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ABSTRACT
Coffee has long promoted international trade and prosperity, employing millions of small-
scale producers. The high demand for this crop has resulted in global supply networks. Young 
coffee seedlings are vulnerable to fungal diseases such as damping-off and root rot, which cause 
significant damage and substantially reduce plant productivity. Signs include wilting, root rot, 
and seedling death both before and after sprouting. Deep learning could allow automatic and 
scalable prediction of plant diseases. This study aims to enhance early detection of coffee seedling 
diseases, ensure model adaptability across samples, and optimize computational efficiency for 
practical implementation. The proposed Vision-based Heterogeneous Graph Neural Network 
(Vi-HGNN) model, which combines computer vision and graph neural networks (GNNs), 
provides information about disease transmission patterns over time and space. After training, 
the model can accurately detect early signs of infection, allowing farmers to intervene before 
the damage spreads. Experimental results show that Vi-HGNN achieves a 97.77 % detection 
accuracy, outperforming existing methods in precision, F1-score, and pathogen coverage. 
Future developments will aim to expand detection capabilities to include additional diseases, 
pests, and weeds, improving overall crop health monitoring.

Keywords: Machine learning, Vi-HGNN, disease detection, neural network, image analysis, 
Mask R-CNN.

INTRODUCTION
Damping-off and root rot are widespread fungal diseases affecting coffee (Coffea spp.) 
at various growth stages. Root rot, primarily caused by Armillaria mellea and Rosellinia 
bunodes, affects mature coffee trees and leads to stunted growth, wilting, chlorosis, 
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and decay of roots and bark at the soil line. Infected plants show withered, darkened 
roots that impair nutrient uptake and overall plant performance (Appavu et al., 2025). 
Other soil-borne fungi, including Pythium, Rhizoctonia, and Fusarium, also disrupt 
early coffee development and frequently cause high seedling mortality shortly after 
germination (Li et al., 2024).
Damping-off disease, mainly associated with Pythium, Rhizoctonia, and Phytophthora 
species, affects seedlings both before and after emergence (Abdelrhim et al., 2023). In 
pre-emergence damping-off, fungal infection destroys seeds and young roots before 
sprouting. Post-emergence infections target the stem base and roots, producing tissue 
rot, wilting, discoloration, and eventual collapse (El-Abeid et al., 2024). Environmental 
stressors, including excessive humidity, poor aeration, drought, or high temperatures, 
favor fungal proliferation, and poor nursery management or overcrowding further 
increases disease incidence in young coffee plantations.
Other fungal pathogens can co-occur with damping-off and root rot in coffee 
plantations. Cercospora spp. cause leaf spots, while Colletotrichum spp. are responsible 
for anthracnose, producing dark, necrotic lesions on stems and leaves. Alternaria 
spp. induce circular brown spots surrounded by yellow halos. Moreover, Hemileia 
vastatrix, the causal agent of coffee leaf rust, can lead to severe defoliation and reduce 
photosynthetic capacity. In some cases, bacterial diseases such as bacterial blight or 
canker may also cause wilting and plant death (Ezzeldin et al., 2024; Lamprecht et al., 
2024).
Precision agriculture provides new opportunities for early disease detection. 
Unmanned aerial vehicles (UAVs) equipped with multispectral, hyperspectral, 
thermal, and Red-Green-Blue (RGB) sensors enable real-time monitoring of plant 
stress, disease progression, and soil variability. Hyperspectral and multispectral 
imaging capture physiological stress signatures, thermal imaging identifies irrigation 
or pest-related anomalies, and Light Detection and Ranging (LiDAR) characterizes 
canopy structure and field topography. These data, supported by GPS georeferencing 
and wireless transmission, enhance decision-making in field management (Yu et 
al., 2024; Zhang et al., 2024). UAV systems have been used to detect plant diseases, 
monitor crop health, and optimize agricultural inputs using satellite mapping, image 
processing, pattern learning, and predictive modeling, supporting future frameworks 
for crop rotation and climate-impact analysis (Puri et al., 2017).
Recent advances in machine learning further support automated, early disease 
detection. Vision-based Heterogeneous Graph Neural Networks (Vi-HGNNs) provide 
an innovative methodology for processing intricate visual data by representing images 
as graphs, where nodes correspond to pixels or regions and edges delineate spatial or 
semantic relationships (Rahman et al., 2022). Patch-based graph processing enables the 
model to extract and refine features through graph convolutional operations, allowing 
more detailed pattern recognition than conventional convolutional neural networks 
(CNNs) (Thakur and Raj, 2024). When trained with annotated datasets of healthy and 
diseased seedlings, Vi-HGNNs can outperform manual inspection in both accuracy 
and speed (Saravanan, 2025).
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Deep learning systems, particularly CNN models trained with UAV imagery, show 
strong potential for disease identification across diverse environments, although 
effective generalization still requires extensive training (Bouguettaya et al., 2023). 
Additional Artificial Intelligence (AI)-driven strategies include GNN-based analysis of 
spatial dependencies (Ferreira et al., 2023), AI-operated drones for pesticide and disease 
detection (Rajagopal and Raja Murugan, 2023), and integrated AI-image processing-
remote sensing platforms for scalable pest and disease monitoring (Abdullah et al., 
2023; Jasiman and Fourati, 2023). UAV-enabled weed and crop monitoring also makes 
better use of resources and increases payload efficiency (Lawrence et al., 2023; Abbas 
et al., 2023). Furthermore, non-convex optimization algorithms support parameter 
tuning in agricultural data, while machine-learning-based fertilizer recommendation 
tools enhance nutrient management through mobile platforms (Lovas et al., 2023).
Based on these advances, the proposed study formulates three hypotheses: (1) using 
Vi-HGNN architecture will substantially improve early-stage disease detection 
compared with region-based detectors and convolutional layers such as Faster 
R-CNN, ResNet-derived CNNs, and Mask R-CNN, due to its capacity to capture 
hierarchical structural dependencies in seedling morphology; (2) through graph-
integrated feature aggregation and visual representation, Vi-HGNN is expected to 
achieve higher precision, recall, and F1-scores across diverse coffee seedling images 
than baseline models; and (3) Vi-HGNN will demonstrate faster inference latency 
and reduced computational overhead through efficient message-passing operations, 
supporting real-time disease surveillance and decision-support applications.
The proposed Vi-HGNN model builds on these strengths by integrating computer 
vision with graph neural network architectures to enhance both accuracy and 
computational efficiency. Its performance was evaluated against state-of-the-art deep 
learning models used in plant disease classification, including ResNet, DenseNet, 
and EfficientNet. The model achieved a 97.77 % detection accuracy, surpassing the 
95–96 % benchmark reported in recent work, demonstrating its effectiveness for early 
detection of damping-off and root rot in coffee seedlings and its scalability for real-
world agricultural monitoring.

MATERIALS AND METHODS
Visualization of coffee crop damping-off and root rot diseases was conducted using 
the HGNN model. DJI Agras agricultural drones were used to monitor affected areas 
(Figure 1), using sensors to track plant temperature, soil moisture, light intensity, 
CO₂ concentration, pH, and nitrogen, phosphorus, and potassium (NPK) levels for 
optimal plant growth and early disease detection (Tamilvizhi et al., 2022). The CNN 
backbone of the proposed model is ResNet-50, pretrained on ImageNet and fine-tuned 
for the coffee disease dataset. A k-nearest neighbors (k = 10) algorithm was applied to 
construct the graph, connecting nodes with a cosine similarity threshold of 0.7. The 
Vi-HGNN framework was trained with noise-resistant images to prevent overfitting, 
ensuring robust performance during disease recognition.
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Dataset collection
Crop scouting drones, such as the DJI Agras T30, are equipped with cameras, lenses, 
and filters designed to capture real-time datasets of both healthy and diseased coffee 
plants. Wide-angle lenses allow for broader field coverage, facilitating the detection 
of widespread disease symptoms, while optical filters regulate incoming light to 
improve image clarity. Captured drone images are processed via computer systems, 
either remotely or through USB connections, to generate datasets suitable for deep 
learning analysis (Alharbi et al., 2023).
In addition, a range of environmental sensors supports data acquisition for model 
training and crop monitoring, including temperature (HDC1080, 2018), soil moisture 
(5050 Sensor, 2020), light intensity (BH1750FVI, 2017), CO₂ (MH-Z19B, 2019), pH 
(Blue Lab pH220, 2020), NPK (Green Seeker, 2021), and water quality (TDS-3 Meter). 
Supplementary image datasets were obtained from PlantVillage, Alamy, and Google 
databases for model validation.

Data pre-processing and augmentation
Data preprocessing involves cleansing, formatting, and transforming raw data to 
remove noise and errors before analysis. OpenRefine is a free and open-source data 

Figure 1. Proposed Vision-based Heterogeneous Graph Neural Network (Vi-HGNN) framework 
for early detection of damping off and root rot in coffee seedlings using Unmanned Aerial Vehicle 
(UAV) imagery.
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cleaning tool that was used to identify and remove outliers, rectify errors, fill in missing 
values, and merge duplicate records. Missing data may result from incomplete surveys 
or sensor malfunctions; therefore, imputing absent values is essential prior to model 
training (Selvanarayanan et al., 2024).
The data were formatted according to the requirements of the Vi-HGNN algorithm to 
ensure consistency across image and sensor datasets. Additionally, data augmentation 
techniques were applied to increase dataset diversity and improve model robustness. 
Methods such as rotation (±15°), flipping, cropping, and noise addition were used to 
generate new images from existing ones. For instance, cropping damping-off or root 
rot-infected seedlings to highlight diseased regions helped the model better recognize 
variations in plant growth and morphology.

Feature extraction using Convolution Neural Network (CNN)
Convolutional filters are required for feature extraction in image analysis, allowing the 
detection of edges, corners, and textures related to disease symptoms. In a convolution 
operation, a small weight matrix (kernel) slides across the image to produce a feature 
map, where each value represents the strength of a detected feature such as a lesion or 
discoloration (Raveena et al., 2024). The filter weights are learned during training and 
initialized using a normal distribution with a mean of 0 and a standard deviation of 
0.1. This process helps the model identify lesion patterns associated with damping-off 
and root rot in coffee plants.
The convolution layer reduces the spatial dimensionality of the data while preserving 
essential features, resulting in more compact and informative feature maps. A 
Rectified Linear Unit (ReLU) activation function introduces non-linearity by setting 
negative values to zero, allowing the network to model complex feature relationships 
efficiently. High feature values in lesion-detection maps indicate areas with a greater 
likelihood of infection, which the ReLU layer helps retain for subsequent processing. 
Finally, a pooling layer simplifies data representation by downsampling feature maps, 
enhancing computational efficiency and noise resistance. Max pooling, which retains 
the highest value within a given region, further refines important visual cues while 
minimizing redundant information (Figure 2).

Graph construction (neighborhood graph from CNN Output)
An image graph is composed of region-based nodes, with connections represented 
by edges. In a 256 × 256 × 5-pixel image, the five channels correspond to red, green, 
blue, grayscale, and ultraviolet dimensions. The image is divided into 25 patches of 
16 × 16 × 5 pixels each, and every patch generates a convolutional neural network 
(CNN) feature vector x. Links between nodes form a graph. Edges from nodes vj to vi 
for every v N(vi) were added, where N(vi) is the collection of nodes connected to vi. 
All nodes within five pixels are connected within a K-neighborhood of five. Following 
graph construction, an HGNN (Algorithm 1) is used to learn node properties. Each 
HGNN node uses neighbor data to represent itself.
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Algorithm 1. Computing node similarity for HGNN-based image graphs

Input: Similarity graph
class Vision_HGNN:
 def __init__(self, graph):
 for each node i in the graph:
 For each node j in the graph where j > i:
 similarity = calculate_cosine_similarity(node_representations[i], node_
representations[j])
 if similarity >= threshold:
 add_edge(graph, i, j, weight=similarity)
 end if
 end for
 similarity_matrix[i, j] = similarity
 end for 
return similarity_matrix
End Vision_HGNN
End procedure

Graph convolutional layer
The Graph Convolution Layer (GCL) derives node features by integrating information 
from neighboring nodes. Each node has attributes, and edges carry weights that define 

Figure 2. Convolution and pooling operations for plant disease detection.
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the network structure (Liu et al., 2023). The GCL updates node features based on both 
their own and adjacent nodes’ features, producing an enhanced feature set for each 
node. These outputs are then used by subsequent HGNN layers to extract higher-level 
graph-based representations (Equation 1).

𝑡𝑡𝑢𝑢 = 𝛼𝛼 (€({𝑢𝑢∈𝑃𝑃(𝑣𝑣)}𝐾𝐾{𝑢𝑢𝑢𝑢}𝑡𝑡𝑢𝑢 )) 
	 (1)

where tv is the new feature vector for node v, tu is the feature vector for node u, N(v) 
is the set of neighbors of node v, Kuv is the weight matrix for the edge from node u 
to node v, and σ is a non-linear activation function, such as the ReLU function. The 
equation works by adding the features of the node’s neighbors, weighted by edge 
weights (Equation 2). The sum is then passed through a non-linear activation function 
to create the new feature vector for the node (Algorithm 2).

𝑡𝑡𝑣𝑣(𝑙𝑙) = 𝜎𝜎( ∑  
(𝑙𝑙−1)

{𝑢𝑢∈𝑃𝑃(𝑣𝑣)}𝐾𝐾{𝑢𝑢𝑢𝑢}𝑢𝑢
{(𝑙𝑙)}𝑡𝑡

) 

	 (2)

where tv(l) is the feature vector for node v at layer l, and Kuv(l) is the weight matrix 
for the edge from node u to node v at layer l. In graph construction, each seedling 
image was denoted as a node, with edges established based on a cosine similarity 
threshold of 0.7 across feature vectors, encapsulating spatial and semantic links for 
efficient Graph Convolutional Network (GCN) learning.

Algorithm 2. Computing the weighted sum of the neighbors’ features

Input: HGNN extracts node features and edge weight
Initialize new_node_features with zeros
 for each node i in node_features:
 neighbors = find non zero neighbors (edge_weights[i, :])
 if the neighbor is empty: Continue
 neighbor features = get features (node features, neighbors)
weighted sum = sum (edge weights [i neighbors]*neighbor features)
 new node features [i] = weighted sum
 return new node features
End procedure

Global graph pooling
The Global Graph Pooling (GGP) module vectorizes the graph by aggregating features 
to capture global structure and relationships. GGP creates vector representations of 
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coffee plants by analyzing soil moisture, temperature, and plant health data (Raveena 
et al., 2024). These vectors enable machine learning models to classify plants as healthy 
or diseased, capturing complex interactions underlying damping-off and root rot. 
GGP compares plant shapes and sizes across growth stages and detects infections 
before visible damage occurs, supporting early intervention.
Hierarchical Graph Pooling (HGP) further compresses the graph while preserving 
its structure and features. It enables multi-level representation learning, where 
pooled node embeddings are classified as healthy or unhealthy after training. HGP 
can identify early signs of root or leaf disease by analyzing structural and growth 
pattern changes across different plant parts (Algorithm 3). Leaf veins, chloroplasts, 
and epidermal layers can be integrated to achieve this, combining multiple leaf layers 
for greater accuracy. HGP can also detect disease-related growth pattern changes by 
analyzing the structure of stems, leaves, and blossoms to generate the final composite 
image.

Algorithm 3. Machine learning model to classify coffee plants as healthy or diseased

Input: hierarchical graph pooling
 node_representations = learn node representations (graph)
 pooled representations = []
 pooling method = hierarchical pooling
 pooled representation = pooling method (node representations)
 repeat num levels times
 if level == 0 then
 pooled representations.append (node_representations)
 else
pooled representation = pool (pooled representations [level - 1])
pooled representations.append (pooled representation)
 end if
 end repeat
 return pooled_representations[-1]
End procedure

Feed-Forward Neural Network (FFNN)
To prepare processed graph data for an FFNN, a pooling operation is applied. Pooling 
reduces representation size while keeping important data. Local pooling creates new 
node representations for a subset of graph nodes. This is beneficial to both image 
segmentation and object detection. The pooling operation results in a compressed 
representation, which most commonly takes the shape of a vector or an array with 
only one dimension (Equations 3–6).
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𝑍𝑍 = 𝑓𝑓(𝐻𝐻{𝐿𝐿−1}) 
 
𝐻𝐻𝑙𝑙 = 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝐻𝐻{𝑙𝑙−1},𝑘𝑘) 
 
𝐺𝐺𝑙𝑙 = 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐺𝐺{𝑙𝑙−1},𝑘𝑘) 
 

𝑍𝑍 = 𝑓𝑓 (𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑋𝑋,𝑘𝑘),𝑘𝑘)) 

where Z is the global graph representation, H{L-1} is the node features from the last 
pooling layer, f is a feedforward neural network, Hl is the node features at the nth 
pooling layer, pool is a local pooling operation, such as max pooling, k is the pooling 
size, Gl is the graph at the nth pooling layer, k is the pooling size, and X is the node 
features of the original graph. 

Final layer with SoftMax
A final layer that uses SoftMax takes as input the vector of logarithms generated by the 
layer that came before it and outputs a vector of probabilities. The following formula 
(Equation 7) is used to determine the probabilities associated with each class.

𝑃𝑃(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑠𝑠𝑖𝑖) =
𝑒𝑒𝑒𝑒𝑒𝑒(𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑡𝑡𝑖𝑖)

𝑠𝑠𝑠𝑠𝑠𝑠(𝑒𝑒𝑒𝑒𝑒𝑒(𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑡𝑡𝑖𝑖))
 
	 (7)

where logiti is the logit for class i and sum() is the sum of all logits. The SoftMax 
function begins its operation by exponentiating each logit value. As a result, there is 
no guarantee that the function will always produce positive results. Afterward, the 
SoftMax function normalizes the exponentiated logits by dividing each by the sum of 
all exponentiated values, ensuring that the output probabilities total one. The resulting 
vector represents the likelihood of each class, with the highest probability indicating 
the predicted class. The model estimates a 75 % probability of damping-off, 25 % for 
root rot, and 0 % for healthy, concluding that the plant is affected by damping-off 
(Equations 8–10).
	

𝑃𝑃(𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑔𝑔𝑜𝑜𝑜𝑜𝑜𝑜) =
𝑒𝑒𝑒𝑒𝑒𝑒(1.2)

𝑠𝑠𝑠𝑠𝑠𝑠(𝑒𝑒𝑒𝑒𝑒𝑒(1.2) + 𝑒𝑒𝑒𝑒𝑒𝑒(0.8) + 𝑒𝑒𝑒𝑒𝑒𝑒(0.0)) = 0.75 
	 (8)

𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟) =
𝑒𝑒𝑒𝑒𝑒𝑒(0.8)

𝑠𝑠𝑠𝑠𝑠𝑠(𝑒𝑒𝑒𝑒𝑒𝑒(1.2) + 𝑒𝑒𝑒𝑒𝑒𝑒(0.8) + 𝑒𝑒𝑒𝑒𝑒𝑒(0.0)) = 0.25 
	 (9)

(3)

(4)

(5)

(6)
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𝑃𝑃(𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛ℎ𝑒𝑒𝑒𝑒) = 𝑒𝑒𝑒𝑒𝑒𝑒(0.0)
𝑠𝑠𝑠𝑠𝑠𝑠(𝑒𝑒𝑒𝑒𝑒𝑒(1.2) + 𝑒𝑒𝑒𝑒𝑒𝑒(0.8) + 𝑒𝑒𝑒𝑒𝑒𝑒(0.0)) = 0.0 

	 (10)

RESULTS AND DISCUSSION 

Evaluation setup
The proposed Vi-HGNN model was implemented in Python 3.6.5 and trained on a 
system equipped with an Intel Core i5-8600K processor, a GeForce 1050Ti GPU (4 GB), 
16 GB RAM, a 250 GB SSD, and a 1 TB HDD. The model was developed using Keras, 
with the following hyperparameter: learning rate = 0.01, dropout rate = 0.5, batch size 
= 5, optimizer = Adam, and 45 epochs. Input images of 32 × 32 and 256 × 256 pixels 
with three color channels were tested, with optimal performance achieved using 224 
× 224 × 3 images.
A comprehensive dataset of healthy, damping-off, and root rot-affected coffee plants 
was collected, including images at different growth stages and under varying lighting 
and background conditions (Figure 3). The dataset was divided into 80 % for training, 

Figure 3. Graph processing module illustrating the grid, sequential, and graph-based representations 
of coffee plant images affected by damping-off and root rot.



