meaningful feature learning.

The spatial distribution of model attention varied among disease classes in accordance
with their visual symptomatology. For diseases characterized by localized lesions, such
as Ferrugem and Cercospora leaf blight, the activation maps were concentrated around
the affected regions. In contrast, diseases exhibiting more diffuse symptom patterns,
including Sudden death syndrome, Yellow mosaic, and Powdery mildew, produced broader
activation patterns spanning larger portions of the leaf surface. These differences indicate
that the CNN adapted its attention to disease-specific symptom morphology rather than
relying on a fixed spatial pattern.

The Grad-CAM visualizations also demonstrated that model confidence was generally
associated with biologically plausible regions of the images. Most representative examples
were classified with high confidence, and the highlighted regions corresponded closely with
visible disease symptoms. These observations support the interpretation that the learned
feature representations capture diagnostically meaningful phenotypic characteristics that
contribute to accurate disease classification.

Because manually annotated lesion masks were not available, Grad-CAM was used as
a qualitative interpretability tool rather than a quantitative assessment of lesion localization
accuracy. Consequently, the visualizations provide evidence that the model attended
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to disease-associated features but should not be interpreted as precise delineations of
lesion boundaries.

3.4. Feature Representation and Embedding Structure

The high-dimensional feature embeddings extracted from the penultimate layer of
the EfficientNet-B0 model were visualized using t-distributed stochastic neighbor embed-
ding (t-SNE) (Figure 7). The resulting two-dimensional projection revealed well-defined
clusters corresponding to the ten soybean disease classes, indicating that the CNN learned
highly discriminative feature representations capable of separating diseases with distinct
visual characteristics.

t-SNE of image embeddings

s disease_label
e e  Bacterial blight
s Brown spot
w;’fif“ e  Cercospora leaf blight
s e Ferrugem
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Figure 7. t-SNE projection of learned image embeddings. Distinct clustering of disease classes
indicates strong separability in feature space, with partial grouping by pathogen type (fungal,
bacterial, viral).

Most disease classes formed compact clusters with minimal overlap, demonstrating
that images belonging to the same disease were consistently mapped to similar regions
of the learned feature space. The bacterial blight, brown spot, Sudden death syndrome,
and Yellow mosaic classes exhibited particularly well-separated clusters, whereas limited
proximity was observed among some fungal diseases, reflecting similarities in certain
visual symptoms rather than widespread overlap between classes.

Although pathogen type was represented by different marker symbols in the visualiza-
tion, the embedding space was organized primarily according to disease phenotype rather
than broad pathogen categories. Fungal diseases occupied multiple regions of the feature
space, indicating substantial phenotypic diversity among fungal pathogens, while bacterial
and viral diseases formed distinct disease-specific clusters. These findings suggest that
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Ferrugem
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the CNN primarily learned discriminative visual characteristics associated with disease
symptoms instead of grouping images solely according to pathogen taxonomy.

Overall, the embedding structure demonstrates that the learned feature representa-
tions effectively capture disease-specific phenotypic information while preserving bio-
logically meaningful relationships among visually similar diseases. These embeddings
formed the basis for the subsequent phenotypic similarity, clustering, and comparative
phylogenetic analyses.

3.5. Phenotypic Similarity and Network Structure

Pairwise phenotypic similarity was quantified using cosine similarity between class-
level feature embeddings extracted from the trained EfficientNet-BO model (Figure §;
Supplementary Tables S1 and S2). The resulting similarity matrix demonstrates that most
disease pairs exhibit low cosine similarity values, indicating that the CNN learned distinct
visual representations for the majority of soybean diseases. Nevertheless, several disease
pairs displayed moderate similarity, suggesting partial overlap in their visual symptom
characteristics. The strongest relationships were observed between Mosaic virus and
Southern blight (cosine similarity = 0.47), Bacterial blight and Brown spot (0.32), and
Ferrugem and Septoria (0.29).

Phenotypic similarity matrix (cosine similarity)

-1.0

Bacterial blight
Brown spot
Ferrugem
Mosaic virus
Powdery mildew
Septoria
Southern blight
Yellow mosaic

Cercospora leaf blight
Sudden death syndrome

Figure 8. Pairwise phenotypic similarity between disease classes computed using cosine similarity of
image embeddings. Higher values indicate visually similar disease manifestations.
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The phenotypic similarity network provides an intuitive visualization of these re-
lationships (Figure 9). Using an empirically selected similarity threshold, the resulting
network formed a sparse graph in which only disease pairs with relatively strong visual
similarity were connected. Most diseases exhibited only a limited number of connections,
reflecting the overall distinctiveness of the learned phenotypic representations. Several
fungal diseases occupied central positions within the network because they shared moder-
ate similarity with multiple disease classes, whereas bacterial and viral diseases generally
formed fewer connections.