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i1.3486
Scientific Article 11

10 % for validation, and 10 % for testing. Each image was labeled with its class, disease 
severity, and plant category.
The training dataset was used to train the visual HGNN, while the validation set 
assessed model generalization using unseen data (Han et al., 2023). Model performance 
was evaluated using True Positive, True Negative, False Positive, and False Negative 
metrics. The loss function was minimized to improve learning efficiency, demonstrating 
the model’s strong capability for accurate plant disease classification.

Training the vision-hyper GNN model using Pyramid ViG
A curated dataset of coffee plant images, both healthy and affected by damping-off 
and root rot, was compiled from the Alamy online source. The dataset includes 70 
damping-off images, 32 healthy images, and 44 root rot images, totaling 190 samples. 
Of these, 80 % were used for training and 20 % for testing (Han et al., 2024). The 
Pyramid ViG model was used to classify plants as healthy or diseased based on 
graph representations. Three model variants (PyramidViG-S, PyramidViG-M, and 
PyramidViG-L) differ in size and complexity, with PyramidViG-L having the greatest 
depth, the highest number of parameters and FLOPs, and achieving the best accuracy 
in detecting both damping-off and root rot diseases (Table 1).

Table 1. Performance comparison of Pyramid ViG model variants in detecting damping-off 
and root rot diseases in coffee plants.

Features Pyramid VIG-S Pyramid VIG-M Pyramid VIG-L

Deepness 4 6 8
Measurements 256 × 256 256 × 256 256 × 256
Parameters 2.5M 5M 10M
FLOPs 2G 4G 8G
Accuracy on damping-off 95 % 97.01 % 98 %
Accuracy on root rot 93 % 95 % 97 %

The Pyramid ViG-S architecture is the most computationally efficient of the three 
variants but yields the lowest prediction accuracy (Equation 11). During training, 
the model learns disease-related features from labeled images in the training dataset. 
Training performance is evaluated using cross-entropy loss, which measures the 
difference between predicted and actual class labels for each input image.

𝐻𝐻(𝐶𝐶,𝐸𝐸) = −𝑠𝑠𝑠𝑠𝑠𝑠 (𝐶𝐶(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙(𝐸𝐸(𝑥𝑥))) 
	 (11)

where C is the true probability distribution, E is the predicted probability distribution, 
x is a data point, and log is the natural logarithm. In a binary classification scenario, 
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the model distinguishes whether a given data point corresponds to damping-off 
or root rot. Labels are one-hot encoded as [1, 0] for damping-off and [0, 1] for root 
rot. The model outputs a probability distribution, a pair of values between 0 and 1, 
representing the likelihood of each class. The cross-entropy loss for each data point is 
then computed based on these predicted probabilities (Equation 12):

𝐻𝐻(𝐶𝐶,𝐸𝐸) = −𝑠𝑠𝑠𝑠𝑠𝑠(𝐶𝐶(𝑥𝑥) ∗ 𝑙𝑙𝑙𝑙𝑙𝑙(𝐸𝐸(𝑥𝑥))) 

𝐻𝐻(𝐶𝐶,𝐸𝐸) = −𝑠𝑠𝑠𝑠𝑠𝑠 ([1,0] ∗ 𝑙𝑙𝑙𝑙𝑙𝑙([𝑄𝑄𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜,𝑄𝑄𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟])) 

𝐻𝐻(𝐶𝐶,𝐸𝐸) = −𝑙𝑙𝑙𝑙𝑙𝑙(𝑄𝑄𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟) 	 (12)

where QRootrot is the predicted probability that the data point is root rot. When the 
projected probability distribution perfectly matches the actual probability distribution, 
the cross-entropy loss is at its lowest possible level.

Model validation and test set evaluation
The selection of evaluation metrics depends on the specific task (Figure 4). For detecting 
damping-off and root rot diseases, key performance indicators include: Accuracy, the 
overall percentage of correctly classified instances; Precision, the proportion of correct 
positive predictions; Recall, the proportion of actual positives correctly identified; 
Specificity, the proportion of actual negatives correctly predicted; and the F1 Score, 
the harmonic mean of precision and recall.

Figure 4. Evaluation metrics of the Vision-based Heterogeneous Graph Neural Network (Vi-
HGNN) model using a confusion matrix and statistical performance indicators
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Overall model performance should be evaluated considering both precision and recall 
(Equations 13–17).

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = ( 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇 ) 

	 (13)

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = ( 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹) 

	 (14)

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = ((𝑇𝑇𝑇𝑇)/(𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹) 	 (15)

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = ( 𝑇𝑇𝑇𝑇
𝐹𝐹𝐹𝐹 +  𝑇𝑇𝑇𝑇) 

	 (16)

𝐹𝐹1𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 	 (17)

A True Positive (TP) occurs when a positive case is correctly predicted (Table 2). A 
False Positive (FP) refers to an instance where a positive result is incorrectly predicted. 
A False Negative (FN) occurs when a positive case is mistakenly classified as negative, 
while a True Negative (TN) represents a correctly predicted negative case.

Table 2. Performance evaluation of the proposed Vision-based Heterogeneous Graph Neural Network (Vi-HGNN) model 
under different training configurations and hyperparameter settings.

Setup Accuracy 
(%) Precision Recall F1-Score

95 % bootstrap  
confidence interval 

(accuracy)

Number of 
epochs

15 epochs 64.23 64.11 64.02 64.55 [62.39, 66.14]
30 epochs 71.22 71.78 71.45 71.22 [69.35, 73.28]
45 epochs 84.01 84.44 84.74 84.25 [82.10, 85.96]
60 epochs 91.42 91.22 91.74 91.08 [89.39, 93.37]
75 epochs 97.77 97.43 92.68 93.89 [95.68, 99.50]

Dropout 
configuration

No dropout 95.02 95.44 95.21 95.33 -
0.2 97.77 97.43 92.68 93.89 -
0.4 96.44 96.21 96.01 96.47 -
0.6 95.44 95.71 95.12 95.11 -

Batch 
normalization 
configuration

With batch normalization 97.77 97.43 92.68 93.89 -
No normalization 96.23 96.44 96.15 96.02 -
After input layer 96.44 96.61 96.19 96.09 -

After output layer 95.12 95.12 96.01 95.88 -

Learning rate

0.005 96.12 96.44 96.71 96.22 -
0.01 97.77 97.43 92.68 93.89 -
0.02 96.11 96.19 96.17 96.25 -
0.1 96.07 96.15 96.11 96.54 -



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i1.3486
Scientific Article 14

Figure 5. Confusion matrix comparison of model performance in detecting damping-off and root 
rot diseases

Confusion matrix for model evaluation
Based on the evaluation of true positives, true negatives, false positives, and 
false negatives, the best-performing models were identified. While Xception and 
MobileNetV2 achieved high true positive rates, they also exhibited more false 
negatives. Similarly, DenseNet121 and Inception showed potential but suffered from 
higher false positive and false negative rates. The CNN and DenseNet121 models 
performed well by maximizing true positives and true negatives while minimizing 
misclassifications. However, the Vi-HGNN model outperformed all others, achieving 
superior results with higher true positive and true negative values and fewer false 
predictions (Figure 5).

Model accuracy represents the proportion of correctly classified images, calculated 
as the sum of true positives and true negatives divided by all classifications. In this 
example, accuracy is 95.6 % ((91 + 90) / (95 + 96)). The recall for damping-off and root 
rot is 94.74 % (90 / (90 + 5)) in both cases. The F1 score, the harmonic mean of accuracy 
and recall, provides a balanced measure of model performance (Figure 6; Table 3).

Comparison with existing models
The research employs six advanced deep learning models, including GNN, CNN, 
DenseNet121, Inception, Xception, and MobileNetV2. Model effectiveness was 
assessed based on true positives, true negatives, false positives, and false negatives. 
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Among these, Xception and MobileNetV2 achieved relatively high true positive rates 
but exhibited more false negatives (Figure 7). Similarly, DenseNet121 and Inception 
demonstrated strong potential; however, they encountered considerable numbers of 
both false positives and false negatives. The Vi-HGNN model effectively captures 

Figure 6. Comparison of training, validation, and testing loss as a function of epochs.

Table 3. Comparative performance metrics of Vision-based Heterogeneous Graph Neural Network 
(Vi-HGNN) and baseline models for coffee seedling disease classification.

Model Accuracy 
(%)

Precision 
(%)

Recall 
(%)

F1-score 
(%)

Computational efficiency 
(training + inference time)

Xception 92.84 91.20 91.67 91.43 Moderate (High FLOPs)

MobileNetV2 93.12 92.40 92.75 92.57 High (Lightweight, Low 
FLOPs)

Vi-HGNN 
(Proposed) 97.77 97.12 97.45 97.28 Efficient (Optimized GNN 

with reduced FLOPs)
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complex pixel-level correlations that are often difficult for conventional algorithms 
to interpret. DenseNet121 can identify and classify plant diseases with minimal 
supervision but is computationally demanding and requires careful reward function 
design, achieving an accuracy of 89.6 %. GNNs further enhance structural learning by 
modeling relational dependencies among nodes. In contrast, CNNs are simpler and 
easier to train, reaching 90.8 % accuracy, though they are less effective in capturing 
intricate pixel relationships compared to Vi-HGNN.

Object detection
Applying the Vi-HGNN model to object detection and instance segmentation tasks 
enables a robust evaluation of its generalizability. The Vi-HGNN architecture 
incorporates graph neural networks to enhance visual perception and contextual 
understanding. In object detection, the objective is to accurately identify objects 
within an image, determining their presence, precise location, and class. Instance 
segmentation extends this process by delineating each detected object at the pixel level 
through mask generation (Table 4).
The COCO val2017 dataset, a widely recognized benchmark for object detection and 
instance segmentation, was employed for model assessment. This dataset contains 
annotated images with detailed object information. RetinaNet and Mask R-CNN 

Figure 7. Accuracy comparison of deep learning models for coffee seedling disease classification.
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served as comparative deep learning architectures, both designed for object localization 
and segmentation. The Vi-HGNN model was pre-trained on the ImageNet dataset, 
a large-scale image classification benchmark, which enhances its feature extraction 
and transfer learning capabilities. Additionally, floating-point operations per second 
(FLOPs) were used to quantify the model’s computational complexity and efficiency 
in processing new, unseen data (Table 5).

Virtualization
By visualizing the learned hypergraph structure in ViH-GNN-S and comparing it 
with the predefined graph structure in ViG-S (Figure 8), a deeper understanding of the 
ViH-GNN model’s functionality can be achieved. The visualization of ViG-S shows a 
central node and its first-order neighbors, and a subset of representative hyperedges 
for the hypergraph to minimize visual clutter. During visualization, ViG tends to 
generate redundant connections between patches with similar local features, such as 
color and texture.

Table 4. Comparative performance of the Vi-HGNN and baseline models on the COCO val2017 dataset 
for object detection and instance segmentation.

Backbone
RetinaNet 1x

Params (M) Flops (B) mAP AP 50 AP 75 APs AP m AP L

ResNet 50 38.7 239.3 36.3 55.3 38.6 19.3 40.0 48.8
ResNeXt 101 57.4 319 39.9 59.6 42.7 22.3 44.2 52.5

PVT small 35.2 226.5 40.4 61.3 44.2 25.0 42.9 55.7
Cycle MLP 37.6 230.9 40.6 62.1 43.2 22.9 44.4 54.5

Swin T 38.5 244.8 41.5 62.1 44.2 25.1 44.9 55.5
Pyramid VIG-s 37.2 240.0 41.8 63.1 44.7 28.5 45.4 53.4

Pyramid VIHGNNs 39.9 243.7 41.2 62.8 41.1 25.3 45.9 41.7

Mask R-CNN 1x
Params (M) Flops (B) mAP AP 50 AP 75 APs AP m AP L

ResNet 50 44.1 260.3 36.3 55.3 38.6 19.3 40.0 48.8
ResNeXt 101 44.4 245.1 39.9 59.6 42.7 22.3 44.2 52.5

PVT small 46.5 249.5 40.4 61.3 44.2 25.0 42.9 55.7
Cycle MLP 46.5 230.9 40.6 62.1 43.2 22.9 44.4 54.5

Swin T 47.8 260.0 41.5 62.1 44.2 25.1 44.9 55.5
Pyramid VIG-s 48.0 258.8 41.8 63.1 44.7 28.5 45.4 53.4

Pyramid VIHGNNs 49.1 261.4 44.2 66.8 46.9 39.7 63.1 43.2

Params (M): parameters (millions); Flops (B): floating point operations (billions); mAP: mean average 
precision; AP 50: average precision at IoU = 0.5; AP 75: average precision at IoU = 0.75; Aps: average 
precision for small objects; AP m: average precision for medium objects; AP L: average precision for large 
objects.
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Although visually similar regions, such as sand on the right and leaves on the left, are 
assigned multiple redundant edges in ViG, these connections are often irrelevant to 
downstream tasks. Vi-HGNN reduces such redundancy and computational overhead 
by minimizing the number of hyperedges required to model these interactions. While 
ViG may generate noisy edges linking semantically unrelated yet visually similar 
patches, Vi-HGNN effectively captures higher-order relationships among patches and 
demonstrates robustness against noisy connections.

Table 5. Model performance metrics obtained from training, validation, and testing datasets.

60 % (Labelled data in training dataset)

Training 
Samples

Image 
Collection Approach Accuracy Precision Recall F1-

Score Specificity TP TN FP FN

Healthy 120 GNN 92 91 89 90 93 100 470 20 10
Class 1 90 CNN 90 88 86 87 91 95 460 30 15
Class 2 150 DenseNet121 91 90 88 89 92 98 465 25 12
Class 3 110 Inception 89 87 85 86 90 93 450 40 17
Class 4 140 Xception 93 92 90 91 94 105 475 15 8
Total 600 MobileNetV2 88 86 84 85 82 90 440 50 20

20 % (Labelled data in validation dataset)
Healthy 40 GNN 88 87 85 86 89 34 155 5 6
Class 1 36 CNN 85 84 82 83 86 32 150 10 8
Class 2 42 DenseNet121 87 86 84 85 88 33 153 7 7
Class 3 38 Inception 84 83 81 82 85 31 148 12 9
Class 4 44 Xception 89 88 86 90 90 35 157 3 5
Total 200 MobileNetV2 83 82 80 84 91 30 145 15 10

20 % (Labelled data in testing dataset)
Healthy 40 GNN 87 86 84 85 88 33 154 6 7
Class 1 36 CNN 84 86 81 82 85 31 148 13 9
Class 2 42 DenseNet121 86 85 83 84 87 32 152 8 8
Class 3 38 Inception 83 82 80 81 84 30 146 14 10
Class 4 44 Xception 88 87 85 86 89 34 156 4 6
Total 200 MobileNetV2 82 81 79 80 83 29 143 17 11

TP: true positive; TN: true negative; FP: false positive; FN: false negative.
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Figure 8. Visualization of the Vision-based Heterogeneous Graph Neural Network (Vi-HGNN) 
hypergraph structure. Each frame represents a hyperedge. A) Input image; B) graph structure 
of the Visual Graph (ViG); C) hypergraph structure of thee ViG-GNN.

A

B

C
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CONCLUSIONS
The proposed Vision-based Heterogeneous Graph Neural Network (Vi-HGNN) 
represents a novel framework that models images as hypergraphs to capture 
complex inter-patch relationships beyond conventional convolutional or graph-
based methods. The model effectively overcomes the limitations of traditional image 
representation methods by using image patches as nodes and applying hypergraph 
connectivity. The Vi-HGNN achieved 97.77 % accuracy in distinguishing damping-off 
and root rot diseases in coffee plants using the cross-entropy feature. Future research 
will aim to automate hypergraph structure optimization and develop hybrid Vi-
HGNN architectures for more robust and scalable pest and disease management in 
agricultural systems.
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ABSTRACT
In the Bayesian context, when variance components are modeled in normal hierarchical models, 
the inverted gamma distribution (IG) is typically used as the prior density for each component. 
However, the literature indicates that this prior density is highly informative, and thus the 
Half Cauchy distribution (HC) is recommended. The aim of this study was to evaluate, using 
simulation (in the context of high-dimensional data such as in the case of genomic selection 
applications), the suitability of the scaled inverse chi-squared (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  distribution, which belongs 
to the family of scaled inverse gamma distributions, and HC as prior densities for the variance 
components in the Bayesian Ridge regression model. The evaluation was carried out when the 
number of observations in the response variable is greater than the number of predictor variables 
(n > p) as well as in high dimensions (n << p). The Bayesian learning of the posterior distribution 
was evaluated using the Hellinger distance (HD). The results of the Bayesian analysis were 
also compared with those obtained with the restricted maximum likelihood (REML). Results 
indicate that when n > p, the REML method underestimates the variance of the random effect, 
whereas in scenarios in which n << p, the method overestimates the same parameter when the 
variance of the error is large (greater than or equal to 6.0) and gives consistent estimations 
when the error variance is moderate (equal to 1.0). On the other hand, under prior distribution 
(𝜒𝜒𝑣𝑣,𝑆𝑆−2)   and in both scenarios (n > p) and n << p, it was observed that the parameters can be 
overestimated or underestimated, depending on the fixed values used to simulate the data. For 
the case of the HC prior distribution, the credibility intervals for both the variance of the effects 
of the predictor variables and the variance of the error contain the true values of the parameters, 
and their precisions increase with the sample size.