Phenotypic disease similarity network

Pathogen Group
I Fungal disease
[ Bacterial disease
[ Viral disease

Figure 9. Network representation of disease similarity based on phenotypic features. Nodes
represent diseases and edges denote high similarity relationships, revealing clusters of visually
related conditions.

Aggregation of embeddings at the pathogen level revealed a similar overall pattern
(Figure S7). Although moderate similarities were observed among a small number of
pathogen pairs, most pathogen-level relationships remained weak, indicating substantial
phenotypic diversity even among related pathogens. These observations suggest that
visual similarity is influenced not only by pathogen taxonomy but also by the specific
manifestation of disease symptoms on soybean leaves.

Overall, the phenotypic similarity analyses demonstrate that the CNN learned bio-
logically meaningful feature representations that distinguish most soybean diseases while
preserving relationships among diseases with partially overlapping visual characteristics.
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These learned phenotypic relationships provide the basis for subsequent comparisons with
pathogen taxonomy and evolutionary history.

3.6. Sequence-Based Phylogenetic Relationships

Sequence-based genetic distances among the fungal pathogens, inferred from 285
rRNA sequences, revealed clear patterns of evolutionary divergence (Figure S1). Closely
related taxa, including Septoria glycines and Cercospora kikuchii, exhibited relatively small
genetic distances, whereas more distantly related pathogens, such as Sclerotium rolfsii,
showed substantially greater divergence from the remaining fungal species. Overall, the
genetic distance matrix was consistent with established taxonomic relationships among the
fungal pathogens included in this study.

Mapping these sequence-derived distances to their corresponding soybean diseases
produced a disease-level genetic distance matrix that preserved the underlying evolutionary
relationships (Figure S2). Diseases caused by closely related fungal pathogens, including
Septoria and Cercospora leaf blight, exhibited relatively small genetic distances, whereas
diseases associated with more evolutionarily distant pathogens were clearly separated.
This disease-level representation enabled direct comparison between pathogen phylogeny
and the CNN-derived phenotypic relationships.

The Neighbor-Joining phylogenetic tree further illustrated the evolutionary relation-
ships among the fungal pathogens (Figure S3). Septoria glycines and Cercospora kikuchii
formed a closely related lineage, whereas Phakopsora pachyrhizi occupied a distinct branch.
Fusarium virguliforme and Sclerotium rolfsii were positioned on more divergent lineages,
reflecting their greater evolutionary separation from the remaining fungal pathogens. The
phylogenetic tree therefore provided the biological framework for subsequent comparisons
between genetic relatedness and CNN-derived phenotypic similarity.

3.7. Comparative Clustering of Phenotypic and Genetic Relationships

Hierarchical clustering of the sequence-derived genetic distance matrix revealed dis-
tinct evolutionary groupings among the fungal pathogens (Figure S4). Closely related
species, including Septoria glycines and Cercospora kikuchii, clustered together, whereas
Fusarium virguliforme and Sclerotium rolfsii occupied more divergent branches, consistent
with the phylogenetic tree and genetic distance analyses.

Hierarchical clustering of the CNN-derived phenotypic distance matrix produced
a different organizational pattern (Figure S5). Although several disease pairs exhibited
similar relationships in both dendrograms, the overall clustering structure differed from that
inferred from sequence data. Diseases with comparable visual symptoms were frequently
grouped together despite being evolutionarily distant, whereas some closely related fungal
pathogens were separated because of differences in their observable disease phenotypes.

Comparison of the phenotypic and genetic dendrograms therefore revealed only par-
tial concordance between visual similarity and pathogen evolutionary relationships. These
findings suggest that the CNN-derived feature embeddings capture biologically meaning-
ful aspects of disease symptom expression that are related to, but not fully determined by,
pathogen phylogeny. Consequently, phenotypic similarity reflects both shared evolutionary
history and convergent or divergent symptom development among soybean diseases. The
degree of agreement between the phenotypic and genetic distance matrices was evaluated
quantitatively using matrix correlation analyses, the results of which are presented in the
following section.

3.8. Pathogen-Level Phenotypic Similarity

To facilitate comparison between pathogen taxonomy and CNN-derived phenotypic
relationships, pathogen-level similarity matrices were generated from both biological
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classification (Figure 10) and the learned feature embeddings (Figure S7). The taxonomy-
based matrix reflects the expected evolutionary separation among fungal, bacterial, and
viral pathogens, with closely related taxa exhibiting smaller taxonomic distances and more
distantly related pathogens occupying distinct groups.

Taxonomy-derived pathogen distance matrix

Bacterial blight

Brown spot

Cercospora leaf blight
Ferrugem

Mosaic virus

Powdery mildew
Septoria

Southern blight

Sudden death syndrome
Yellow mosaic

Figure 10. Taxonomy-based distance matrix between pathogens. Distances reflect bio-
logical relatedness derived from taxonomic hierarchy, with higher values indicating greater
evolutionary divergence.

In contrast, the pathogen-level phenotypic similarity matrix derived from the CNN
embeddings revealed a more heterogeneous pattern (Figure S7). Most pathogen pairs ex-
hibited low to moderate cosine similarity, indicating that the learned visual representations
remained largely distinct across diseases. Nevertheless, several pathogen pairs displayed
moderate similarity, reflecting shared visual symptom characteristics despite differences in
taxonomic relationships.

Comparison of the taxonomy-based and phenotype-based matrices indicates that
pathogen classification alone does not fully explain the observed phenotypic relationships.
While some visually similar diseases were caused by related pathogens, others exhibited
comparable symptom patterns despite greater evolutionary separation. These findings
are consistent with the disease-level analyses and demonstrate that the CNN primar-
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ily learned relationships based on observable disease phenotypes rather than pathogen
taxonomy alone.

Overall, the pathogen-level analyses complement the disease-level similarity results
by demonstrating that learned phenotypic relationships are only partially aligned with
biological classification, providing additional evidence that symptom expression captures
information beyond evolutionary relatedness.

3.9. Phenotype—Phylogeny Association

To quantitatively assess the relationship between learned phenotypic similarity and
pathogen evolutionary relationships, a Mantel test was performed using the fungal
pathogen distance matrices (Figure S6). The analysis revealed a significant positive asso-
ciation between the CNN-derived phenotypic distances and the sequence-based genetic
distances (Mantel Spearman r = 0.3393, p = 0.0050), indicating that visually similar fungal
diseases tended to be associated with more closely related pathogens. Although statisti-
cally significant, the magnitude of the correlation was moderate, suggesting that pathogen
phylogeny explains only part of the observed phenotypic variation.

The relationship between phenotypic and genetic distances is illustrated in Figure
S6. Although considerable variability remained among individual disease pairs, the over-
all trend indicates increasing phenotypic similarity among more closely related fungal
pathogens. These findings demonstrate that the feature representations learned by the
CNN capture a measurable phylogenetic signal while also reflecting additional sources of
phenotypic variation.

The moderate strength of the association likely reflects the multifactorial nature of dis-
ease symptom development. In addition to pathogen evolutionary history, visible disease
phenotypes are influenced by host responses, infection stage, environmental conditions,
and pathogen-specific mechanisms of symptom expression. Furthermore, the phenotype—
phylogeny comparison was intentionally performed on the fungal subset of the dataset
because it comprised multiple evolutionarily distinct pathogens, enabling meaningful
comparative analysis. The bacterial and viral subsets contained too few disease classes
for comparable phylogenetic evaluation. In addition, the 285 rRNA marker provides only
moderate phylogenetic resolution among fungal taxa.

Overall, these results indicate that CNN-derived phenotypic representations capture
biologically meaningful information that is partially consistent with pathogen evolutionary
relationships. Rather than serving as a direct surrogate for phylogeny, the learned em-
beddings provide complementary phenotypic information that reflects both evolutionary
history and the complex biological processes underlying disease symptom development.

4. Discussion
4.1. Deep Learning Performance and Robustness in Disease Classification

The results demonstrate that the proposed deep learning framework achieved high
classification performance for soybean disease recognition despite the pronounced class
imbalance of the dataset [9]. The close agreement between the training and validation
learning curves indicates stable convergence throughout the optimization process, suggest-
ing that the adopted augmentation, weighted loss function, and regularization strategies
effectively mitigated overfitting while promoting good generalization.