Keywords: Bayesian learning, scale inverse chi-squared distribution, Half Cauchy distribution, 
Hellinger distance. 
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INTRODUCTION
For the past two decades, the development of data-acquisition technology has enabled 
diverse gadgets to take anywhere between thousands and millions of measurements 
of one single unit of interest. For example, DNA microarray technology measures the 
expression levels of thousands of genes. Using the information gathered, it is possible 
to understand the biological regulation mechanisms and develop new drugs. In these 
data, the number p of predictor variables amounts to thousands, while the number 
n  of individuals involved in the experiment is much lower, that is, n << p (Giraud, 
2015). Another example of data in high dimensions is raised when taking images and 
videos, where large image databases are being continually gathered, such as medical 
or astrophysical images. Each image can be made up of millions of pixels or voxels. In 
the case of medical images, the number p of pixels is generally much greater than the 
number n of patients in the study.
From the statistics and computer science point of view, the challenge is determining the 
function Φ(·), in such a way that Φ(x1, ..., xp) predicts the response variable y exactly and 
accurately. Working with massive data is extremely challenging because separating 
useful information from noise is almost impossible (Giraud, 2015). This problem is 

known as the curse of dimensionality. Although the proposals found in the literature 

show the existence of countless functions Φ(·), linear models 𝑦𝑦𝑖𝑖 = 𝜇𝜇 +∑𝑥𝑥𝑖𝑖𝑖𝑖
𝑝𝑝

𝑗𝑗=1
𝛽𝛽𝑗𝑗 + 𝜖𝜖𝑖𝑖    are some 

of the best to carry out predictions in high dimensions. Under the Bayesian approach, 
different prior distributions have been assigned to regression coefficients βj, giving 
rise to the “Bayesian Alphabet” (Gianola, 2013).
In this study, errors were assumed to be independent with a normal distribution, 
with a mean of zero and a variance of 𝜙𝜙𝜖𝜖 , that is, 𝜖𝜖𝑖𝑖~iid𝑁𝑁(0, 𝜙𝜙𝜖𝜖) ; whereas βj regression 
coefficients are assigned normal independent prior distributions with a mean of zero 
and a variance of ϕβ, that is, 𝛽𝛽𝑗𝑗~iid𝑁𝑁(0,𝜙𝜙𝛽𝛽) . It is worth raising the question of which 
are the prior densities that must be assigned to the ϕβ and 𝜙𝜙𝜖𝜖  variance components, in 
such a way that they enable a full Bayesian learning.
Until a little more than two decades ago, when variance components were modeled 
in normal hierarchical models (in models structured from frameworks that allow 
the analysis of data organized into levels or nested groups) (Gelman and Hill, 2007), 
the IG prior distribution with the shape parameter equal to the scale parameter IG 
(ε, ε) was typically used. According to Spiegelhalter et al. (1996), the frequent use 
of this distribution was due to the fact that, in the BUGS software, it was the only 
prior distribution available for modeling variance components. Its wide use can be 
explained by an argument provided by Fink (1997), who points out that before the 
general availability of computers, joint prior distributions were used in order for the 
product of the prior density function and the likelihood to be analytically treatable.
In this context, the full conditional distribution of each variance component is also IG, 
which facilitates the computational implementation of the Gibbs sampler to generate 
samples from the posterior distribution. Otherwise, if the full conditional distribution 
of the variance component is complex (when its kernel does not correspond with 
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that of a known univariate density function), the implementation of a Markov Chain 
Monte Carlo (MCMC) sampling technique must be implemented to obtain samples 
from the posterior distribution, which entails a high computational cost, such as the 
requirement for large amounts of computer time, particularly in high-dimensional 
settings. In contrast, assigning the IG prior to each variance component does not 
present the above issue.
Due to the widespread use of the IG prior distribution to model variance components, 
it is worth asking how appropriate the use of this prior distribution is for the modeling 
of variance components. A pioneering study evaluating this distribution as non-
informative prior was conducted by Browne and Draper (2006). They point out that 
the use of this prior density must be taken with caution, since the IG distribution (ε, 
ε) has a peak near zero, and this can lead to problems when the random component 
variance is close to zero. Coincidentally, Gelman (2006) argues that the selection of 
small values for hyperparameter ε in the prior IG density (ε, ε) causes the posterior 
distribution of the variance components to produce small values; that is, a noticeable 
shrinkage occurs of the posterior distribution towards zero which causes an imperfect 
Bayesian learning.
On the other hand, Polson and Scott (2012) point out that it is not appropriate to assign 
the IG prior distribution to scale parameters in higher levels of normal hierarchical 
models; instead, they recommend the use of the HC density, particularly when proper 
prior distributions are required. The recommendation is supported by the fact that 
the HC prior distribution has a good performance close to zero and shows no drastic 
influence in other parts of the parametric space, which provides a solid justification 
for its routine use. The HC distribution is heavy-tailed, which implies the frequent 
occurrence of extreme values. This characteristic may facilitate the Bayesian learning 
of the posterior distribution of the corresponding variance component, as it leads to 
a broad exploration of the parametric space. Additionally, Polson and Scott (2012) 
point out that in contexts in which the regression coefficient vector is sparse, that is, 
where most coefficients are zero and only few have relevant effects, IG conjugated 
prior distribution can severely distort inferences.
In the framework of the Bayesian alphabet, Gianola et al. (2009) implicitly expose 
that prior distribution (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  in the BayesA and BayesB models has a strong influence 
on the variance of the effects of the predictor variables. These results are ratified by 
Lehermeier et al. (2013), who point out the strong influence of hyperparameters in the 
predictive ability of the BayesA and BayesB models. The choice of a large value for the 
scale of the parameter of prior distribution (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  assigned to the variance of the effects 
leads to an overfitting of the data. Meanwhile, a very small value leads to underfitting 
due to a noticeable shrinking of the effects. In both cases, the predictive ability of the 
models is reduced.
In the context of Bayesian learning, as the sample size increases, the influence of the 
prior distribution should disappear gradually, hence the prior distribution would 
have little importance in large samples (Bernardo and Smith, 1994). This result is valid 
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for parameters with maximum likelihood estimators that are identifiable (Gianola, 
2013). However, in schemes in which n << p, Bayesian learning may arise only for n 
parameters or functions of n parameters, since p – n parameters are not identifiable; 
hence, when n << p the prior distributions will always be important, and their influence 
will never disappear, even with large samples (Gianola, 2013).
Motivated by the above arguments and by the properties of the HC distribution, 
the aim of this study is to evaluate, through simulation, the suitability of assigning 
the (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  and HC prior distributions to the variance components in Bayesian Ridge 
regression. The results of both distributions were compared with the estimations using 
the classic frequentist method REML. The Bayesian learning capacity of the respective 
models was evaluated using the Hellinger distance (HD) between the marginal prior 
distribution assigned to the variance component and the corresponding posterior 
density. An HD nearer to one indicates that the posterior distribution moves away 
from the prior distribution, thus providing evidence of a robust Bayesian learning 
process. In contrast, an HD closer to zero will indicate a lack of Bayesian learning due 
to the influence of the prior distribution and its hyperparameters.

MATERIALS AND METHODS
The following section presents the sampling distribution and the structure of the 
three models evaluated: a) linear mixed model, b) a Bayesian model with a (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  prior 
assigned to each variance component, and c) a Bayesian model with an HC prior 
assigned to the positive square root of each variance component.

Sampling model and prior distributions
Consider the standard linear model:

𝑦𝑦 = 1𝜇𝜇 + 𝑋𝑋𝑋𝑋 + 𝜖𝜖, 	 (1)

where y is a vector of dimension n × 1, 1 is a vector of ones of dimension n × 1, m 
is an intercept, 𝑋𝑋 = {𝑥𝑥𝑖𝑖𝑖𝑖}  is the incidence matrix of dimension n × p, β is a vector of 
dimension p × 1, and 𝜖𝜖  is a vector of errors of dimension n × 1. The errors are assumed 
to be independent and normally distributed with mean zero and variance 𝜙𝜙𝜖𝜖 , that is, 
𝜖𝜖~𝑁𝑁(0,𝜙𝜙𝜖𝜖𝐼𝐼),  where I is the identity matrix of order n × n. The above elements define 
the following conditional distribution of the data:

p(𝒚𝒚|𝜇𝜇,𝜷𝜷,𝜙𝜙𝜖𝜖) =∏𝑁𝑁(𝑦𝑦𝑖𝑖|𝜇𝜇 +∑𝑥𝑥𝑖𝑖𝑖𝑖
𝑝𝑝

𝑗𝑗=1
𝛽𝛽𝑗𝑗,𝜙𝜙𝜖𝜖)

𝑛𝑛

𝑖𝑖=1
, 	 (2)

where the expression 𝑁𝑁(𝑦𝑦𝑖𝑖|𝜇𝜇 +∑𝑥𝑥𝑖𝑖𝑖𝑖
𝑝𝑝

𝑗𝑗=1
𝛽𝛽𝑗𝑗 ,𝜙𝜙𝜖𝜖)  denotes the density function of a normal 

random variable for yi, given the mean a and variance b, that is, 𝑁𝑁(𝑦𝑦𝑖𝑖|𝑎𝑎, b). 
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Linear mixed model

In equation (1), if u = 𝑋𝑋𝑋𝑋,  where 𝛽𝛽~𝑁𝑁(0,𝜙𝜙𝛽𝛽𝐼𝐼),  by the properties of the multivariate 
normal distribution, the following model is obtained:

𝑦𝑦 = 1𝜇𝜇 + u + 𝜖𝜖, 	 (3)

where u~N(0,𝜙𝜙𝛽𝛽XX′)  and 𝜖𝜖~𝑁𝑁(0,𝜙𝜙𝜖𝜖𝐼𝐼).  In the context of genomic selection, X is the 
matrix of markers coded into numerical values (for example, 0, 1, 2 to denote the 
number of times the major allele appears), XX’ is proportional to the variance and 
covariance matrix of the random term u or what is known as the linear kernel in the 
RKHS non-parametric regression models (de los Campos et al., 2010). Equation (3) 
defines a standard linear mixed model where 1m is a fixed term and u is a random 
effects vector.

Prior density for the intercept
The intercept was assigned a normal prior distribution with a mean zero and a 
variance k = 1 × 1010. This assignment is similar to assigning a flat prior distribution to 
the intercept.

Prior density for the regression coefficients
In the Ridge Bayesian regression model, the following prior distribution is assigned to 
the regression coefficients:

p(𝛽𝛽|𝜙𝜙𝛽𝛽) =∏N(𝛽𝛽𝑗𝑗|0,𝜙𝜙𝛽𝛽)
𝑝𝑝

𝑗𝑗=1
 	 (4)

Notice that the shrinking of the regression coefficients towards zero depends on 
variance component ϕβ; the smaller variance ϕβ, the greater the concentration of the 
prior density will be around zero.

A) Scaled inverse chi-squared prior to the variance components. Variance parameter 
ϕβ is assigned a prior density 𝜒𝜒𝑣𝑣𝛽𝛽,𝑆𝑆𝛽𝛽−2 ,  that is, 𝑝𝑝(𝜙𝜙𝛽𝛽|𝑣𝑣𝛽𝛽 , 𝑆𝑆𝛽𝛽) = 𝜒𝜒−2(𝜙𝜙𝛽𝛽|𝑣𝑣𝛽𝛽 , 𝑆𝑆𝛽𝛽),  where 𝑣𝑣𝛽𝛽 > 0  
and 𝑆𝑆𝛽𝛽 > 0  denote the degree of freedom and the scale parameter, respectively. 
This study uses the parametrization of prior distribution 𝜒𝜒−2(𝜙𝜙𝛽𝛽|𝑣𝑣𝛽𝛽 , 𝑆𝑆𝛽𝛽)   so that 
𝐸𝐸(𝜙𝜙𝛽𝛽) = 𝑆𝑆𝛽𝛽/(𝑣𝑣𝛽𝛽 − 2)  and 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝜙𝜙𝛽𝛽) = 𝑆𝑆𝛽𝛽/(𝑆𝑆𝛽𝛽 + 2).  Similarly, 𝜙𝜙𝜖𝜖  is assigned the prior 
distribution  p(𝜙𝜙𝜖𝜖|𝑣𝑣𝜖𝜖 , 𝑆𝑆𝜖𝜖) = 𝜒𝜒−2(𝜙𝜙𝜖𝜖|𝑣𝑣𝜖𝜖 , 𝑆𝑆𝜖𝜖).  The joint prior distribution is expressed as 
follows (using the prior for the intercept, equation (4) and the prior for the variance 
components):

p(𝜇𝜇,𝛽𝛽,𝜙𝜙𝛽𝛽 ,𝜙𝜙𝜖𝜖|𝐻𝐻1) = p(𝜇𝜇)p(𝛽𝛽|𝜙𝜙𝛽𝛽)p(𝜙𝜙𝛽𝛽|𝑣𝑣𝛽𝛽 , 𝑆𝑆𝛽𝛽)p(𝜙𝜙𝜖𝜖|𝑣𝑣𝜖𝜖 , 𝑆𝑆𝜖𝜖), 	 (5)
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where 𝐻𝐻1 = {𝑘𝑘, 𝑣𝑣𝛽𝛽 , 𝑆𝑆𝛽𝛽 , 𝑣𝑣𝜖𝜖 , 𝑆𝑆𝜖𝜖}  is a set of values of the hyperparameters for the prior 
distributions. By applying Bayes’ theorem, the posterior distribution is proportional 
to the product of the prior distribution (equation 5) and the likelihood (equation 2):

p(𝜇𝜇,𝛽𝛽,𝜙𝜙𝛽𝛽 ,𝜙𝜙𝜖𝜖|𝑦𝑦) ∝ N(𝜇𝜇|0, 𝑘𝑘){∏N(𝛽𝛽𝑗𝑗|0,𝜙𝜙𝛽𝛽)
𝑝𝑝

𝑗𝑗=1
} 𝜒𝜒−2(𝜙𝜙𝛽𝛽|𝑣𝑣𝛽𝛽 , 𝑆𝑆𝛽𝛽) 𝜒𝜒−2(𝜙𝜙𝜖𝜖|𝑣𝑣𝜖𝜖 , 𝑆𝑆𝜖𝜖)

× {∏𝑁𝑁(𝑦𝑦𝑖𝑖|𝜇𝜇 + ∑𝑥𝑥𝑖𝑖𝑖𝑖
𝑝𝑝

𝑗𝑗=1
𝛽𝛽𝑗𝑗 ,𝜙𝜙𝜖𝜖)

𝑛𝑛

𝑖𝑖=1
} .

 

	 (6)

The kernel of the function of the posterior distribution in equation (6) does not 
correspond to that of any known distribution, but samples can be obtained using 
simulation procedures based on MCMC algorithms. The full conditional distributions 
are known, and it is therefore possible to obtain samples from the posterior distribution 
using the Gibbs sampler (Casella and George, 1992).

B) Half Cauchy distribution assigned to the standard deviation of the variance 

component. Following Gelman (2006), standard deviation 𝜓𝜓𝛽𝛽 = √𝜙𝜙𝛽𝛽  is assigned the 
standard HC prior density:

p(𝜓𝜓𝛽𝛽) = 2𝜋𝜋−1(1 + 𝜓𝜓𝛽𝛽2)
−1. 	 (7)

Notice that 𝜙𝜙𝛽𝛽 = 𝜓𝜓𝛽𝛽2  is the variance component. Using the transformation method 
(Casella and Berger, 2002), to transform from the standard deviation to the variance, 
the prior density for variance parameter ϕβ is equal to:

p(𝜙𝜙𝛽𝛽) = 𝜋𝜋−1𝜙𝜙𝛽𝛽
−1/2(1 + 𝜙𝜙𝛽𝛽)

−1
, 	 (8)

for ϕβ > 0. Notice that ψβ and ϕβ have the same domain. Similarly, the HC prior density 
is obtained for variance component ϕε, which is given by:

p(𝜙𝜙𝜀𝜀) = 𝜋𝜋−1𝜙𝜙𝜀𝜀−1/2(1 + 𝜙𝜙𝜀𝜀)−1, 	 (9)

for ϕε 
> 0. In addition, assuming independence, the joint prior distribution can be 

represented as follows (using equations 7, 8 and 9):

p(𝜇𝜇,𝛽𝛽,𝜙𝜙𝛽𝛽 ,𝜙𝜙𝜖𝜖|𝐻𝐻2) = p(𝜇𝜇)p(𝛽𝛽|𝜙𝜙𝛽𝛽)p(𝜙𝜙𝛽𝛽)p(𝜙𝜙𝜖𝜖). 	 (10)
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Here, the set of values of the hyperparameters for the prior distributions has only 
one element, 𝐻𝐻2 = {𝑘𝑘}.   By applying Bayes’ theorem, the joint posterior distribution is 
proportional to the product of the prior distribution (equation 10) and the likelihood 
(equation 2):

p(𝜇𝜇,𝛽𝛽,𝜙𝜙𝛽𝛽 ,𝜙𝜙𝜖𝜖|𝑦𝑦) ∝ N(𝜇𝜇|0, 𝑘𝑘) {∏N(𝛽𝛽𝑖𝑖|0,𝜙𝜙𝛽𝛽)
𝑝𝑝

𝑖𝑖=1
} 𝜙𝜙𝛽𝛽

−12𝜙𝜙𝜀𝜀
−12(1 + 𝜙𝜙𝛽𝛽)

−1(1 + 𝜙𝜙𝜀𝜀)−1

× {∏𝑁𝑁(𝑦𝑦𝑖𝑖|𝜇𝜇 +∑𝑥𝑥𝑖𝑖𝑖𝑖
𝑝𝑝

𝑗𝑗=1
𝛽𝛽𝑗𝑗 ,𝜙𝜙𝜖𝜖)

𝑛𝑛

𝑖𝑖=1
} .

 	 (11)

The kernel of the function given in equation (11) does not correspond with any 
known distribution, but samples can be obtained using simulation procedures based 
on MCMC algorithms. The full conditional distributions for the intercept and the 
regression coefficients can be verified to be normal. In this context, to perform an 
inference from the posterior distribution, a hybrid mechanism was implemented, 
using the Gibbs sampler for sampling the intercept and regression coefficients, and 
the Metropolis algorithm with a random walk for the variance components.

Selection of hyperparameters for prior distributions 𝝌𝝌−𝟐𝟐(𝝓𝝓𝜷𝜷|𝒗𝒗𝜷𝜷, 𝑺𝑺𝜷𝜷)  and 𝝌𝝌−𝟐𝟐(𝝓𝝓𝝐𝝐|𝒗𝒗𝝐𝝐, 𝑺𝑺𝝐𝝐)  
To select the hyperparameters of prior densities p(𝜙𝜙𝛽𝛽|𝑣𝑣𝛽𝛽 , 𝑆𝑆𝛽𝛽)   and p(𝜙𝜙𝜖𝜖|𝑣𝑣𝜖𝜖 , 𝑆𝑆𝜖𝜖) , the 
guidelines recommended by Pérez-Rodríguez and de los Campos (2014) and Pérez-
Rodríguez et al. (2018) were followed. The recommendations establish that the 
variance of response variable yi can be divided into two components: the one of the 
linear predictor and the one of the error:

𝑉𝑉𝑉𝑉𝑉𝑉(𝑦𝑦𝑖𝑖) = 𝑉𝑉𝑉𝑉𝑉𝑉(∑𝑥𝑥𝑖𝑖𝑖𝑖𝛽𝛽𝑗𝑗 + 𝜖𝜖𝑖𝑖
𝑝𝑝

𝑗𝑗=1
) = 𝑉𝑉𝑉𝑉𝑉𝑉(g𝑖𝑖) + 𝑉𝑉𝑉𝑉𝑉𝑉(𝜖𝜖𝑖𝑖)

= ∑𝑥𝑥𝑖𝑖𝑖𝑖2 𝑉𝑉𝑉𝑉𝑉𝑉(𝛽𝛽𝑗𝑗)+ 𝑉𝑉𝑉𝑉𝑉𝑉(𝜖𝜖𝑖𝑖) = 𝜙𝜙𝛽𝛽∑𝑥𝑥𝑖𝑖𝑖𝑖2 + 𝜙𝜙𝜖𝜖 ,
𝑝𝑝

𝑗𝑗=1

𝑝𝑝

𝑗𝑗=1

 	 (12)

for  i = 1, ..., n, where g𝑖𝑖 =∑𝑥𝑥𝑖𝑖𝑖𝑖𝛽𝛽𝑗𝑗
𝑝𝑝

𝑗𝑗=1
 . On the other hand, the total variance due to the 

linear predictor is equal to ∑𝑉𝑉𝑉𝑉𝑉𝑉(𝑔𝑔𝑖𝑖) =
𝑛𝑛

𝑖𝑖=1
𝜙𝜙𝛽𝛽∑∑𝑥𝑥𝑖𝑖𝑖𝑖2

𝑝𝑝

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1
 . Thus, Pérez-Rodríguez et al. 