The model achieved a mean cross-validation accuracy of 98.72 £ 1.17% and a weighted
F1-score of 98.74 £ 1.16%, while the image-level held-out test set yielded an overall accuracy
of 96.19%, a weighted F1-score of 96.28%, and a macro F1-score of 95.86%. These results
indicate that the learned feature representations generalized well across independent data
while maintaining consistent performance across repeated training partitions.
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Although most disease classes were classified with high precision and recall, per-
formance remained influenced by the severe class imbalance. Rare diseases, particularly
Cercospora leaf blight, Septoria, and Mosaic virus, were represented by very few training
and test images, limiting the reliability of class-specific performance estimates. Conse-
quently, the perfect classification observed for some underrepresented classes should be
interpreted cautiously and validated using larger and more balanced datasets. Neverthe-
less, the consistently strong overall performance demonstrates the ability of deep learning
models to learn discriminative visual representations from complex plant disease symp-
toms [8,51]. Similar advantages of CNN-based approaches over conventional machine
learning methods have been reported in agricultural image analysis, particularly for their
ability to automatically extract hierarchical image features and achieve high predictive
accuracy [11,13].

Despite these encouraging results, several limitations should be acknowledged. The
dataset comprised only 703 images distributed across ten disease classes, with a largest-to-
smallest class ratio of approximately 27:1, representing a highly imbalanced classification
problem. Although weighted sampling, class-weighted loss, data augmentation, and
regularization reduced the impact of this imbalance, larger and more balanced datasets
will be essential for further improving model robustness, particularly for rare diseases, and
for evaluating generalization across broader imaging conditions.

The cross-validation results further support the stability of the proposed framework.
The low standard deviations observed across folds indicate limited sensitivity to the specific
train—validation partition, suggesting that the network consistently learned reproducible
phenotypic features rather than memorizing partition-specific characteristics. The modest
reduction in performance on the independent test set relative to cross-validation is expected
and reflects evaluation on previously unseen images, providing additional evidence of the
model’s generalization capability.

4.2. Biological Relevance of Learned Features

Beyond predictive performance, model interpretability provides important insight into
the biological relevance of the learned feature representations. The Grad-CAM visualiza-
tions consistently highlighted disease-relevant image regions, including lesion boundaries,
chlorotic tissue, necrotic areas, and other symptomatic leaf structures. These observations
suggest that the model primarily relied on biologically meaningful phenotypic characteris-
tics rather than irrelevant background information when generating its predictions [19,20].

The localization of the highlighted regions is consistent with established principles
of plant pathology, in which visible disease symptoms reflect pathogen infection and
host physiological responses [5,7]. Such biologically plausible attention patterns increase
confidence that the model learned diagnostically relevant visual features and support its
potential applicability to automated disease recognition in agricultural settings [52,53].

Nevertheless, the Grad-CAM analysis should be interpreted as qualitative evidence
of model attention rather than a quantitative assessment of lesion localization. Because
pixel-level or lesion-level annotations were not available, the highlighted regions cannot
be considered a formal validation of localization accuracy. Future studies incorporating
expert lesion annotations or segmentation masks would enable a more rigorous evaluation
of the correspondence between model attention and disease symptoms.

4.3. Structure of the Phenotypic Feature Space

The t-SNE visualization of the learned embeddings revealed a structured and discrim-
inative feature space, with clear separation among most disease classes. This organization
indicates that the CNN learned compact feature representations capable of distinguish-
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ing diverse soybean disease phenotypes while preserving within-class similarity. Such
structured latent representations are characteristic of deep convolutional networks trained
for image classification and reflect their ability to encode complex visual patterns into
discriminative feature spaces [31,33].

Rather than clustering primarily according to pathogen taxonomy, the learned fea-
ture space was organized predominantly by visual symptom characteristics. Diseases
exhibiting similar lesion morphology, chlorosis, discoloration, or tissue damage occupied
relatively closer regions of the embedding space, whereas taxonomically related pathogens
were not consistently grouped together. This observation is consistent with the objec-
tive of the CNN, which optimizes discrimination based on image appearance rather than
evolutionary relationships.

From a plant pathology perspective, these findings suggest that CNN-derived embed-
dings capture biologically relevant phenotypic variation associated with disease expression.
The resulting feature space therefore reflects both disease-specific visual signatures and
symptom characteristics shared across different diseases, which may arise from common
host physiological responses, similar pathological processes, or convergent symptom de-
velopment rather than close evolutionary relatedness [38]. This interpretation is further
supported by the moderate—but statistically significant—association observed between
phenotypic similarity and fungal phylogeny, indicating that pathogen evolution contributes
to, but does not solely determine, the organization of the learned feature space.