(2018) showed that the average prior variance due to the linear predictor in equation 

(12) is equal to:
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𝑉𝑉𝑔𝑔 =
1
𝑛𝑛∑𝑉𝑉𝑉𝑉𝑉𝑉(𝑔𝑔𝑖𝑖) =

𝑛𝑛

𝑖𝑖=1

1
𝑛𝑛𝜙𝜙𝛽𝛽∑∑𝑥𝑥𝑖𝑖𝑖𝑖2

𝑝𝑝

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1
= 𝜙𝜙𝛽𝛽𝑀𝑀𝑀𝑀𝑥𝑥 

where 𝑀𝑀𝑀𝑀𝑥𝑥 =
1
𝑛𝑛∑∑𝑥𝑥𝑖𝑖𝑖𝑖2

𝑝𝑝

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1
  and the variance of response variable Vy is equal to

𝑉𝑉𝑦𝑦 = 𝑉𝑉𝑔𝑔 + 𝑉𝑉𝜖𝜖 = 𝜙𝜙𝛽𝛽𝑀𝑀𝑀𝑀𝑥𝑥 + 𝜙𝜙𝜖𝜖 , 		 (13)

where 𝑉𝑉𝜖𝜖 = 𝑣𝑣𝑣𝑣𝑣𝑣(𝜖𝜖𝑖𝑖) = 𝜙𝜙𝜖𝜖.  From equation (13), it follows that

𝜙𝜙𝛽𝛽 =
𝑉𝑉𝑔𝑔
𝑀𝑀𝑀𝑀𝑥𝑥

. 
	 (14)

By replacing ϕβ by the mode of the density χ−2(𝜙𝜙𝛽𝛽|𝑣𝑣𝛽𝛽 ,𝑆𝑆𝛽𝛽)  in equation (14) and 
solving for scale parameter 𝑆𝑆𝛽𝛽, 𝑆𝑆𝛽𝛽 = 𝑉𝑉𝑔𝑔(𝑣𝑣𝛽𝛽 + 2)/𝑀𝑀𝑀𝑀𝑥𝑥 . Moreover, using the concept of 
heritability in the context of quantitative genetics, ℎ2 = 𝑉𝑉𝑔𝑔/𝑉𝑉𝑦𝑦  , it follows that 𝑉𝑉𝑔𝑔 = ℎ2𝑉𝑉𝑦𝑦   
(Falconer and Mackay, 1996). Therefore,

𝑆𝑆𝛽𝛽 = ℎ2𝑉𝑉𝑦𝑦(𝑣𝑣𝛽𝛽 + 2)/𝑀𝑀𝑀𝑀𝑥𝑥 =
𝑅𝑅2𝑉𝑉𝑦𝑦(𝑣𝑣𝛽𝛽 + 2)

𝑀𝑀𝑀𝑀𝑥𝑥
 

 
where R2 is the proportion of the variance that is explained a priori by the predictor 
variables. By default, similar to Pérez-Rodríguez et al. (2018), it is considered that R2 = 
0.5. Therefore, for fixed vβ and given the y data vector and matrix X, the terms Vy, MSx, 
Sβ are calculated.

A similar procedure (𝑣𝑣𝛽𝛽 , 𝑆𝑆𝛽𝛽)  was used to obtain the hyperparameters (𝑣𝑣𝜖𝜖 , 𝑆𝑆𝜖𝜖)  
(Pérez-Rodríguez et al., 2018). The result of the procedure is the hyperparameters  
(𝑣𝑣𝜖𝜖 , 𝑆𝑆𝜖𝜖) = (𝑣𝑣𝜖𝜖 , (1 − 𝑅𝑅2)𝑉𝑉𝑦𝑦(𝑣𝑣𝜖𝜖 + 2)).  On the other hand, to determine the respective degrees 
of freedom vβ and v

Î
, the recommendations by Pérez-Rodríguez and de los Campos 

(2014) were followed, of taking small degrees of freedom to reduce the influence of 
the prior density on the posterior density. This study considered  𝑣𝑣𝛽𝛽 = 𝑣𝑣𝜖𝜖 = 5,  since 
they are the minimum degrees of freedom that ensure finite prior mean and variance.

Discrepancy in the prior and posterior distributions
In Bayesian learning, it is important to evaluate how much useful information is 
obtained as progress is made in the learning process; in other words, what the 
discrepancy is between the prior and posterior densities as new evidence, generated 
with uncertainty under the sampling model, is incorporated. To evaluate the 
sensitivity of the models, the HD was used. This distance, unlike other measurements 
used to evaluate the influence of the f prior distribution on the posterior g, such as the 
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Kullback-Leibler divergence measurement, has the characteristic of being completely 
defined in situations in which one of the densities reaches the value of zero and the 
other one does not. This property, for example, does not appear in the measurement 
based on the Kullback-Leibler divergence, because when one of the densities reaches 
the value of zero and the other one does not, the Kullback-Leibler measurement 
becomes infinite (Roos and Held, 2011). The HD between densities f and g, which is 
denoted by H(f, g), is defined by:

𝐻𝐻(𝑓𝑓,𝑔𝑔) = √12∫ (√𝑓𝑓(𝑢𝑢)− √𝑔𝑔(𝑢𝑢))
2𝑑𝑑𝑑𝑑

∞

−∞
= √1−∫ √𝑓𝑓(𝑢𝑢)𝑔𝑔(𝑢𝑢)𝑑𝑑𝑑𝑑

∞

−∞
 

It is possible to verify that 0 ≤ 𝐻𝐻(𝑓𝑓,𝑔𝑔) ≤ 1;  in addition, 𝐻𝐻(𝑓𝑓,𝑔𝑔) = 0  if, and only if, f = g 
(Roos and Held, 2011). On the other hand, 𝐻𝐻(𝑓𝑓,𝑔𝑔) = 1  if density f assigns a probability 
of 0 to each set that g assigns a positive probability and vice-versa.
When the posterior distribution is highly influenced by the election of the 
hyperparameters that are assigned to the prior distributions, the posterior distribution 
does not deviate from the prior distribution, which results in a lack of Bayesian 
learning (Lehermeier et al., 2013). In this case, HD will tend towards zero. By contrast, 
if the distance H(f, g) between prior density f and posterior density g tend towards one, 
the knowledge of the state of nature is continually modified as new data is acquired. 
The HD is small if the perfect prior density is used. In this case, a small HD is not 
indicative of the lack of Bayesian learning. However, Lehermeier et al. (2013) claim that 
selecting the perfect prior density has a probability close to zero, particularly if there 
is a lack of prior information.
To evaluate the effect of the prior density of each variance component, the HD between 
the prior marginal density and the posterior density was determined numerically. The 
posterior marginal density was estimated from the MCMC samples with an estimation 
of non-parametric densities with a Gaussian kernel and a bandwidth parameter given 
by Silverman’s criterion (Silverman, 1998).

Simulated data and fitting of the models
Both the response variable and the predictor variables were simulated, creating 
complex scenarios similar to what is done in genomic selection (Meuwissen et al., 
2001; Pérez-Rodríguez and de los Campos, 2014) in the field of quantitative genetics, 
where the prediction of a continuous variable (phenotype) based on thousands of 
covariables (molecular markers) is of interest. The data were simulated using the 
XSim software implemented in the Julia package (Bezanson et al., 2017), based on the 
method proposed by Cheng et al. (2018), which records the positions and the origins 
of the founders of each chromosome segment.
First, the chromosomes of the founders are labelled using identifiers, and each 
chromosome is represented by two vectors: one that indicates the origin of the 
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founders and the other, the crossing positions. The states of the alleles of the founding 
genomes are generated, whether from map positions defined by the user and the allele 
frequency or from real haplotypes or data sequences. In meiosis, the new gamete is 
formed with chromosomic segments of the paternal and maternal gametes of the 
parents, with segments introduced in both sides of the crossing.
The simulation considered a chromosome length of 0.1 cM, 10 QTLs for each 
chromosome, and a population of 500 unrelated founders. The 10 QTLs distributed 
at random in each chromosome made up the significant regression coefficients in the 
Bayesian Ridge regression model. In independent simulations, chromosome numbers 
4, 5, 7, 9, 12, 24, and 48 were taken. These chromosome numbers were chosen in order 
to observe the behavior of the fittings as the number of predictors gradually increases. 
Each predictor variable takes the values of 0, 1, or 2, according to the frequency of 
the major allele. The predictor variables with no variation were eliminated from their 
respective set. This framework produced sets of predictor variables with 349, 456, 
616, 785, 1037, 2059, and 4090 variables, respectively. Additionally, the sample sizes 
considered were 200, 400, 600, 800, 1000, 2000, 4000, 6000, and 8000 (Figure 1), which 
enables the evaluation of the models in scenarios n > p, and n < p, including n << p.

Figure 1. Simulation grid. Sample size (n) × number of predictor variables (p), and combinations 
of parameters used to simulate the data in each point of the grid n × p.

 

To evaluate the influence of the prior densities against small and large variations in 
the variance components, in each point of the n × p grid, the response variable was 
simulated with the combination of the pairs of fixed values (𝜙𝜙𝛽𝛽𝑟𝑟 , 𝜙𝜙𝜖𝜖𝑟𝑟)  = (0.01, 6.0), (0.03, 
8.0), (0.05, 1.0), (0.07, 6.0), (0.09, 8.0), (0.1, 1.0), (0.1, 6.0), (0.3, 8.0), (0.5, 1.0), (0.7, 6.0), 
(0.9, 8.0), (1.0, 1.0). Values of 0.01 ≤ 𝜙𝜙𝛽𝛽𝑟𝑟 < 0.1  helped observe the performance of the 
fittings against 𝜙𝜙𝛽𝛽𝑟𝑟   values close to zero, whereas with values of 0.1 ≤ 𝜙𝜙𝛽𝛽𝑟𝑟 ≤ 1,   showed 
the behavior of the fittings against values of 𝜙𝜙𝛽𝛽𝑟𝑟  far away from zero. On the other 
hand, the value of 𝜙𝜙𝜖𝜖

𝑟𝑟 = 1.0  helps observe the performance of the fittings against little 
noise in the error, whereas the values of 𝜙𝜙𝜖𝜖 = 6.0, 8.0  display the performance of the 
adjustments in the face of much noise in the error. The combination of parameters 
(𝜙𝜙𝛽𝛽𝑟𝑟 , 𝜙𝜙𝜖𝜖𝑟𝑟)  considered to simulate the data in each point of the n × p grid is illustrated 
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(Figure 1). Only additive genetic effects were simulated, and an absence of dominance 
was assumed.
The models were fitted with the simulated response and predictor variables. The 
Bayesian models were fitted using routines written in the C and R programming 
languages that implement the algorithms of the Gibbs sampler and random walk. This 
allowed the optimization of the process to obtain MCMC samples, making it faster, 
combining compiled and interpreted code. On the other hand, the estimation with the 
REML method of the variance of the linear mixed model defined in equation (3) was 
carried out with the mixed.solve function of R’s rrBLUP package (Endelman, 2011).
The Gelman-Rubin diagnosis (Gelman and Rubin, 1992) verified the convergence 
of the MCMC chains towards their stationary distribution. For this purpose, two 
100 000-sized chains were used, considering half of each chain as burning and 
implementing a thinning every 10 observations. If the statistical value of the Gelman-
Rubin (DG) test is lower than 1.2, it is concluded that the convergence is acceptable. 
The summary of statistics of the posterior estimated densities was calculated with the 
average of the corresponding statistics given for each one of the two MCMC chains. To 
facilitate the discussion of results, fixed values were used to simulate the data, which 
were denoted by 𝜙𝜙𝛽𝛽𝑟𝑟   y 𝜙𝜙𝜖𝜖

𝑟𝑟 , called true parameters.

RESULTS AND DISCUSSION

Scenario n > p
The performance of the fittings in scenarios n > p is exposed in detail using the 
combination of n = 8000 and p = 349 (Table 1) as an example. For other scenarios, similar 
results were obtained (not shown). The MCMC chains of each variance component 
quickly converged, except with the pair of values 𝜙𝜙𝛽𝛽𝑟𝑟  = 0.01 and 𝜙𝜙𝜖𝜖

𝑟𝑟  = 6.0  and 𝜙𝜙𝛽𝛽𝑟𝑟   = 0.03 
and 𝜙𝜙𝜖𝜖

𝑟𝑟  = 8.0, for which chain convergence was slow. For example, when the data were 
generated with 𝜙𝜙𝛽𝛽𝑟𝑟  = 0.03 and 𝜙𝜙𝜖𝜖

𝑟𝑟  = 8.0, n = 8000 and p = 349, 100 000 realizations of the 
chain under prior HC were needed to reach their stationary distribution; in contrast, 
under the same prior distribution and with data generated with real parameters 𝜙𝜙𝛽𝛽𝑟𝑟  = 
0.01 and 𝜙𝜙𝜖𝜖

𝑟𝑟  = 1.0, n = 8000 and p = 349, only 10 000 iterations of the chain were needed 
to reach its stationary distribution. With 100 000 observations, the statistical value of 
the DG test was always lower than 1.2, which indicates convergence in each one of the 
chains generated (Table 1). Due to this, the generation of 100 000 observations of each 
chain was considered so that all were of the same size and their convergences were 
ensured at the same time.
Under prior density (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  the credibility intervals (CI) of o.95 for 0.95 for 𝜙𝜙𝜖𝜖  generally 
contained the true values of parameters 𝜙𝜙𝜖𝜖  (Table 1, Figures 2B and 2D). These results 
contrast with the CI obtained for ϕβ. In the intervals built for ϕβ four behaviors are 
observed, linked to the values of 𝜙𝜙𝛽𝛽𝑟𝑟   and 𝜙𝜙𝜖𝜖

𝑟𝑟 . First, when value 𝜙𝜙𝛽𝛽𝑟𝑟   is near zero 
(𝜙𝜙𝛽𝛽𝑟𝑟 ≤ 0.3)  and 𝜙𝜙𝜖𝜖

𝑟𝑟  is large (𝜙𝜙𝜖𝜖𝑟𝑟 ≥ 6.0) , the posterior distribution of ϕβ is biased towards 
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the right of the true value 𝜙𝜙𝛽𝛽𝑟𝑟  , which exposes its overestimation (Figures 2A and 2C). 
This shows the difficulty of estimating the variance component ϕβ when the variability 
of the error is large and the effects of the predictor variables are small. In scenarios 
where (𝜙𝜙𝛽𝛽𝑟𝑟 ≤ 0.3)  and (𝜙𝜙𝜖𝜖𝑟𝑟 ≥ 6.0) , the HD distances under the prior (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  are near 
1.0, indicating a discrepancy between the prior and posterior densities. However, 
Bayesian learning is poor because the posterior densities fail to capture the true values 
of the parameters 𝜙𝜙𝛽𝛽𝑟𝑟   (Figures 2A and 2C).
Second, when the variance component ϕβ tends towards the value of 1.0 (𝜙𝜙𝛽𝛽𝑟𝑟 ≥ 0.7) , 
the value 𝜙𝜙𝜖𝜖

𝑟𝑟  = 6.0 (𝜙𝜙𝜖𝜖
𝑟𝑟  = 8.0) leads parameter 𝜙𝜙𝛽𝛽𝑟𝑟   to be overestimated if the size of the 

sample is insufficient (n = 8000). Under this scenario, at least n = 8000 registers are 
needed for the posterior distribution of ϕβ to center its mass around the true value 
𝜙𝜙𝛽𝛽𝑟𝑟  . This performance was also verified when calculating the HD distance, whose value 
close to 1.0 indicates a complete distancing between the prior and posterior densities.

Table 1. Summary of statistics after fitting the models with scaled inverse chi-squared (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  and Half Cauchy (HC) priors, 
with n = 8000 and p = 349 (four chromosomes). Fixed values (𝜙𝜙𝛽𝛽𝑟𝑟  , 𝜙𝜙𝜖𝜖

𝑟𝑟 ) to simulate the data (Pars).

Pars REML
Prior

Posterior ϕβ Posterior
 
ϕ
Î

𝜙𝜙𝛽𝛽𝑟𝑟  𝜙𝜙𝜖𝜖
𝑟𝑟 𝜙̂𝜙𝛽𝛽 𝜙̂𝜙𝜖𝜖 M Me SD Q0.025 Q0.975 HD DG M Me SD Q0.025 Q0.975 HD DG

0.01 6 0.00005 5.9361 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.2944 0.2908 0.0387 0.2250 0.3759 1.0000 1.02 5.9028 5.9034 0.0921 5.7254 6.0724 0.8921 1.00
HC 0.0110 0.0090 0.0089 0.0008 0.0332 0.8207 1.03 5.9351 5.9334 0.0959 5.7532 6.1350 0.9524 1.00

0.1 6 0.00063 5.9347 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.3368 0.3330 0.0444 0.2610 0.4295 1.0000 1.00 5.9115 5.9077 0.0946 5.7305 6.0954 0.8887 1.00
HC 0.0776 0.0750 0.0229 0.0407 0.1301 0.8077 1.00 5.9428 5.9472 0.0921 5.7648 6.1275 0.9521 1.00

0.03 8 0.00020 7.9649 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.4025 0.3985 0.0526 0.3141 0.5147 1.0000 1.02 7.9212 7.9231 0.1277 7.6787 8.1660 0.8843 1.01
HC 0.0162 0.0104 0.0169 0.0002 0.0607 0.7958 1.01 7.9717 7.9706 0.1239 7.7264 8.2203 0.9546 1.00

0.3 8 0.00251 7.9662 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.6107 0.6078 0.0794 0.4635 0.7758 0.9996 1.00 7.9397 7.9389 0.1279 7.6974 8.1974 0.8880 1.00
HC 0.2972 0.2911 0.0583 0.1972 0.4227 0.8002 1.01 7.9830 7.9838 0.1279 7.7310 8.2297 0.9538 1.00

0.05 1 0.00045 0.9965 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.0909 0.0904 0.0123 0.0685 0.1164 0.9987 1.02 0.9952 0.9950 0.0165 0.9627 1.0271 0.9755 1.00
HC 0.0558 0.0553 0.0096 0.0386 0.0767 0.8655 1.01 0.9977 0.9978 0.0163 0.9676 1.0301 0.9406 1.00

0.5 1 0.00400 0.9968 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.5700 0.5681 0.0571 0.4737 0.6909 0.7742 1.00 0.9993 0.9993 0.0165 0.9668 1.0323 0.8797 1.01
HC 0.5524 0.5502 0.0579 0.4553 0.6712 0.8481 1.00 0.9980 0.9973 0.0154 0.9693 1.0299 0.9430 1.01

1.0 1 0.0078 0.9975 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 1.1223 1.1180 0.1064 0.9284 1.3343 0.6950 1.01 0.9995 0.9990 0.0162 0.9667 1.0300 0.8890 1.01
HC 1.1173 1.1108 1.1062 0.9307 1.3362 0.8508 1.01 0.9984 0.9985 0.0157 0.9682 1.0293 0.9421 1.00

0.07 6 0.00043 5.9346 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.3189 0.3176 0.0410 0.2506 0.4079 1.0000 1.01 5.9075 5.9087 0.0946 5.7330 6.0931 0.8901 1.00
HC 0.0515 0.0494 0.0184 0.0200 0.0932 0.8032 1.01 5.9381 5.9357 0.0957 5.7543 6.1309 0.9507 1.01