4.4. Phenotypic Similarity and Disease Relationships

The phenotypic similarity matrix and network analysis demonstrate that visual rela-
tionships among soybean diseases are structured but heterogeneous. While several disease
pairs exhibited moderate phenotypic similarity, most pairwise relationships remained weak,
indicating that the learned feature representations effectively distinguished the majority of
disease classes despite the presence of shared visual characteristics.

The sparse connectivity observed in the phenotypic similarity network further sup-
ports this interpretation, with only a limited number of disease pairs exhibiting stronger
associations. Rather than reflecting pathogen taxonomy, these localized relationships ap-
pear to be driven primarily by similarities in symptom expression, such as comparable
lesion morphology, chlorosis, or tissue damage. This finding reinforces the interpretation
that CNN-derived embeddings capture visual phenotypic characteristics more strongly
than pathogen identity.

These observations are consistent with systems biology perspectives, in which com-
plex biological traits are organized as partially connected networks rather than discrete or
fully cohesive groups [37,53,54]. Nevertheless, phenotypic similarity alone cannot fully
explain disease relationships because symptom expression is influenced by multiple in-
teracting factors, including pathogen biology, host genotype, disease progression, and
environmental conditions [28,55]. Consequently, visually similar diseases may arise from
distinct pathogens, whereas closely related pathogens may produce substantially different
symptom phenotypes under varying biological and environmental contexts.

4.5. Phylogenetic and Taxonomic Insights

The taxonomy-derived distance analysis provided a broad biological framework for in-
terpreting relationships among the pathogens represented in the dataset, reflecting their hi-
erarchical classification across fungal, bacterial, and viral groups. Complementing this anal-
ysis, the sequence-based phylogenetic reconstruction of the fungal subset recovered the ex-
pected evolutionary relationships among the fungal pathogens, providing an independent
biological reference for comparison with the CNN-derived phenotypic representations.
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The use of the 285 rRNA marker provided a well-established basis for inferring broad
evolutionary relationships among fungi, consistent with its widespread application in
fungal systematics [23]. However, because this marker is relatively conserved, it offers
limited resolution for distinguishing closely related taxa [56]. Consequently, the inferred
phylogeny is appropriate for evaluating general evolutionary relationships but may not
capture more recent evolutionary divergence or species-level variation.

Together, the taxonomy-based and sequence-based analyses provide complementary
biological context for interpreting the phenotypic similarity learned by the CNN. While
taxonomy reflects hierarchical biological classification and phylogenetic analysis captures
evolutionary relatedness within the fungal subset, neither alone fully explains the observed
organization of the learned feature space, highlighting the complex relationship between
pathogen evolution and disease symptom expression.

4.6. Relationship Between Phenotype and Phylogeny

A central finding of this study is that the relationship between phenotypic similarity
and pathogen phylogeny is significant but incomplete. The Mantel analysis revealed a mod-
erate positive association between CNN-derived phenotypic distances and sequence-based
genetic distances, indicating that evolutionary relatedness contributes to the organiza-
tion of the learned feature space. However, the moderate magnitude of the correlation
demonstrates that phylogeny explains only part of the observed phenotypic variation,
suggesting that the learned feature representations capture a detectable but not exclusive
phylogenetic signal.

Several biological factors likely contribute to this partial correspondence. Closely re-
lated pathogens may produce distinct disease symptoms because of differences in infection
strategies, virulence factors, tissue colonization, or interactions with the host. Conversely,
phylogenetically distant pathogens may exhibit similar visual symptoms by inducing com-
parable physiological responses or affecting similar host tissues, resulting in convergent
disease phenotypes [28,57]. Consequently, visual similarity does not necessarily imply
close evolutionary relatedness. Moreover, the phenotype represented in leaf images reflects
not only pathogen evolutionary history but also disease progression and the complex inter-
actions between the pathogen and its host, further contributing to variation in symptom
expression [58].

Host and environmental influences add another layer of complexity to disease ex-
pression. Host genotype, developmental stage, and immune responses interact with
environmental factors such as temperature, humidity, and nutrient availability to influence
symptom severity and appearance [6,59-62]. As a result, the visible phenotype captured
in leaf images represents the combined effects of pathogen biology, host physiology, and
environmental conditions rather than pathogen evolution alone.

The scope of the phylogenetic analysis should also be considered when interpret-
ing these findings. The comparison was intentionally restricted to the fungal subset of
the dataset because it represented the only pathogen group with sufficient taxonomic
diversity for meaningful comparative phylogenetic analysis. Furthermore, the relatively
conserved 285 rRNA marker is well suited for reconstructing broad evolutionary relation-
ships but provides limited resolution for distinguishing closely related fungal taxa [55,63].
Future studies incorporating a broader diversity of pathogen groups together with higher-
resolution molecular markers may provide a more comprehensive understanding of the
relationship between pathogen evolution and disease phenotype.