0.7 6 0.00449 5.9362 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.7378 0.7302 0.0939 0.5744 0.9400 0.9935 1.00 5.9281 5.9282 0.0914 5.7574 6.0969 0.8883 1.00
HC 0.5612 0.5553 0.0800 0.4192 0.7271 0.8170 1.00 5.9401 5.9428 0.0959 5.7568 6.1229 0.9515 1.00

0.09 8 0.00066 7.9666 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.4449 0.4420 0.0590 0.3409 0.5673 1.0000 1.00 7.9348 7.9338 0.1240 7.7079 8.1819 0.8824 1.01
HC 0.0756 0.0742 0.0286 0.0246 0.1345 0.7711 1.01 7.9740 7.9782 0.1229 7.7358 8.2187 0.9545 1.00

0.9 8 0.00808 7.9612 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 1.2335 1.2274 0.1516 0.9789 1.5465 0.9815 1.00 7.9637 7.9594 0.1269 7.7252 8.2152 0.8868 1.00
HC 1.0044 0.9865 0.1384 0.7639 1.3088 0.8177 1.00 7.9676 7.9676 0.1269 7.7242 8.2350 0.9538 1.00

REML: restricted maximum likelihood estimations; M: mean; Me: median; SD: standard deviation; Q0.025: quantile 0.025; 
Q0.975: quantile 0.975; HD: Hellinger distance; DG: Gelman-Rubin diagnosis.
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Third, when 𝜙𝜙𝜖𝜖
𝑟𝑟  = 1.0, the posterior distribution of ϕβ was found around the true value 

of parameter 𝜙𝜙𝛽𝛽𝑟𝑟   (𝜙𝜙𝛽𝛽𝑟𝑟   = 0.5, 1.0). However, this behavior does not express a substantial 
Bayesian learning because the prior distribution is found around the true values of the 
parameters (𝜙𝜙𝛽𝛽𝑟𝑟   = 0.5, 1.0), which is why the HD distance only reached values below 0.8 
(0.7742 and 0.6950). In this context, a relevant prior density is being used, in which case 
an HD distance relatively far from the value of 1.0 does not imply a lack of Bayesian 
learning. Finally, it was observed that although 𝜙𝜙𝛽𝛽𝑟𝑟   moved away from the origin (𝜙𝜙𝛽𝛽𝑟𝑟   = 
0.9), the high noise induced by the variance of the error (𝜙𝜙𝜖𝜖

𝑟𝑟  = 8.0) generally causes the 
overestimation of parameter 𝜙𝜙𝛽𝛽𝑟𝑟  .
When standard HC prior distribution is used, almost all CI at a probability of 0.95 for 
𝜙𝜙𝜖𝜖 

 
captured the different values assigned to parameter 𝜙𝜙𝜖𝜖

𝑟𝑟  (Table 1, Figures 3B and 3D). 
These results are similar to those obtained under prior (𝜒𝜒𝑣𝑣,𝑆𝑆−2) . However, for component 
ϕβ, the performance of the posterior distribution contrasts with the performance of 
the posterior density when considering (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  prior. In general, each one of the CI 
at 0.95 probability for ϕβ contains the true value of the parameter (Figures 3A and 

Figure 2. Posterior densities for ϕβ and 𝜙𝜙𝜖𝜖  with scaled inverse chi-squared (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  prior, n > p (n = 8000, p = 349) under two 
scenarios. A, B: (𝜙𝜙𝛽𝛽𝑟𝑟    = 0.01, 𝜙𝜙𝜖𝜖

𝑟𝑟  = 6.0); C, D: (𝜙𝜙𝛽𝛽𝑟𝑟    = 0.03, 𝜙𝜙𝜖𝜖
𝑟𝑟  = 8.0).
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3C), alongside the fact that in each simulation scenario, the mean of the posterior 
distribution is relatively near the real value of the parameter.
Regarding the effectiveness of Bayesian learning, the prior distribution for ϕβ 
accumulated its greatest mass near the origin. One could suspect that this property 
allows the posterior density to effectively capture the true value of parameter 𝜙𝜙𝛽𝛽𝑟𝑟   when 
it is near zero. However, when the real value of parameter 𝜙𝜙𝛽𝛽𝑟𝑟   in the data-generating 
model moves away from the origin (𝜙𝜙𝛽𝛽𝑟𝑟   = 1.0), the greatest discrepancy is created 
between prior and posterior densities (Table 1). The posterior distribution of ϕβ 
concentrates its mass around the true value of the parameter (𝜙𝜙𝛽𝛽𝑟𝑟   = 1.0). This behavior 
is also reflected in the posterior distribution of 𝜙𝜙𝜖𝜖 , because when the standard HC 
prior distribution is assigned to the positive square root of variance component 𝜙𝜙𝜖𝜖 , the 
prior density for 𝜙𝜙𝜖𝜖  also accumulates its largest mass near zero.
This characteristic of the prior distribution for 𝜙𝜙𝜖𝜖  has no influence in the learning of 
the posterior distribution, which concentrates around the true value of parameter 𝜙𝜙𝜖𝜖

𝑟𝑟 , 
regardless of it moving away from the origin (Figures 3B and 3D). Thus, the posterior 
density is effectively updated towards the true value of the parameter, whether 𝜙𝜙𝜖𝜖

𝑟𝑟  

Figure 3. Posterior densities for ϕβ and 𝜙𝜙𝜖𝜖  with Half Cauchy prior (HC), n > p (n = 8000, p = 349) under two scenarios. 
A, B: (𝜙𝜙𝛽𝛽𝑟𝑟    = 0.01, 𝜙𝜙𝜖𝜖

𝑟𝑟  = 6.0); C, D: (𝜙𝜙𝛽𝛽𝑟𝑟    = 0.03, 𝜙𝜙𝜖𝜖
𝑟𝑟  = 8.0).
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= 1.0, 6.0, or 8.0, as applicable (Table 1). This behavior is also expressed in the HD 
distances between the prior and posterior densities, which surpass the value of 0.943, 
indicating an efficient and effective Bayesian learning.
The results of fitting the linear mixed model were reported in equation (3) using the 
REML method (Table 1). The adjustment shows the inability of the method to correctly 
estimate the variance component 𝜙𝜙𝛽𝛽𝑟𝑟  , which was underestimated in each simulation 
scenario. An important positive aspect of the method is its precise estimation of 
variance component 𝜙𝜙𝜖𝜖

𝑟𝑟 , which should be emphasized.

Scenario n << p
The performance of the fittings in scenarios n << p is exposed in detail with n = 200 and 
p = 349 (Table 2). Similar results were obtained for other scenarios (not shown). The 
value of the DG statistic obtained in each chain diagnosis was always near the value of 

Table 2. Summary of posterior statistics when fitting the models with the scaled inverse chi-squared (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  and Half Cauchy 
(HC) priors, with n = 200 and p = 349 (four chromosomes). Fixed values (𝜙𝜙𝛽𝛽𝑟𝑟  , 𝜙𝜙𝜖𝜖

𝑟𝑟 ) to simulate the data (Pars).

Pars REML
Prior

Posterior ϕβ Posterior
 
ϕ
Î

𝜙𝜙𝛽𝛽𝑟𝑟  𝜙𝜙𝜖𝜖
𝑟𝑟 𝜙̂𝜙𝛽𝛽 𝜙̂𝜙𝜖𝜖 M Me SD Q0.025 Q0.975 HD DG M Me SD Q0.025 Q0.975 HD DG

0.01 6 0.2275 6.3076 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 1.9487 1.8772 0.5930 1.0405 3.3452 0.7308 1.00 5.4021 5.3246 0.6638 4.2412 6.8612 0.6395 1.00
HC 0.4022 0.2618 0.4129 0.0021 1.4026 0.5410 1.00 6.2458 6.1744 0.7396 5.0096 7.8028 0.8620 1.00

0.1 6 <0.0001 6.2279 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 1.1901 1.1414 0.3177 0.7245 1.9346 0.8306 1.00 4.5427 4.5210 0.5110 3.6001 5.6098 0.6623 1.00
HC 0.1403 0.0716 0.1886 0.0003 0.6513 0.6248 1.01 4.9041 4.8810 0.5195 3.9745 6.0137 0.8652 1.00

0.03 8 0.2237 7.7108 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 2.2131 2.1204 0.6317 1.2347 3.7102 0.7650 1.01 6.7496 6.6938 0.8207 5.3649 8.5626 0.6447 1.00
HC 0.3566 0.2165 0.3828 0.0064 1.3704 0.5614 1.11 7.6705 7.6344 0.8350 6.1926 9.4141 0.8747 1.00

0.3 8 <0.0001 8.2110 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 1.8041 1.7300 0.5050 1.0513 2.9742 0.8541 1.00 7.7970 7.7091 0.8790 6.3354 9.7150 0.6680 1.00
HC 0.1184 0.0601 0.1484 0.0006 0.5081 0.6499 1.06 8.2006 8.1574 0.8104 6.7311 10.062 0.8818 1.01

0.05 1 0.0449 0.9737 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.2887 0.2811 0.0795 0.1633 0.4543 0.7601 1.00 0.8601 0.8570 0.1014 0.6764 1.0677 0.6476 1.00
HC 0.0678 0.0498 0.0669 0.0017 0.2433 0.6963 1.09 0.9726 0.9660 0.1122 0.7606 1.2089 0.8316 1.00

0.1 1 0.2430 0.8681 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.4012 0.3900 0.1170 0.2168 0.6854 0.6452 1.01 0.8119 0.8029 0.1092 0.6325 1.0573 0.6136 1.00
HC 0.2268 0.2169 0.1328 0.0160 0.5136 0.6425 1.00 0.9069 0.8965 0.1365 0.6574 1.1926 0.6048 1.00

0.5 1 0.6857 0.8070 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 0.7564 0.7360 0.1946 0.4431 1.2107 0.4998 1.00 0.8186 0.8139 0.1212 0.6074 1.0710 0.6055 1.00
HC 0.7082 0.7068 0.2111 0.3266 1.1693 0.7093 1.03 0.8308 0.8200 0.1370 0.5983 1.1174 0.7977 1.01

1.0 1 0.9288 1.3627 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 1.0629 1.0447 0.2629 0.6050 1.6496 0.5635 1.00 1.3618 1.3558 0.1886 1.0209 1.7529 0.6107 1.00
HC 0.9401 0.9079 0.2861 0.4600 1.5646 0.7065 1.02 1.3845 1.3663 0.2024 1.0380 1.8006 0.8124 1.00

0.07 6 0.2507 5.7746 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 1.6935 1.6122 0.4811 0.9593 2.7936 0.7603 1.00 5.1111 5.0594 0.6036 4.0211 6.5185 0.6480 1.00
HC 0.2998 0.1975 0.3135 0.0033 1.0564 0.5760 1.09 5.8007 5.7680 0.6313 4.6230 7.0731 0.8656 1.01

0.7 6 1.2383 4.7563 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 2.1189 2.0505 0.6153 1.1409 3.5246 0.6610 1.00 4.4630 4.4246 0.5587 3.4763 5.6572 0.6264 1.01
HC 1.1893 1.0960 0.6333 0.1965 2.6282 0.5699 1.00 4.8899 4.8401 0.6927 3.6580 6.3870 0.8404 1.02

0.09 8 <0.0001 8.4050 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 2.3169 2.1960 0.7028 1.2862 4.0000 0.7581 1.00 7.2775 7.2057 0.8767 5.8100 9.0892 0.6471 1.00
HC 0.1344 0.0306 0.2366 0.0007 0.7694 0.6410 1.03 8.4020 8.3493 0.8498 6.8836 10.243 0.8807 1.04

0.9 8 0.5396 8.5494 (𝜒𝜒𝑣𝑣,𝑆𝑆−2) 2.9830 2.8282 0.9100 1.6091 5.1945 0.6838 1.00 7.3021 7.2452 0.9541 5.5731 9.2495 0.6168 1.00
HC 0.5606 0.3302 0.6740 0.0009 2.4129 0.5199 1.00 8.6582 8.6184 1.0601 6.6583 10.799 0.8661 1.00

REML: restricted maximum likelihood estimations; M: mean; Me: median; SD: standard deviation; Q0.025: quantile 0.025; 
Q0.975: quantile 0.975; HD: Hellinger distance; DG: Gelman-Rubin diagnosis. 
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1.0, suggesting that both chains originate from the marginal posterior distribution of 
each variable, regardless of the prior density considered (Table 2). On the other hand, 
when n = 200 and p = 349, every HD distance between the prior and posterior densities 
was less than its corresponding HD when n = 800 and p = 349.
This result indicates the consistency of the Bayesian learning as the model is updated, 
adding new available information (Tables 1 and 2). The posterior density of 𝜙𝜙𝜖𝜖  
registered more learning under the HC prior than under (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  prior. In contrast, for 
ϕβ, the learning under prior density HC, was only greater in the data generated with 
parameters (𝜙𝜙𝛽𝛽𝑟𝑟   = 0.5, 𝜙𝜙𝜖𝜖

𝑟𝑟  = 1.0) and (𝜙𝜙𝛽𝛽𝑟𝑟   = 1.0, 𝜙𝜙𝜖𝜖
𝑟𝑟  = 1.0). These greater HD distances 

expose the versatility of the prior HC density to efficiently learn in high dimensions, 
even when the true value of parameter 𝜙𝜙𝛽𝛽𝑟𝑟   moves away from zero, which is the region 
in which the prior density accumulates its greatest mass.
On the other hand, the CIs built from the posterior density for ϕβ with prior (𝜒𝜒𝑣𝑣,𝑆𝑆−2)   in 
contexts of great uncertainty, which is induced by 𝜙𝜙𝜖𝜖

𝑟𝑟  = 6.0 (8.0), tended to overestimate 
parameter 𝜙𝜙𝛽𝛽𝑟𝑟  . Nevertheless, when the variance of the error uncertainty reduced (
𝜙𝜙𝜖𝜖
𝑟𝑟  = 1.0), the CI at a probability of 0.95 correctly captured true value 𝜙𝜙𝛽𝛽𝑟𝑟   when true 

parameters 𝜙𝜙𝛽𝛽𝑟𝑟   were relatively far from the origin (𝜙𝜙𝛽𝛽𝑟𝑟   = 0.5, 1.0). This result shows 
the difficulty of correctly estimating parameter 𝜙𝜙𝛽𝛽𝑟𝑟   if its real value is near the origin, 
regardless of the noise induced by component 𝜙𝜙𝜖𝜖

𝑟𝑟 . Results also indicate that parameter 
𝜙𝜙𝜖𝜖
𝑟𝑟  tended to be correctly estimated, regardless of its value 𝜙𝜙𝜖𝜖

𝑟𝑟  = 1.0, 6.0, 8.0.
In contrast with the CIs built under (𝜒𝜒𝑣𝑣,𝑆𝑆−2) , the CIs built under HC prior contained the 
real values of the parameters, regardless of the real values of parameters 𝜙𝜙𝛽𝛽𝑟𝑟   or 𝜙𝜙𝜖𝜖

𝑟𝑟  
(Table 2, Figure 4). However, in accordance with the true parameters (𝜙𝜙𝛽𝛽𝑟𝑟 , 𝜙𝜙𝜖𝜖𝑟𝑟)  used 
in the data-generating mechanism, three substantial behaviors can be distinguished. 
First, when the variance of the error is large (𝜙𝜙𝜖𝜖

𝑟𝑟  = 6.0, 8.0) and variance component 𝜙𝜙𝛽𝛽𝑟𝑟   
tends towards zero, the posterior distribution of 𝜙𝜙𝛽𝛽𝑟𝑟   was observed to present a positive 
bias, taking value 𝜙𝜙𝛽𝛽𝑟𝑟   as a reference, which shows the influence of parameter 𝜙𝜙𝜖𝜖

𝑟𝑟  to 
attract the distribution of 𝜙𝜙𝛽𝛽𝑟𝑟   towards value 𝜙𝜙𝜖𝜖

𝑟𝑟  (Figures 4A and 4B). Second, when the 
variance of the error decreases (𝜙𝜙𝜖𝜖

𝑟𝑟  = 1), the posterior distribution of ϕβ usually centers 
its mass around true value 𝜙𝜙𝛽𝛽𝑟𝑟  ; under these circumstances, the posterior means and 
medians of ϕβ practically coincide with true values 𝜙𝜙𝛽𝛽𝑟𝑟    used to simulate the data (Table 
2). Third, when parameter 𝜙𝜙𝛽𝛽𝑟𝑟   moves away from the origin (𝜙𝜙𝛽𝛽𝑟𝑟    = 0.5, 0.7, 0.9, 1.0), the 
posterior distribution of ϕβ concentrates its mass around the value 𝜙𝜙𝛽𝛽𝑟𝑟  , regardless of the 
location of the posterior distribution of 

 
𝜙𝜙𝜖𝜖 

 
(Figure 4). Regardless of the density of the 

prior density assigned to the variance components and the noise induced by 𝜙𝜙𝜖𝜖
𝑟𝑟 , the 

CIs tended to be shorter as the sample size increased.
Regarding the estimation of the variance components according to the linear mixed 
model via REML, two substantial behaviors can be distinguished. In scenarios in which 
𝜙𝜙𝛽𝛽𝑟𝑟   is relatively near zero (𝜙𝜙𝛽𝛽𝑟𝑟    = 0.01, 0.03, 0.07, 0.09) and 𝜙𝜙𝜖𝜖

𝑟𝑟  is relatively large (𝜙𝜙𝛽𝛽
𝑟𝑟    = 

6.0, 8.0), component 𝜙𝜙𝛽𝛽𝑟𝑟   was significantly overestimated, whereas 𝜙𝜙𝜖𝜖
𝑟𝑟  was estimated 

correctly (Table 2). In general terms, the total variability (𝜙𝜙𝛽𝛽𝑟𝑟   + 𝜙𝜙𝜖𝜖
𝑟𝑟 ) was appropriately 

captured. However, the method is incapable of breaking the total variability down 
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into its individual components, 𝜙𝜙𝛽𝛽𝑟𝑟   and 𝜙𝜙𝜖𝜖
𝑟𝑟 . When 𝜙𝜙𝜖𝜖

𝑟𝑟  = 1.0, the REML method correctly 
estimated each variance component, 𝜙𝜙𝛽𝛽𝑟𝑟   and 𝜙𝜙𝜖𝜖

𝑟𝑟 , regardless of the true value 𝜙𝜙𝛽𝛽𝑟𝑟   used 
to generate the data. In addition, the results obtained with n > p contrast with those 
obtained with n << p. In contexts in which n > p, the REML method did not detect 
component 𝜙𝜙𝛽𝛽𝑟𝑟   (Table 1), whereas when the number of records is lower than the 
number of parameters (n < p), 𝜙𝜙𝛽𝛽𝑟𝑟   was overestimated when 𝜙𝜙𝜖𝜖

𝑟𝑟  = 6.0, 8.0 and correctly 
estimated when 𝜙𝜙𝜖𝜖

𝑟𝑟  = 1.0 (Table 2).

CONCLUSIONS
The influence of (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  prior and standard Half Cauchy (HC) distributions on the 
posterior density of each variance component in the Bayesian Ridge regression model 
was evaluated in contexts in which there are more observations than predictor variables 
and in high dimensions. Based on the results of the genetic evaluation simulation, 
the following conclusions can be drawn: a) The (𝜒𝜒𝑣𝑣,𝑆𝑆−2)  prior density hyperparameters 

Figure 4. Posterior densities for ϕβ and 𝜙𝜙𝜖𝜖  with a Half Cauchy prior (HC),  n << p (n = 200, p = 349) under two scenarios. A, B: 
(𝜙𝜙𝛽𝛽𝑟𝑟    = 0.07, 𝜙𝜙𝜖𝜖

𝑟𝑟  = 6.0); C, D: (𝜙𝜙𝛽𝛽𝑟𝑟    = 0.09, 𝜙𝜙𝜖𝜖
𝑟𝑟  = 8.0).
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have a strong influence over the learning of the posterior density of the variance of 
the predictor variables, particularly when true parameter 𝜙𝜙𝛽𝛽𝑟𝑟   is near the value of zero 
and the variance of the error is large (𝜙𝜙𝜖𝜖𝑟𝑟 ≥ 6.0) . b) Under prior density (𝜒𝜒𝑣𝑣,𝑆𝑆−2) , when 
the variance of the error is large (𝜙𝜙𝜖𝜖𝑟𝑟 ≥ 6.0) , the CIs at 0.95 overestimate variance 
component ϕβ. c) Under prior density (𝜒𝜒𝑣𝑣,𝑆𝑆−2) , the CIs for parameter 𝜙𝜙𝜖𝜖

𝑟𝑟  are almost always 
exact and their accuracy increases with the sample size. d) If the HC prior density is 
assigned to every variance component, the CIs of 0.95 for ϕβ and 𝜙𝜙𝜖𝜖 

 
are almost always 

exact and their accuracy increases with the sample size. e) The problem of the curse of 
dimensionality does not interfere in the precision of the CIs, neither for 𝜙𝜙𝛽𝛽𝑟𝑟   nor for 𝜙𝜙𝜖𝜖

𝑟𝑟 . f) 
Regardless of the prior density considered in the parametric scenarios explored in this 
study, the CIs for 𝜙𝜙𝛽𝛽𝑟𝑟   are highly inaccurate when n ≤ 600. The accuracy of the CIs for 𝜙𝜙𝛽𝛽𝑟𝑟   
worsens specifically under prior density (𝜒𝜒𝑣𝑣,𝑆𝑆−2) , where the CIs are also usually inexact. 
However, the CIs for both 𝜙𝜙𝛽𝛽𝑟𝑟   and 𝜙𝜙𝜖𝜖

𝑟𝑟  tend to be shorter as the sample size increases, 
regardless of the prior density assigned to the variance component.
The results show the suitability of the HC distribution as a prior density to model 
variance components in the Bayesian Ridge regression model. Its election must be 
preferred over the REML method or, in Bayesian contexts, over distribution (𝜒𝜒𝑣𝑣,𝑆𝑆−2)   as 
the prior of the variance components.
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ABSTRACT
Alfalfa (Medicago sativa L.) is an important crop for food security and livestock sustainability. 
The accurate identification of its phenological stages, based on subjective observations, can be 
improved using machine learning methods that enable objective and efficient classification 
based on field data and remote sensors. The purpose of this study was to classify four 
phenological stages of alfalfa using Sentinel-2 images and machine learning models such as 
Support Vector Machine (SVM) and Multilayer Perceptron (MLP) neural networks. To this 
end, a dimensionality reduction process based on correlation analysis and Sequential Forward 
Selection (SFS) of features was integrated to optimize accuracy and computational efficiency. 
In this study, 41 Sentinel-2 images corresponding to 72 alfalfa plots during one agricultural 
cycle were analyzed. From the images, 86 texture, color, and vegetation index characteristics 
were extracted; subsequently, a correlation analysis was applied to eliminate redundant 
variables, reducing the set to 50 independent characteristics. On this subset, the SFS method 
was implemented with a gradient stopping criterion, which allowed the identification of the 
29 variables with the highest discriminating power. As a result, the SVM model improved 
its accuracy from 70.1 to 82.2 % after the reduction of characteristics, while the MLP network 
achieved the highest overall accuracy (85 %, k = 0.77) with a configuration of 50-50 neurons 
in two hidden layers. The combination of correlation analysis and feature selection reduced 
dimensionality by 58 % without loss of accuracy. The MLP network outperformed the SVM in 
its generalization ability. This approach constitutes a low-cost operational alternative for the 
phenological monitoring of perennial crops using freely available satellite imagery.

Key words: Support vector machine, multilayer perceptron neural network, forward sequential 
selection, alfalfa monitoring.

INTRODUCTION
The world population is projected to reach 8.1 billion people by 2030, indicating a 
substantial rise in food demand. Therefore, it will be essential to increase the area 
under cultivation, improve agricultural productivity, and intensify crop rotation 
(FAO, 2002). In Mexico, between 2006 and 2018, the area under cultivation grew by 

Citation: Murguia-Cozar 
A, Macedo-Cruz A, 
Fernández-Reynoso DS. 
2026. Classification of alfalfa 
(Medicago sativa L.) phenology 
using machine learning 
methods. 
Agrociencia 60(1): 42-61.  
https://doi.org/ 10.47163/
agrociencia.v60i1.3441

Editor in Chief: 
Dr. Fernando C. Gómez Merino

Received: June 02, 2025.
Approved: January 23, 2026.
Published in Agrociencia: 
January 30, 2026.

This work is licensed 
under a Creative Commons 

Attribution-Non- Commercial 
4.0 International license.

CLASSIFICATION OF ALFALFA (Medicago sativa L.) 
PHENOLOGY USING MACHINE LEARNING METHODS

Álvaro Murguia-Cozar1, Antonia Macedo-Cruz1*, Demetrio Salvador Fernández-Reynoso1

42



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i1.3441
Scientific Article 43

1.5 %, reaching a total of 20.27 million ha (SIAP, 2019). Food security, both locally and 
globally, will depend on the ability to increase food production.
Constant crop monitoring can optimize agricultural productivity, which in turn 
leads to increased production. This procedure facilitates estimations regarding yield, 
crop health, and requirements for water and nutrients (Bouni et al., 2024). However, 
traditional methods that rely on field studies are often costly and time-consuming. As 
an alternative, the use of satellite imagery offers an efficient solution for large-scale 
crop monitoring, providing valuable biophysical data (Thenkabail et al., 2012).
Satellite images record the Earth’s surface through spectral signatures that quantify 
reflected light, allowing statistical and machine learning models to extract key 
information about crops. Sentinel-2 images stand out by their high resolution of 10 m 
in the visible spectrum and near-infrared band, rendering them an effective instrument 
for agricultural research. Various studies have used satellite imagery and machine 
learning techniques to improve agricultural productivity and predict parameters such 
as crop yield, water demand, and phenology. This approach has been used to estimate 
corn production (Kayad et al., 2019), classify crops (Solano-Correa et al., 2019), analyze 
rice phenology (Supriatna et al., 2020), and determine the peak flowering of rapeseed 
crops (Han et al., 2020).
Recent studies have expanded this framework. Sadri et al. (2022) developed a machine 
learning and remote sensing model to estimate daily irrigation requirements on 
farms. Similarly, de la Fuente et al. (2023) used Sentinel-2 satellite images and machine 
learning algorithms to predict grape crop yields by analyzing time series of vegetation 
indices, with overall accuracies greater than 90 %. Longchamps and Philpot (2023) 
proposed a phenological monitoring method that uses a two-dimensional space for 
chlorophyll and canopy water indexes. Shojaeezadeh et al. (2025) combined optical 
and radar data to estimate more than 13 phenological stages with machine learning. A 
study on alfalfa was able to estimate crop height from Sentinel-2 images and machine 
learning techniques (Random Forest and XGBoost), with a coefficient of determination 
of 0.79 and a mean absolute error of 4 cm (Bahrami et al., 2025).
Crop monitoring using satellite imagery allows for estimating yield, water demand, 
and agricultural productivity. In recent years, various studies have been conducted 
to identify crops established in agricultural regions through the analysis of satellite 
images. Ashourloo et al. (2018) proposed a model that establishes a threshold using 
the relationship between the red, green, blue, and near-infrared spectral bands of 
Landsat-8 images to identify alfalfa and other crops. Li et al. (2021) implemented a 
classification method that combines generative adversarial networks, convolutional 
neural networks, and short- and long-term memory neural networks on Tier-1 
Landsat-8 images to discriminate between corn and soybean crops.
Minallah et al. (2020) merged Planetscope and Sentinel-2 images to classify five types 
of land cover (wheat, tobacco, other vegetation, water bodies, and urban areas) by 
training a convolutional neural network. However, the phenological classification of 
crops from satellite images is a largely unexplored field, especially in the case of alfalfa. 
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Fatemeh and Hossein (2022) applied a combination of optical satellite data and radar 
images to discriminate crops such as alfalfa, wheat, sugar beet, apples, and grapes 
by training machine learning algorithms using the Normalized Difference Vegetation 
Index (NDVI), Green Normalized Difference Vegetation Index (GNDVI), Enhanced 
Vegetation Index (EVI), and Leaf Area Index (LAI). Similarly, Chen and Zhang (2023) 
conducted related studies by integrating Landsat 7/8, Sentinel-2, and Sentinel-1 radar 
images to monitor the growth of alfalfa, corn, and soybean crops.
Phenological observations in agriculture and horticulture furnish farmers with 
basic information for informed decision-making concerning optimal operational 
programs, including planting, fertilization, irrigation, crop protection, and forecasting 
phenological phases (Chmielewski, 2023). Phenological data can be used in the design 
of models to predict biophysical parameters of crops such as grain yield, harvest, 
fertilization, and pesticide application. In recent years, various research projects 
have focused on identifying phenological stages in crops such as rice, wheat, apple, 
and olive (Milicevic et al., 2020; Velumani et al., 2020; Yang et al., 2020), using high-
resolution images taken with unmanned aerial vehicles (drones), whose limitation is 
their high cost.
Selecting an optimal subset of spectral, color, and texture features reduces 
dimensionality and improves computational efficiency without compromising 
the accuracy of machine learning models in identifying crop phenological stages. 
Therefore, the objective of this study was to classify four phenological stages of alfalfa 
using Sentinel-2 images and machine learning models (SVM and MLP), integrating a 
dimensionality reduction process based on correlation analysis and sequential feature 
selection to optimize accuracy and computational efficiency. The main contribution of 
this research lies in the application of supervised classification models on Sentinel-2 
satellite images to identify the phenological stages of alfalfa, which constitutes an 
efficient and low-cost tool for large-scale crop monitoring.

MATERIALS AND METHODS

Study area
This study was conducted on agricultural plots belonging to Irrigation Module Five 
“Usuarios y Productores Unidad Tepatepec, A.C.” in Irrigation District 003 “Tula,” in 
the southwestern part of the state of Hidalgo, Mexico (Figure 1). The area is located 
within the Mezquital Valley region (20° 14’ 42.29“ N and 99° 5’ 24.45” W), taking the 
town of “Tepatepec” as a reference point. Irrigation Module Five is supplied by the 
Alto Requena, Principal Requena, Endhó, and Dren irrigation canals, which carry 
wastewater from the Mexico Valley Basin, the Tula River, and the Salado River. 
During one agricultural cycle, 72 alfalfa plots in the Tepatepec Irrigation Module 
were monitored to determine the phenological stages of the crop throughout the 2019 
agricultural cycle.
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Remote sensor data acquisition
To monitor crop phenology, Sentinel-2 satellite images of the study area were used, 
captured by a high-resolution multispectral camera (available at https://browser.
dataspace.copernicus.eu). The images were downloaded in spectral bands 02 (blue), 
03 (green), 04 (red), and 08 (near infrared), corresponding to the period from March to 
November 2019. Images with cloud cover of less than 50 % were selected. The images 
were processed using the QGIS program (QGIS Development Team; Essen, Germany) 
to form four-band spectral composites with a spatial resolution of 10 m and a temporal 
resolution of 5 d. A total of 41 spectral composites were generated.

Sample extraction
The samples used to train the machine learning models were extracted from the 
spectral compositions by cropping the pixels corresponding to the plots studied. These 
were stored in (.mat) files and labeled with the date, plot number, and phenological 
stage. Four main stages were identified (regrowth, medium development, maximum 
development, and cutting and drying), each with an approximate interval of 20 to 
30 d (Figure 2). Regrowth occurs a few days after harvesting, followed by medium 

Figure 1. Location of the study area in Irrigation Module Five, Mezquital Valley, in the state of 
Hidalgo, Mexico.
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Figure 2. Monitoring of control plots. A: regrowth stage; B: average growth; C: full growth; D: 
cutting and drying.

development, characterized by intermediate stem growth. Maximum development 
corresponds to the greatest growth of the crop, with a leafy structure and the presence 
of some flowers. Finally, in the cutting and drying stage, the crop is cut and left on the 
ground until it reaches a moisture content of 14 to 18 % for baling.
The sample extraction process yielded 2405 plot clippings of different sizes, ranging 
from 6 to 43 pixels per side, corresponding to the control plots studied. Of these, 
676 belong to the regrowth stage, 490 to the medium development stage, 1099 to the 
maximum development stage, and 140 to the cutting and drying stage.

Calculation and extraction of features
From the images, 86 texture, color, and vegetation features were extracted and 
programmed in Matlab version 2017 (The MathWorks Inc.; Natick, MA, USA). The 
feature extraction methods implemented were Moran’s Local Spatial Autocorrelation 
Index (LISA), Local Binary Pattern (LBP), and Leaf Area Index (LAI). The extracted 
features were used to create a data matrix with a total of 2405 samples, corresponding 
to the different phenological stages (Table 1).

Moran’s Local Index of Spatial Autocorrelation (LISA)
This index measures the spatial association between a data point and its neighbors 
(Anselin, 1995) and is suitable for spatial data such as satellite images. The method 
analyzes all pixels in the samples using 3 × 3 sliding windows and calculates the LISA 
value (Ii) for each pixel using a weight matrix that quantifies the contribution of its 
neighbors according to the following formula:

𝐼𝐼𝑖𝑖 =
𝑥𝑥𝑖𝑖 − 𝑋̅𝑋
𝑆𝑆𝑖𝑖2

∑ 𝑤𝑤𝑖𝑖𝑖𝑖(𝑥𝑥𝑗𝑗 − 𝑋̅𝑋)
𝑛𝑛

𝑗𝑗=1,𝑗𝑗≠𝑖𝑖
 

where xi is the pixel analyzed, X is the global mean of the pixels contained in the 
sample, Si

2  is the variance of the sample, xj are the neighboring pixels, wij is the square 
matrix of 8 × 8 pixels with weight equal to one divided by the number of neighboring 
pixels, and n is the total number of pixels in the sample
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Local binary pattern (LBP)
The LBP indicator extracts texture features from images (Ojala et al., 2000) and is 
calculated as follows:

𝐿𝐿𝐿𝐿𝐿𝐿 = ∑𝑠𝑠(𝑔𝑔𝑃𝑃 − 𝑔𝑔𝑐𝑐)2𝑃𝑃,      𝑠𝑠(𝑥𝑥) = {1   if   𝑥𝑥 ≥ 0
0   if   𝑥𝑥 < 0

𝑃𝑃=8

𝑃𝑃=1
 

 

where P = 8 is the number of neighbors analyzed, gp and gc are the values of the central 
and neighboring pixels, respectively.

Leaf area index (LAI)
LAI quantifies the leaf area per unit of surface area developed by the crop (Bastiaanssen, 
1998). The indicator uses the soil-adjusted vegetation index (SAVI) as an explanatory 
variable. The model for estimating the index is calculated using the following 
expression:

𝐿𝐿𝐿𝐿𝐿𝐿 = −
𝑙𝑙𝑙𝑙 (0.69 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

0.59 )
0.91  

Table 1. Set of texture, color, and vegetation features extracted from Sentinel-2 satellite images of the study area.

Type Indicator Features Number of 
Features

Texture LISA

lisa_rm, lisa_rv, lisa_gm, lisa_gv, lisa_bm, lisa_bv, lisa_nirm, 
lisa_nirv, lmorl*_m, lmorl*_v, lmora*_m, lmora*_v, lmorb*_m, 
lmorb*_v, lmory*_m, lmory*_v, lmori*_m, lmori*_v, lmorq*_m, 
lmorq*_v, lmorh*_m, lmorh*_v, lmors*_m, lmors*_v, lmorv*_m, 

lmorv*_v,

26

Texture LBP

lbp_rm, lbp_rv, lbp_gm, lbp_gv, lbp_bm, lbp_bv, lbp_nirm, 
lbp_nirv, lbpl*_m, lbpl*_v, lbpa*_m, lbpa*_v, lbpb*_m, lbpb*_v, 
lbpy*_m, lbpy*_v, lbpi*_m, lbpi*_v, lbpq*_m, lbpq*_v, lbph*_m, 

lbph*_v, lbps*_m, lbps*_v, lbpv*_m, lbpv*_v

26

Color RGB and NIR red_m, red_v, green_m, green_v, blue_m, blue_v, nir_m, nir_v 8
Color L*a*b* l*_m, l*_v, a*_m, a*_v, b*_m, b*_v 6
Color YIQ y*_m, y*_v, i*_m, i*_v, q*_m, q*_v, 6
Color HSV h*_m, h*_v, s*_m, s*_v, v*_m, v*_v 6

Vegetation Color ratios Ratio_rm, Ratio_rv, Ratio_gm, Ratio_gv, Ratio_bm, Ration_bv 6
Vegetation LAI lai_m, lai_v 2

m: mean of the pixels in the region of interest; v: variance; LISA: Local Spatial Autocorrelation Index; LBP: Local Binary 
Pattern; RGB: Red, Green, Blue; NIR: Near Infrared; L*a*b*: lightness (L*), green-red channel (a*), and blue-yellow 
channel (b*); YIQ: luminance (Y), in-phase component (I), and quadrature component (Q); HSV: hue, saturation, and 
value; LAI: Leaf Area Index.
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where 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =
(1 + 𝐿𝐿)(𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅)
𝐿𝐿 +𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅   and indicates the ground-adjusted vegetation index 

with L = 0.5, which is the factor that describes vegetation density, ranging from zero 
for areas with high vegetation to one for areas with sparse vegetation; NIR is the near-
infrared spectral band, and RED is the red spectral band.

Color indices
Color models, or color spaces, are methodologies for representing color. The RGB (Red, 
Green, Blue) model is the most widely used for representing digital images. Color 
spaces can be projected onto each other using transformation models based on the 
RGB color space (Chaki and Dey, 2021). In this research, conversions were performed 
between the HSV (hue, saturation, value) models, the Commission on Illumination 
(CIE) L*a*b* scale (Robertson, 1976), and YIQ (Luminance (Y), In-phase Quadrature), 
which separates color from brightness.

Color ratios
The color ratios (r) are vegetation indicators that relate the spectral bands of the RGB 
model. This type of indicator has been used in land cover classification (Appice and 
Malerba, 2019), the identification of leaf diseases in alfalfa crops (Qin et al., 2016), and 
the estimation of vegetation cover (García-Martínez et al., 2020). They are calculated 
as follows:

𝑟𝑟 = 𝑅𝑅
𝑅𝑅 + 𝐺𝐺 + 𝐵𝐵 ;   𝑔𝑔 = 𝐺𝐺

𝑅𝑅 + 𝐺𝐺 + 𝐵𝐵 ;   𝑏𝑏 = 𝐵𝐵
𝑅𝑅 + 𝐺𝐺 + 𝐵𝐵 

A feature extraction algorithm was designed that, in the first instance, applies the 
programmed indicator processes to the samples, considers the plot as the region of 
interest, and determines the mean and variance of the pixels contained within the 
region of interest. Finally, it stores the information in a data matrix with 2405 rows 
(samples) and 86 columns (extracted features).