Overall, the observed phenotype—phylogeny association supports the biological rele-
vance of the CNN-derived embeddings while demonstrating that visual disease pheno-
types represent an integrated outcome of evolutionary, physiological, and environmental
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processes. Rather than serving as a direct surrogate for phylogeny, deep learning-based phe-
notypic representations provide complementary biological information that can enhance
the interpretation of plant disease diversity when integrated with traditional evolutionary
analyses [64].

4.7. Implications for Multi-Modal Plant Disease Analysis

The findings of this study highlight the value of integrating complementary sources
of biological information to better understand plant disease systems. While deep learning
effectively captured phenotypic characteristics for accurate disease classification, and phy-
logenetic analysis provided insight into pathogen evolutionary relationships, the moderate
association between these two domains indicates that neither approach alone fully explains
the complexity of plant-pathogen interactions. Instead, phenotypic and evolutionary
information provide complementary perspectives on disease biology.

Future research could further strengthen this integrative framework by incorporating
higher-resolution molecular markers, such as the internal transcribed spacer (ITS) region
or whole-genome sequencing, to improve phylogenetic resolution [62,65]. Expanding
the diversity of pathogen groups and increasing the number of representative disease
classes would also enable broader evaluations of phenotype—phylogeny relationships.
In addition, integrating environmental variables and host genotype information could
improve the characterization of disease phenotypes by accounting for important biological
and ecological factors influencing symptom development [3,66].

From a methodological perspective, multi-modal machine learning approaches that
integrate image-based phenotyping with genomic, taxonomic, and environmental informa-
tion represent a promising direction for advancing plant disease diagnostics and precision
agriculture [11,16]. Such approaches could improve both predictive performance and bio-
logical interpretability, facilitating more comprehensive analyses of plant disease diversity
and supporting decision-making in crop health monitoring and disease management.

4.8. Practical Implications for Precision Agriculture

Beyond its biological insights, the proposed framework has potential applications
in precision agriculture and digital crop health monitoring. Recent advances in deep
learning and computer vision have demonstrated considerable potential for supporting
rapid, image-based plant disease diagnosis using smartphones, unmanned aerial vehicles
(UAVs), and other field imaging platforms, thereby facilitating early disease detection
and more timely crop management decisions. At the same time, recent reviews have
emphasized that successful field deployment depends not only on classification accuracy
but also on model interpretability, computational efficiency, robustness under variable
environmental conditions, and seamless integration with agricultural decision-support
systems [67].

In this context, the incorporation of explainable artificial intelligence techniques,
such as Grad-CAM, provides an additional advantage by highlighting the symptomatic
regions that contribute to model predictions, thereby increasing model transparency and
supporting expert interpretation. Likewise, the phenotypic embedding analysis presented
in this study demonstrates that deep learning models can learn structured representations
of disease symptoms that extend beyond conventional classification tasks. Such latent
representations may support future applications including disease similarity analysis,
retrieval of visually related diseases, and integration with genomic, environmental, and
agronomic information within multimodal decision-support systems. Recent studies have
identified the integration of explainable artificial intelligence, multimodal sensing, and
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biologically informed representations as important directions for the next generation of
intelligent agricultural systems [68].

Although the present study focused on soybean diseases, the proposed analytical
framework is largely model-agnostic and could potentially be adapted to other crops
provided that sufficiently diverse, representative, and well-annotated image datasets are
available. Future work should evaluate the proposed framework under practical agricul-
tural conditions, including deployment on lightweight edge devices and mobile platforms,
integration with UAV-based monitoring systems, and validation using multi-location
datasets encompassing diverse crop species, cultivars, and environmental conditions. Such
developments would facilitate the translation of deep learning-based disease phenotyping
from controlled research settings to scalable real-time crop monitoring applications in
precision agriculture [69].

4.9. Study Limitations

Several limitations of this study should be acknowledged. First, although the proposed
framework achieved strong classification performance, the dataset remained relatively
small for deep learning applications and highly imbalanced across disease classes, partic-
ularly for underrepresented diseases such as Cercospora leaf blight and Septoria. While
weighted sampling, class-weighted loss, data augmentation, and regularization helped
mitigate these challenges, larger and more balanced datasets are needed to improve model
robustness, provide more reliable estimates of class-specific performance, and reduce
potential sampling bias.

Second, the sequence-based phylogenetic analysis was intentionally restricted to the
fungal subset of the dataset because it represented the only pathogen group with sufficient
taxonomic diversity for meaningful comparative analysis. Although this enabled the
detection of a significant phenotype-phylogeny association, the relatively small number of
fungal taxa limits the broader generalizability of these findings. Expanding future studies to
include a greater diversity of pathogen groups will allow more comprehensive evaluations
of phenotype—phylogeny relationships.

Third, the use of the conserved 285 rRNA marker provided a robust framework
for broad phylogenetic inference but offered limited resolution for distinguishing closely
related fungal taxa. Higher-resolution molecular markers, such as ITS regions, multilo-
cus datasets, or whole-genome sequences, may improve future evolutionary analyses by
capturing finer-scale genetic variation.

Fourth, the Grad-CAM interpretability analysis was qualitative because manually
annotated lesion masks were unavailable. Consequently, the highlighted regions should
be interpreted as evidence of model attention rather than quantitative validation of lesion
localization. Future studies incorporating expert lesion annotations together with larger
multimodal datasets will enable more rigorous evaluation of the biological relevance of
CNN-derived feature representations.

The generalizability of the proposed framework should be interpreted with appropri-
ate caution. The present study was conducted using a publicly available dataset comprising
703 soybean leaf images acquired under a limited range of imaging conditions. Conse-
quently, the model was not evaluated across different geographic regions, environmental
conditions, soybean cultivars, growth stages, imaging devices, or naturally occurring mixed
infections. Variations in illumination, background complexity, symptom severity, leaf ori-
entation, camera characteristics, and cultivar-specific symptom expression may influence
model performance under practical field conditions. Recent studies have emphasized that
robust deep learning applications in plant pathology require larger, more diverse datasets
collected across multiple environments and imaging scenarios [70,71]. Furthermore, emerg-
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ing developments in computational plant pathology, including multimodal phenotyping,
federated learning, transformer-based architectures, and concept-driven explainability
frameworks, provide promising opportunities to improve the robustness, scalability, and
biological interpretability of future disease analysis systems [72,73]. Accordingly, future re-
search should validate the proposed framework using independent multi-location datasets
encompassing diverse environments, soybean cultivars, growing seasons, and imaging con-
ditions to assess its robustness and facilitate its translation into practical decision-support
systems for precision agriculture.

Finally, dataset partitioning was necessarily performed at the individual-image level
because the public dataset did not provide identifiers for individual leaves, plants, plots,
fields, imaging sessions, soybean cultivars, or geographic locations. Although exact image
reuse across partitions was prevented and available metadata were inspected, it was not
possible to verify that all visually related images originated from independent biological
specimens or collection environments. Consequently, residual dependence among images
and learning of background-, specimen-, or acquisition-specific features cannot be com-
pletely excluded. The reported held-out performance should therefore be interpreted as
internal validation within the available dataset rather than evidence of external general-
izability. Future studies should employ group-aware splitting based on plant, leaf, field,
location, and acquisition-session identifiers and should include external validation across
independent regions, cultivars, growing seasons, devices, and field conditions.

5. Conclusions

This study presents an integrative framework combining deep learning-based pheno-
typic analysis with phylogenetic inference to investigate the relationship between soybean
disease symptoms and pathogen evolutionary history. The proposed EfficientNet-BO model
achieved high classification performance across ten soybean disease classes, demonstrating
that convolutional neural networks can effectively learn discriminative visual representa-
tions despite substantial class imbalance. Furthermore, the learned feature embeddings
formed a structured phenotypic space that clearly separated most disease classes while
preserving biologically meaningful relationships among visually similar disease symptoms.

Comparative analyses of phenotypic similarity, taxonomy, and sequence-based phy-
logeny showed that the learned feature space was organized primarily according to visual
symptom characteristics rather than pathogen taxonomy. Nevertheless, the Mantel analysis
identified a moderate and statistically significant association between phenotypic and
phylogenetic distances, indicating that CNN-derived feature representations contain a
detectable phylogenetic signal while also reflecting additional sources of biological vari-
ation. These findings suggest that pathogen evolutionary history contributes to disease
phenotype but does not solely determine its visual expression.

The results further demonstrate that disease phenotypes arise from the combined
influence of pathogen evolution, host responses, disease progression, and environmental
conditions. Consequently, deep learning-derived phenotypic representations should not be
regarded as direct surrogates for pathogen phylogeny but rather as complementary sources
of biological information that can enhance the interpretation of plant disease diversity.