Correlation analysis of features
Although neural networks can handle correlated inputs, several studies indicate that 
redundancy between input variables can generate duplicate information, increase 
model complexity, and even affect its stability or computational efficiency (Zhang et 
al., 2018; Lagari et al., 2021; Chan et al., 2022). Therefore, in this study, a correlation 
analysis was performed between the extracted features to reduce redundancies before 
training. The correlation matrix was obtained, and variables with correlations greater 
than 0.8 were eliminated, retaining only one per group. This process reduced the set 
from 86 to 50 features (Table 2).
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Feature selection
The Stepwise Forward Selection (SFS) algorithm was used to identify the characteristics 
with the greatest discriminatory power, reducing the set from 50 to 29 variables. This 
method uses Fisher’s criterion, which maximizes the variance between classes and 
within each class. Its application was intended to optimize the performance of the 
classifiers, reducing the number of features without compromising their performance. 
To evaluate the separability of the features, the following equations were used (Mery, 
2015):

𝐶𝐶𝑏𝑏 =∑𝑝𝑝𝑘𝑘(𝑧𝑧𝑘̅𝑘 − 𝑧𝑧̅)(𝑧𝑧𝑘̅𝑘 − 𝑧𝑧̅)𝑇𝑇
𝑘𝑘

 

𝐶𝐶𝑤𝑤 = ∑𝑝𝑝𝑘𝑘𝐶𝐶𝑘𝑘
𝑘𝑘

𝑘𝑘=1
 

𝐶𝐶𝑘𝑘 =
1

𝑁𝑁𝑘𝑘 − 1
∑(𝑧𝑧𝑘𝑘𝑘𝑘 − 𝑧𝑧𝑘̅𝑘)(𝑧𝑧𝑘𝑘𝑘𝑘 − 𝑧𝑧𝑘̅𝑘)

𝑇𝑇
𝑁𝑁𝑘𝑘

𝑗𝑗=1
 

𝐽𝐽 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝐶𝐶𝑤𝑤−1𝐶𝐶𝑏𝑏) 

where Cb is the intraclass variability, pk is the prior probability of the kth class, zk and 
z are the means of the kth class and overall, Cw is the interclass variability, zkj is the 

Table 2. Selected features without high correlation (final set for analysis).

Type Indicator Features Number of 
features

Texture LISA
lisa_rm, lisa_rv, lisa_gm, lisa_gv, lisa_bm, lisa_nirm, lisa_nirv, 
lmora*_m, lmora*_v, lmorb*_m, lmorb*_v, lmori*_m, lmori*_v, 

lmorh*_m, lmors*_m, lmors*_v
16

Texture LBP
lbp_rm, lbp_rv, lbp_gm, lbp_gv, lpb_bv, lbp_nirm, lbp_nirv, 

lbpa*_m, lbpa*_v, lbpb*_m, lbpb*_v, lbpi*_m, lbpi*_v, lbph*_m, 
lbph*_v, lbps*_m, lbps*_v,

17

Color RGB and NIR red_m, red_v, nir_m, nir_v 4
Color L*a*b* a*_m, a*_v, b*_m, b*_v 4
Color HSV h*_m, h*_v, s*_m, s*_v 4

Vegetation Color ratios Ratio_rv, Ratio_bm, Ration_bv 3
Vegetation LAI lai_m, lai_v 2

m: mean of the pixels in the region of interest; v: variance; LISA: Local Indicators of Spatial Association; LBP: Local 
Binary Pattern; RGB: Red, Green, Blue; NIR: Near Infrared; L*a*b*: lightness (L*), green-red channel (a*) and blue-
yellow channel (b*); HSV: hue, saturation, and value; LAI: Leaf Area Index.
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jth vector of selected features of the kth class, and Nk is the number of samples in the 
kth class. Fisher’s criterion (J) determines which feature is the best; the higher J is, the 
greater the separability.

The algorithm used is a modification of the one proposed by Mery (2011), concluding 
the selection process upon reaching a predetermined number of features. The proposed 
algorithm uses Ji – Ji–1 ≥ 0.01 as the stopping criterion. When a feature increases the 
value of J above 0.01, the algorithm adds it to the subset and continues searching for 
more. Otherwise, it terminates execution and returns the subset of selected features as 
the result. The results of the SFS model selected 29 of the 50 features (Table 3).

Table 3. Set of features selected using the Sequential Forward Selection (SFS) algorithm for classification.

Type Indicator Features Number of 
features

Texture LISA lisa_bm, lisa_nirm, lisa_nirv, lmorb*_v, lmors*_v 5
Texture LBP lbp_gm, lbps*_m, lbpi*_v, lbpb*_m, lbp_nirm, lbp_rv, lbpi*_m, 

lbp_rm 8
Color RGB and NIR red_m, red_v, nir_m, nir_v 4
Color L*a*b* a*_m, a*_v, b*_m, b*_v, 4
Color HSV h*_m, h*_v, s_m, s_v 4

Vegetation Color ratios Ratio_rv, Ratio_bm 2
Vegetation LAI lai_m, lai_v 2

m: mean of the pixels in the region of interest; v: variance; LISA: Local Indicators of Spatial Association; LBP: Local 
Binary Pattern; RGB: Red, Green, Blue; NIR: Near Infrared; L*a*b*: lightness (L*), green-red channel (a*) and blue-
yellow channel (b*); HSV: hue, saturation, and value; LAI: Leaf Area Index.

Support Vector Machine (SVM) classification model
Two SVM models with quadratic kernel functions (quadratic SVM) were trained, one 
with the initial 86 features and the other with the 29 selected by SFS. The models were 
evaluated by cross-validation with 10 partitions, and the training, validation, and test 
accuracies, as well as the accuracies per class, were calculated. The overall and class-
specific accuracies were determined using the following expression:

𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 ;  𝑃𝑃𝑃𝑃𝑖𝑖 = 𝑇𝑇𝑇𝑇𝑖𝑖

𝑇𝑇𝑇𝑇𝑖𝑖 + 𝐹𝐹𝐹𝐹𝑖𝑖
 

where PG is the overall accuracy, TP are the true positives (corresponding to correctly 
predicted samples), FP are the false positives (incorrectly predicted samples), PCi is 
the accuracy of class i, TPi is the true positives for class i (correctly predicted samples of 
a defined class), and FPi is the false positives for class i (incorrectly predicted samples 
of a defined class).
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Multilayer Perceptron Neural Networks (MLP)
Ten MLPs with different topological configurations (from 5 × 5 to 50 × 50 neurons in 
hidden layers) were trained and evaluated using the patternnet tool in Matlab 2017. A 
total of 2405 samples with the 29 selected features were used: 676 for regrowth, 490 
for average development, 1099 for maximum development, and 140 for cutting and 
drying. The total set was divided into three subsets: training (70 %), validation (15 %), 
and testing (15 %). The training and validation stages allowed the classifier to learn to 
discriminate between classes, while the testing stage evaluated its performance with 
previously unused data.
The configuration of the networks studied included the use of the trainscg (Scaled 
Conjugate Gradient, SCG) error correction model, with the crossentropy function to 
evaluate performance as a measure of discrepancy between the predicted output and 
the actual tags. A total of 1000 training epochs were established, with a limit of 100 
failures for verification, a minimum gradient of 1 × 10-7, a learning factor of 0.1, a decay 
factor of 0.1, and a growth factor of 10.
The performance of the topological structures was assessed, and the one with the 
highest accuracy was selected. The performance evaluation of the networks was 
carried out by calculating the training, validation, test, and overall accuracy of each 
network, as well as the Kappa coefficient (k):

𝑘𝑘 =
(𝑃𝑃0 − 𝑃𝑃𝑒𝑒)
(1− 𝑃𝑃𝑒𝑒)

 

where P0 is the observed probability of agreements and Pe is the expected probability 
of agreements by chance.

Finally, two MLP neural networks were trained with the chosen topological 
configuration. The first network was trained with the 86 features initially extracted, 
and the second with the 29 selected features.

RESULTS AND DISCUSSION

Feature selection using the SFS model
The evolution of the performance criterion during sequential forward selection 
showed a sustained increase in Fisher’s value (J) as new variables were added, 
demonstrating a progressive improvement in the model’s discriminatory capacity 
(Figure 3). The growth was more pronounced in the first iterations (variables 1 to 10), 
where relevant information was incorporated more quickly; from variable 20 onward, 
the curve tended to stabilize, indicating increasingly smaller contributions. This trend 
confirms the effectiveness of the method in prioritizing the most influential variables 
and supports the use of the stopping threshold based on the J gradient, which avoids 
integrating redundant characteristics.
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Figure 3. Evolution of Fisher’s criterion during the execution of the Sequential Forward Selection 
(SFS) model.

Compared to other approaches, floating algorithms (such as Sequential Floating 
Forward Selection, SFFS) allow previous combinations to be reviewed and avoid 
the nesting problem of classic SFS, which usually produces subsets with greater 
discriminatory power (Nakariyakul and Casasent, 2009). Filter methods, such as 
Minimum Redundancy Maximum Relevance (mRMR) and RELevance In Estimating 
Features (RELIEF), select relevant and non-redundant variables using statistical criteria 
without requiring model training, making them efficient in high dimensionality 
(Pudjihartono et al., 2022). Embedded methods, such as Least Absolute Shrinkage 
and Selection Operator (LASSO) and Support Vector Machine Recursive Feature 
Elimination (SVM-RFE), integrate selection into the training process and reduce model 
complexity through regularization or recursive variable elimination (Pudjihartono et 
al., 2022).
The proposed approach maintains the interpretative simplicity of SFS but integrates 
an adaptive criterion that halts the process before performance stabilization, achieving 
a balance between precision and parsimony. In contexts with abundant spectral 
variables and multispectral indices, where collinearity is frequent, this gradient-based 
control allows for the construction of more compact and stable models, reducing the 
risk of overfitting and the computational cost of training.
Although SFS presents the nesting problem, where variables selected at the beginning 
cannot be discarded later, this effect can be mitigated by performing a preliminary 
correlation analysis. By eliminating highly correlated features, initial redundancy is 
reduced and the probability of the algorithm incorporating features with duplicate 
information is decreased. Thus, even though SFS maintains its nested structure, the 
negative impact of this limitation is mitigated, and a more stable and representative 
selection of the data set is obtained.
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Results of the quadratic SVM model with 86 features
The quadratic SVM model had an overall accuracy of 76.1 % during the training phase. 
The confusion matrix shows that the phenological stages of regrowth and maximum 
development were classified correctly, while the stages of medium development 
and cutting and drying had lower accuracy levels, with accuracies of 54 and 44 %, 
respectively. Even with these variations between classes, the overall performance of 
the model is considered acceptable, especially when compared to results reported in 
similar studies on rice phenology (Han et al., 2020; Yang et al., 2020). In the testing phase, 
the model achieved an overall accuracy of 70.1 %, maintaining a distribution of correct 
predictions per class similar to that observed during training, which demonstrates a 
moderate capacity for generalization (Figure 4A).

Figure 4. Confusion matrices of the Support Vector Machine (SVM) model. A: trained with all 
86 features; B: tested with all 86 features; C: trained with 29 features; D: tested with 29 features.
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Results of the quadratic SVM model with 29 features
The SVM model trained with the 29 selected features achieved an overall accuracy of 
81 % in the training phase and 82.2 % during the testing phase. Reducing the feature 
space from 86 to 29 variables not only decreased the dimensionality of the model but 
also improved performance, increasing accuracy by 4 % for training and 10 % for 
testing compared to the original model. Accuracy by class also showed a significant 
improvement, especially in classes 1 and 3, where discrimination levels exceeded 80 
%. However, difficulties persist in the classification of classes 2 and 4, suggesting that 
feature reduction favored model generalization but did not completely resolve the 
imbalance and spectral similarity associated with these classes.
Unlike annual crops such as rice or wheat, alfalfa has a cyclical phenological pattern, 
with continuous regrowth and more gradual structural changes between stages. This 
characteristic reduces spectral separability between intermediate phases, especially 
between medium and maximum development, which partially explains the confusion 
observed in classes 2 and 4. Therefore, the performance obtained reflects not only the 
accuracy of the model but also the phenological complexity of the crop analyzed.
The use of SFS with gradient-based stopping criteria not only reduced the 
dimensionality of the dataset but also allowed for the selection of features with 
greater discriminating power without sacrificing accuracy. This result coincides with 
recent studies reporting that variable reduction using supervised methods improves 
model stability and generalization capacity, especially in contexts with high spectral 
redundancy (Pudjihartono et al., 2022; Chan et al., 2022). In contrast to purely statistical 
filter methods, sequential selection allowed interactions between features relevant 
to phenological differentiation to be captured, which is reflected in the superior 
performance of the SVM model after reduction.

Evaluation of topological arrangements
Ten topological configurations of MLP neural networks were evaluated using the 
29 selected features. The network with 50 neurons in each of the two hidden layers 
achieved the best overall performance, recording the highest accuracy values during 
the validation (86 %) and testing (85 %) stages. This structure demonstrated adequate 
generalization capacity and stability between the training and validation sets and was 
therefore considered the optimal configuration for the proposed model (Table 4).

MLP network with 86 features
The MLP network, trained with 86 original features and the chosen topological 
structure, exhibited a training accuracy of 85 %, a validation accuracy of 80 %, and a 
testing accuracy of 81 %, as indicated by the confusion matrices (Figure 5). The accuracy 
per class for labels 2 and 4 are low compared to labels 1 and 3, which can be attributed 
to the imbalance in the number of samples between categories, as these classes are 
significantly underrepresented. This imbalance directly affects the training process 
of the MLP model, causing minority classes to contribute less to the loss function and 



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i1.3441
Scientific Article 55

be underrepresented during weight optimization (He and García, 2009; Johnson and 
Khoshgoftaar, 2019).
Several studies have shown that monitored learning models tend to be biased toward 
majority classes, which reduces sensitivity in less frequent classes and generates higher 
confusion errors (Guo et al., 2017; Branco et al., 2016). In this case, the lower accuracy 
obtained for classes 2 and 4 does not reflect a deficiency in the network structure 
but rather an expected consequence of data imbalance, suggesting the advisability 
of applying class balancing techniques, such as subsampling or loss weighting, to 
improve the model’s discriminative capacity in future adjustment stages.

MLP network with 29 features
The MLP network trained with 29 features achieved an overall accuracy of 85 % and 
a Kappa coefficient of 77 %. Consistent performance was observed in all phases, with 
high values on the main diagonal, indicating correct classification of most samples 
(Figure 6). The most frequent classes have accuracy rates above 85 %, while confusion 
errors are mainly concentrated between classes 2 and 4, reflecting a certain spectral 
or structural similarity between them. In the test matrix, the model maintains stable 
performance with an average accuracy of over 80 %, demonstrating adequate 
generalization capacity and the absence of significant overfitting. Overall, the 
consolidated matrix shows an average accuracy of 86 %, with an acceptable balance 
between sensitivity and specificity per class, confirming the robustness of the model 
and the relevance of the selected features.
Although the SVM model performed adequately, the MLP outperformed it in 
terms of accuracy in all evaluation phases, suggesting that the relationship between 

Table 4. Evaluation of topological arrangements of the Multilayer Perceptron Neural 
Network (MLP).

Topological 
arrangement* Training Validity Test General Kappa Time (s)

5_5 79.20 78.12 78.12 78.88 0.67 9.24
10_10 83.78 85.04 82.55 83.78 0.75 19.33
15_15 81.52 81.44 79.78 81.25 0.71 16.18
20_20 83.01 80.89 81.44 82.45 0.73 14.12
25_25 83.84 78.12 81.99 82.70 0.74 12.60
30_30 82.23 83.10 81.16 82.20 0.73 12.03
35_35 85.32 80.61 80.61 83.91 0.76 17.36
40_40 81.94 83.66 78.12 81.62 0.72 11.97
45_45 86.04 80.89 79.22 84.24 0.76 24.73
50_50 84.79 86.15 85.04 85.03 0.77 20.49

*The topological arrangement refers to the size of the two hidden layers in the MLP 
network.



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i1.3441
Scientific Article 56

Figure 5. Confusion matrices of the Multilayer Perceptron (MLP) Neural Network for each stage 
of development (86 × 50 × 50 × 4).

  

Training Validity 

Test 

Target label Target label 

Target label Target label 

the extracted characteristics and phenological classes is not strictly linear. Neural 
networks are capable of modeling nonlinear decision boundaries and highly complex 
relationships between texture, color, and vegetation indices, which explains their 
superior ability to discriminate stages with gradual transitions (Guo et al., 2017; 
Johnson and Khoshgoftaar, 2019). This result is consistent with studies in which 
neural networks have outperformed maximum margin algorithms in phenological 
classification based on satellite images (Solano-Correa et al., 2019; Shojaeezadeh et al., 
2025).
Overall, the results confirm that the combination of Sentinel-2 multispectral images, a 
monitored feature selection scheme, and an optimized neural architecture allows for 
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highly accurate classification of the phenology of a perennial, multi-component crop 
such as alfalfa. The contribution lies not only in the final performance of the model but 
also in demonstrating that it is possible to reduce the dimensionality of the variables 
by 58 % without significant loss of accuracy, providing empirical evidence in favor 
of more compact, explainable, and computationally efficient models for agricultural 
remote sensing.
Compared to studies that have applied machine learning to annual crops such as rice, 
wheat, or corn, this study differs in three relevant methodological aspects. First, it 
addresses a perennial crop with multiple harvests, which implies a more continuous 
phenological dynamic and less spectral separability than the annual cycles studied by 

Figure 6. Confusion matrices of the Multilayer Perceptron (MLP) Neural Network for each 
stage of development (29 × 50 × 50 × 4).
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Han et al. (2020) or Yang et al. (2020). Second, while most studies use only vegetation 
indices or spectral variables, this study incorporates combined characteristics of texture, 
color, and indices, which improved the model’s discriminating capacity after variable 
selection. Finally, unlike research that exclusively applies SVM or RF, here models 
with different mathematical natures (maximum margins vs. neural networks) are 
compared, demonstrating the superiority of MLP in scenarios of gradual phenological 
transition. These differences allow the results to be interpreted not only in numerical 
terms, but also within a broader methodological comparative framework.

CONCLUSIONS
Multilayer Perceptron (MLP) neural networks proved to be the most efficient model 
for the phenological classification of alfalfa based on Sentinel-2 images. Variable 
selection contributes to improving the stability, interpretability, and efficiency of 
machine learning models in scenarios with high spectral redundancy. The proposed 
approach represents a low-cost operational alternative for phenological monitoring of 
perennial crops and lays the foundation for the generation of early warning systems 
and estimation of biophysical variables from satellite data. However, the differentiated 
performance between classes suggests that the incorporation of data balancing 
strategies or the use of complementary sensors could improve the discrimination of 
phenological stages with low spectral separability.
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ABSTRACT
Species of the genus Schizophyllum have been used in morphogenesis research and in the 
production of polysaccharides and enzymes. In this study, the growth and enzymatic activity 
(laccases, amylases, cellulases, pectinases, and xylanases) of two strains of Schizophyllum 
commune and one strain of Schizophyllum radiatum were evaluated on different agro-industrial 
substrates (cedar sawdust, jacaranda sawdust, pine sawdust, peanut shell, coconut fiber, corn 
stubble, and corn cobs). Growth rate, mycelial characteristics, and enzymatic activity were 
assessed in Petri dishes. All strains grew on the seven substrates, with higher mycelial density on 
peanut shells, corn stubble, and corn cobs. The highest enzymatic activity was observed on corn 
stubble and peanut shell, followed by jacaranda sawdust for amylase, pectinase, and xylanase. 
Schizophyllum radiatum showed greater mycelial extension but lower enzymatic activity than 
S. commune strains. Substrates with lower lignin content (peanut shells, corn stubble, and corn 
cobs) enhanced growth and enzymatic activity in all strains, indicating that these agro-industrial 
residues are suitable substrates for obtaining enzyme cocktails from Schizophyllum species.