From a methodological perspective, this study illustrates the value of integrating
image-based phenotyping with phylogenetic analysis to move beyond automated disease
classification toward biologically informed interpretation of deep learning models. Such
integrative approaches have the potential to improve both the interpretability of artificial
intelligence systems and our understanding of plant-pathogen interactions.

Future research should expand both phenotypic and genomic datasets, incorporate
a broader diversity of pathogen groups, employ higher-resolution molecular markers
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such as ITS regions, multilocus datasets, or whole-genome sequencing, and integrate
additional sources of information including host genotype and environmental variables.
These advances will enable more comprehensive investigations of phenotype-phylogeny
relationships and support the development of more accurate, interpretable, and biologically
informed disease diagnostic systems for precision agriculture.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/agronomy16151486/s1, Figure S1: Pairwise genetic distance matrix among
fungal pathogens computed using 285 rRNA sequence divergence (p-distance); Figure S2: Disease-level
genetic distance matrix derived from fungal pathogen sequences, mapped to corresponding disease
classes; Figure S3: Neighbor-Joining phylogenetic tree of fungal pathogens inferred from 28S rRNA
sequences, showing evolutionary relationships among species; Figure S4: Comparison of clustering
structures derived from phenotypic similarity (left) and sequence-based genetic distance (right) for fungal
pathogens; Figure S5: Comparison between phenotype-based and taxonomy-derived dendrograms, high-
lighting differences between visual similarity and evolutionary relationships; Figure S6: Relationship
between phenotypic and sequence-derived distances among fungal pathogens. Weak correlation sug-
gests partial decoupling between visual symptoms and genetic relatedness; Figure S7: Phenotypic
similarity matrix at the pathogen level derived from image embeddings, illustrating relationships
between causal agents beyond disease labels. Table S1: Pairwise Euclidean distance matrix among
disease-class embeddings derived from the trained EfficientNet-B0 model; Table S2: Phenotypic similar-
ity matrix obtained by transforming Euclidean distances (Similarity = 1 — Distance); Table S3: Pairwise
disease relationships retained in the thresholded phenotypic similarity network. Only disease pairs
with cosine similarity greater than or equal to the network threshold are included; Table S4: Pairwise
phenotypic and sequence-derived distances among fungal diseases used in the Mantel test. Phenotypic
distances were calculated from disease embedding centroids derived from the trained EfficientNet-BO
model, whereas sequence-derived distances were obtained from the corresponding fungal pathogen
phylogeny based on 285 rRNA sequences. Each row represents one pairwise comparison included in
the Mantel correlation analysis after excluding unavailable sequence comparisons.

Author Contributions: Conceptualization, M.A K.; methodology, D.K. and K.M.; formal analysis,
M.A K. and D.K,; investigation, M.A.K.; data curation, M.A K_; writing—original draft preparation,
M.A K,; writing—review and editing, KM. and D.K.; supervision, M.A K,; project administration,
M.A K. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The image dataset used in this study was assembled primarily from
publicly available images obtained through Kaggle.com, supplemented with sudden death syn-
drome images from our previous study. The source code and Jupyter notebook used for data
preprocessing, deterministic partitioning, model training, evaluation, feature extraction, visualiza-
tion, and phenotype—phylogeny analysis are publicly available at the following GitHub repository:
[https:/ /github.com /abdelmajidk /soybean-phenotype-phylogeny (accessed on 26 July 2026)]. The
public dataset source and required directory organization are described in the repository README.

Acknowledgments: The authors acknowledge the developers and maintainers of open-source
scientific software, including Python, Jupyter Notebooks, pandas, Matplotlib, and seaborn, whose
tools enabled the reproducible computational analyses presented in this work.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence
CNN Convolutional Neural Network

https://doi.org/10.3390/agronomy16151486


https://www.mdpi.com/article/10.3390/agronomy16151486/s1
https://www.mdpi.com/article/10.3390/agronomy16151486/s1
https://github.com/abdelmajidk/soybean-phenotype-phylogeny
https://doi.org/10.3390/agronomy16151486

Agronomy 2026, 16, 1486 28 of 30

F1 Weighted F1-score

Grad-CAM  Gradient-weighted Class Activation Mapping
ITS Internal Transcribed Spacer

ML Machine Learning

NJ Neighbor-Joining

PCA Principal Component Analysis

r Spearman correlation coefficient

rRNA Ribosomal RNA

SDS Sudden Death Syndrome

t-SNE t-distributed Stochastic Neighbor Embedding
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