Keywords: corn cobs, corn stubble, laccases, peanut shells, pectinases, xylanases.

INTRODUCTION
Interest in edible and medicinal mushrooms has increased due to their nutritional 
and nutraceutical value, thereby strengthening research on basidiomycete species for 
industrial applications. This demand requires improved strategies to optimize the 
production of fungal metabolites. The culture system influences fungal physiology, 
growth, and metabolic pathways, modifying the synthesis and secretion of specific 
metabolites and enzymes. Evidence indicates that solid-state culture can yield higher 
levels of fungal enzymes at the laboratory scale (Gomes et al., 2018).
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White-rot fungi can degrade lignin, whereas other fungal groups have limited or 
no ability to break down lignin but can rapidly decompose other components of 
plant biomass (Kameshwar and Qin, 2017). Brown-rot fungi primarily break down 
the polysaccharides of lignocellulose, including cellulose and hemicellulose, while 
leaving lignin only slightly modified, resulting in a dry brown residue. These fungi 
have lost the genes encoding class II peroxidases, and depolymerization of plant 
cell wall polysaccharides occurs mainly through non-enzymatic Fenton reactions 
generated outside the hyphae (Veloz-Villavicencio et al., 2020). Fungal enzymes are 
essential for the efficient conversion of plant residues. The extracellular enzyme system 
includes hydrolases (e.g., cellulases, amylases, xylanases) involved in polysaccharide 
decomposition and phenoloxidases that degrade lignin and open phenyl rings (e.g., 
laccase, manganese peroxidase, lignin peroxidase, aryl alcohol oxidase). These enzymes 
have broad biotechnological applications in the food, paper, textile, bioremediation, 
and cosmetics industries, among others (Ergun and Urek, 2017).
The wood-degrading fungus Schizophyllum commune Fr. 1815 is globally distributed 
and has been recognized as a model organism for research on morphogenesis, gene 
regulation, and its metabolites (Ohm et al., 2010; Pelkmans et al., 2016). Schizophyllum 
radiatum Fr. 1851 and S. commune were previously considered conspecific based on 
morphological and genetic similarities (ITS and rDNA). However, multigene analysis 
has demonstrated that they are separate species that exhibit similar traits and are 
closely related (Mišković et al., 2023). The fruiting bodies of S. commune are consumed 
by various ethnic groups across Asia, Africa, and the Americas (Kamalebo et al., 2018). 
In Mexico, it is traditionally consumed in six southern states (Cappello-García et 
al., 2018). In Tabasco, its consumption and local sale have been documented in the 
municipalities of Teapa and Macuspana (Ruán-Soto and Cifuentes-Blanco, 2011).
Schizophyllum commune is the most extensively researched species within its genus 
regarding its biological activity and the characterization of significant molecules. 
The antitumor activity of polysaccharides from S. radiatum has also been examined 
(López-Legarda et al., 2021). Schizophyllum commune exhibits a restricted capacity for 
lignin degradation due to the absence of genes encoding peroxidases, akin to the traits 
of brown-rot fungi (Ohm et al., 2010). This species demonstrates elevated cellulase, 
xylanase, and pectinase activities, accompanied by diminished laccase activity (Zhu et 
al., 2016). This study assessed the growth and enzymatic activity of three Schizophyllum 
strains cultivated on seven agro-industrial residues to identify fungal strains with 
significant enzyme production potential.

MATERIALS AND METHODS

Microorganism
Two S. commune strains (HEMIM-98 and HEMIM-99) and one S. radiatum (HEMIM-107) 
strain were used. All strains were isolated from wild specimens and were preserved 
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in the Morelos Mycological Herbarium (HEMIM) collection at the Autonomous 
University of the State of Morelos. The strains were propagated and maintained on 90 
× 15 mm Petri dishes with potato dextrose agar. After the mycelium colonized about 
80 % of the surface area of the medium, the cultures were utilized as inoculum.

Culture conditions
Seven agro-industrial wastes were selected based on their lignocellulosic composition: 
cedar sawdust, jacaranda sawdust, pine sawdust, peanut shells, coconut fiber, corn 
stubble, and corn cobs. The chopped substrates, approximately 0.5 cm in size, were 
hydrated for 30 min, resulting in a moisture content of around 76.7, 72, 76.8, 63, 74, 
69.2, and 71 % for cedar sawdust, jacaranda sawdust, pine sawdust, peanut shell, 
coconut fiber, corn stover, and corn cob, respectively. Each substrate was placed into 
90 x 15 mm Petri dishes, filling 80 % of the plate volume, and sterilized at 121°C for 
20 min. The plates were inoculated with a 5 mm diameter piece of mycelium and 
incubated in complete darkness at 23–25°C. All assays were performed in triplicate.

Growth speed and mycelial characterization
The mycelial growth velocity (Vc) was determined as the slope of the straight-line 
equation, obtained from radius measurements taken every 24 h until the mycelium 
fully colonized the Petri dish. Mycelial characterization was performed on the 17-day-
old cultures, assessing texture, density (abundant, regular, or scarce), coloration, and 
mycelial type (aerial or creeping) for each strain (Sobal et al., 2007). All assays were 
conducted in triplicate.

Enzymatic extracts
Enzymatic extracts (EA) were obtained by adding 25 mL of sterile distilled water per 
gram of dry substrate colonized by mycelium after 17 d of culture. The mixtures were 
shaken at 100 rpm for 20 min and refrigerated at 4 °C for 24 h. After this period, they 
were centrifuged at 20 000 × g for 10 min at 2 °C using a HERMLE Z36HK centrifuge, 
and then stored at -20 °C until use.

Enzymatic activities
Laccase activity was evaluated in triplicate using 2,6-dimethoxyphenol (DMP) as the 
substrate. The reaction mixture comprised 950 µL of the substrate (2 mM DMP in 
0.1 M acetate buffer, at pH 4.0, 4.5, 5.0, 5.5) and 50 µL of EA, incubated for 5 min 
at 40 °C. The absorbance was subsequently measured at 468 nm using a UV-Vis 
spectrophotometer (L6S). The activity unit (U) of laccases was defined as the quantity 
of enzyme that generates an increase of one absorbance unit per minute in the reaction 
mixture. Activity was expressed as U gX-1 (U per gram of dry agro-industrial waste 
colonized by mycelium) (Téllez-Téllez et al., 2008).
The activities of amylases, cellulases, pectinases, and xylanases were assessed 
using starch, carboxymethylcellulose, polygalacturonic acid, and birch xylan, with 
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all substrates dissolved at 1 % in 0.1 M acetate buffer at pH 5.0. Reaction mixtures 
consisting of 950 µL of substrate and 50 µL of EA were incubated at 50 °C for 45 min. 
The release of reducing sugars was quantified using the dinitrosalicylic acid (DNS) 
method, with absorbance measured at 575 nm (Miller, 1959). In all cases, one U was 
defined as the amount of enzyme that released one µmol of reaction product per 
minute under assay conditions (in U gX-1). All tests were conducted in triplicate.

Statistical analysis
All analyses were performed in triplicate, and mean values were used for statistical 
analysis. Data were analyzed using SigmaStat software (Systat Software Inc., Palo 
Alto, CA, USA). Differences among treatments were assessed by one-way analysis of 
variance (ANOVA) and Tukey’s test (p < 0.05).

RESULTS AND DISCUSSION

Mycelial growth rate and characterization
In general, the S. radiatum strain exhibited higher Vc values than both S. commune 
strains (Table 1). Corn stubble exhibited the highest Vc values for all three strains, 
whereas pine sawdust resulted in the lowest Vc values. The three lignin-rich substrates 
exhibited the lowest Vc values.
Regarding the morphological characteristics observed (Table 2), the mycelium on 
peanut shells, corn stover, and corn cobs exhibited a white hue, a cottony texture, and 
a density ranging from regular to abundant. In contrast, all three sawdust substrates, 
as well as the coconut fiber, exhibited hyaline mycelium with an inconspicuous texture 
and very low (near-zero) density.

Table 1. Mycelial growth velocity of the evaluated Schizophyllum strains on 
various agro-industrial waste substrates.

Substrate
Mycelial growth rate (mm h-1)*

S. commune
HEMIM-98

S. commune
HEMIM-99

S. radiatum 
HEMIM-107

Cedar sawdust 0.152 (0.004)c 0.178 (0.002)b 0.205 (0.001)c
Jacaranda sawdust 0.178 (0.008)b 0.171 (0.003)b 0.261 (0.015)b

Pine sawdust 0.149 (0.006)c 0.165 (0.016)b 0.194 (0.008)c
Peanut shells 0.181 (0.006)b 0.172 (0.005)b 0.264 (0.022)b
Coconut fiber 0.178 (0.006)b 0.177 (0.012)b 0.226 (0.012)c
Corn stubble 0.206 (0.002)a 0.203 (0.006)a 0.302 (0.005)a

Corn cob 0.173 (0.003)b 0.185 (0.006)b 0.225 (0.007)c

*Mean values per column with different letters are statistically different (p ≤ 0.05). 
Standard error is shown in parentheses.
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The best substrates for the three strains, based on mycelial density, were peanut shells, 
corn stubble and corn cob (Figures 1, 2 and 3), with total invasion occurring after 6–10 
d. In the other substrates, total invasion occurred after 7–12 d. Schizophyllum commune 
HEMIM-98 presented fruiting bodies and spores after 20 d of growth (Figure 4). 
Previous studies have reported the growth of S. commune on agro-industrial substrates 
incubated at 28 °C under dark conditions. The fastest growth occurred in cocoa shells 
(0.4 mm h-1), banana leaves (0.41 mm h-1), and mixed substrates of coconut-cocoa (0.42 
mm h-1), cocoa-banana (0.41 mm h-1), coconut-cocoa (0.42 mm h-1), and cocoa-banana 
(0.41 mm h-1), with no statistically significant differences observed (Carreño-Ruiz et 
al., 2014).

Table 2. Mycelium characteristics of the evaluated Schizophyllum strains grown on various 
agro-industrial substrates.

Substrate
Characteristics

Color Texture Type of
mycelium Density Hyphal

aggregation

S. commune HEMIM-98
Cedar sawdust Hyaline Absent Aerial Low Absent

Jacaranda sawdust Hyaline Absent Aerial Low Present
Pine sawdust Hyaline Absent Aerial Low Present
Peanut shell White Cottony Aerial Middle Present

Coconut fiber Hyaline Absent Creeping Low Absent
Corn stubble White Cottony Aerial High Present

Corn cob White Cottony Aerial Middle Absent
S. commune HEMIM-99

Cedar sawdust Hyaline Absent Aerial Low Absent
Jacaranda sawdust Hyaline Absent Aerial Low Absent

Pine sawdust Hyaline Absent Aerial Low Absent
Peanut shell White Cottony Aerial Middle Present

Coconut fiber Hyaline Absent Creeping Low Absent
Corn stubble White Cottony Aerial High Present

Corn cob White Cottony Aerial Middle Absent
S. radiatum HEMIM-107

Cedar sawdust Hyaline Absent Aerial Low Absent
Jacaranda sawdust Hyaline Absent Creeping Middle Absent

Pine sawdust Hyaline Cottony Creeping Middle Absent
Peanut shell Hyaline Cottony Aerial High Present

Coconut fiber Hyaline Absent Creeping Low Absent
Corn stubble White Cottony Aerial High Absent

Corn cob White Cottony Aerial High Absent
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Figure 1. Mycelial growth of Schizophyllum commune HEMIM-98 on different substrates. A: cedar 
sawdust; B: jacaranda sawdust; C: pine sawdust; D: peanut shell; E: coconut fiber; F: corn stubble; G: 
corn cob.

Figure 2. Mycelial growth of Schizophyllum commune HEMIM-99 on different substrates. A: cedar 
sawdust; B: jacaranda sawdust; C: pine sawdust; D: peanut shell; E: coconut fiber; F: corn stubble; G: 
corn cob.
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Figure 3. Mycelial growth of Schizophyllum radiatum HEMIM-107 on different substrates. A: cedar 
sawdust; B: jacaranda sawdust; C: pine sawdust; D: peanut shell; E: coconut fiber; F: corn stubble; G: 
corn cob.

Figure 4. Fruiting bodies and sporulation of Schizophyllum commune HEMIM-98 grown on corn stover in 
Petri dishes. A, B: Fruiting body; C: spores.

In another study, Carreño-Ruiz et al. (2020) cultivated four S. commune strains on cocoa 
shells, banana leaves, corn leaves, and mulatto sticks. All strains showed accelerated 
growth on mulatto stick (Vc = 0.41 mm h-1). One strain attained a Vc value of 0.195 
mm h-1 on banana leaves, whereas the other three strains cultivated on corn leaves 
exhibited Vc values of 0.056, 0.098, and 0.17 mm h-1. The authors proposed that S. 
commune exhibited greater growth on mulatto sticks due to their status as a natural 
host. However, its use as a substrate is not feasible due to the ecological and economic 
implications of removing the tree from the natural environment (Ruan-Soto et al., 
2004).



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i1.3404
Scientific Article 69

Enzymatic activity
All strains presented enzymatic activities for the five tests assessed, with xylanase 
activity typically yielding the highest values. The S. radiatum strain showed the lowest 
laccase and pectinase activities but ranked second in xylanase activity. The three strains 
demonstrated amylase activity (Figure 5A), with S. commune HEMIM-99 exhibiting 
the highest value and S. radiatum the lowest, both cultivated on jacaranda sawdust 
(10.26 and 0.27 U gX-1, respectively). However, S. radiatum reached its maximum 
amylase activity when grown on corn stover (6.77 U gX-1). For cellulase activity, the 
best substrates for all strains were peanut shells and corn stubble (Figure 5B). The 
HEMIM-99 strain grown on the three types of sawdust did not exhibit cellulase activity 
and had minimal activity when grown on coconut fiber and corn cobs. Meanwhile, 
S. commune HEMIM-98 and S. radiatum had the highest cellulase activity on corn 
stover (14.97 and 6.69 U gX-1, respectively), whereas HEMIM-99 reached its maximum 
cellulase activity on peanut shells (9.02 U gX-1).

Figure 5. Enzymatic activity of the evaluated Schizophyllum strains grown on different agro-industrial residues. A: Amylases; 
B: cellulases; C: pectinases; D: xylanases.
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The pectinase activity of the S. radiatum strain was minimal to undetectable on all 
evaluated substrates, while both S. commune strains exhibited measurable activity 
when grown on all substrates; HEMIM-98 had values between 10 and 26 U gX-1, and 
HEMIM-99 had its highest value at 59.83 U gX-1 on corn stubble (Figure 5C). Peanut 
shells served as the best substrate for xylanase activity across all three strains, yielding 
values of 900, 459, and 795 U gX-1 for HEMIM-98, HEMIM-99, and HEMIM-107, 
respectively (Figure 5D). Corn stubble also provided significant xylanase activity, 
with values of 615, 317, 176 U gX-1 for HEMIM-98, HEMIM-99, and HEMIM-107, 
respectively. The lowest xylanase activity was found for HEMIM-107 (4.3 U gX-1) 
grown on coconut fiber, while S. commune grown on cedar sawdust achieved values of 
2.86 and 2.09 U gX-1 for HEMIM-98 and HEMIM-99, respectively.
Regarding laccase activity, the three strains demonstrated elevated activity at pH 
5.0 and 5.5; S. commune HEMIM 98 exhibited the highest activity, while S. radiatum 
had the lowest (Figure 6). The highest laccase activity recorded for the three strains 
occurred on corn stubble, reaching 23.6 U gX-1 (HEMIM-98), 17.7 U gX-1 (HEMIM-99), 
and 10.29 U gX-1 (HEMIM-107), followed by coconut fiber with 1.46, 2.33, and 0.8 U gX-1, 
respectively. On all other substrates, laccase activity was less than 2 U gX-1 (Figure 6).
In general, the substrates that favored fungal growth, mycelium density, and hydrolytic 
enzymatic activity (amylases, pectinases, cellulases and xylanases) were those with the 
lowest lignin content. Corn stubble contains 6.8 % lignin, 27.6 % hemicellulose, and 
45.5 % cellulose (Costa et al., 2015); corn cobs contain 15 % lignin, 35 % hemicellulose, 
and 45 % cellulose (Garrote et al., 2007); and peanut shells contain 27 % lignin, 30 % 
hemicellulose, and 45 % cellulose (Gatani et al., 2010). In the case of laccase activity, 
corn stubble and coconut fiber were also the most favorable substrates. Coconut fiber 
contains 41 % lignin, 16.3 % hemicellulose, and 31.2 % cellulose (Abdullah et al., 2021).
In recent decades, several studies have explored the use of agro-industrial waste as 
raw materials for the production of value-added products. Fungal enzymes participate 
in the degradation of these solid substrates to supply a source of carbon and mineral 
nutrients for fungal growth. Cellulases, xylanases, pectinases, and ligninases participate 
in the degradation of lignocellulosic substrates (Gomes et al., 2018). In S. commune, the 
production of several industrially important enzymes has been reported, including 
cellulases, xylanases, pectinases, lipases, laccases, manganese peroxidase, and lignin 
peroxidase (Kam et al., 2016; Sornlake et al., 2017; Gautam et al., 2018; Kumar et al., 
2018; Mehmood et al., 2018).
The genome of S. commune contains 16 genes encoding lignin oxidative enzymes 
(FOLymes), including one cellobiose dehydrogenase, one aryl alcohol oxidase, one 
alcohol oxidase, two laccases, one glyoxal oxidase, and four benzoquinone reductases 
(Ohm et al., 2010). It also has vast enzymatic machinery to degrade cellulose, pectin, 
and hemicellulose. In total, 240 glycoside hydrolases, 75 glycosyltransferases, 16 
polysaccharide lyases, and 30 carbohydrate esterases have been identified, totaling 366 
carbohydrate-active enzymes (CAZymes), of which 106 are presumed to be involved 
in plant polysaccharide degradation. Although S. commune is sometimes classified as 
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a white-rot fungus, it does not significantly degrade lignin in vitro. The genome lacks 
class II peroxidases and contains a reduced set of enzymes with cellulose-binding 
modules. However, it encodes 22 lytic polysaccharide monooxygenases. Due to these 
characteristics, S. commune exhibits a decay mode between dark-rot fungi and has 
been considered an intermediate between white- and dark-rot fungi (Riley et al., 2014).
Zhu et al. (2016) reported that S. commune excretes a broad set of extracellular enzymes 
involved in the degradation of plant cell wall components. Their study identified 
increased activities of several enzymes during cultivation, including endoglucanase, 
cellobiohydrolase, β-glucosidase, polygalacturonase, β-xylosidase, and xylanase. 
These findings suggest that lignocellulose degradation by S. commune involves a 
hydroxyl radical-mediated mechanism for lignocellulose modification, in parallel with 
a synergistic system of several enzymes that degrade polysaccharides. Sornlake et al. 

Figure 6. Laccase activity of the evaluated Schizophyllum strains grown on different agro-industrial residues. A: pH 4.0; B: pH 
4.5; C: pH 5.0; D: pH 5.5.
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(2017) evaluated the hydrolytic efficiency of enzymes produced by S. commune G-135, 
which contain glycosyl hydrolases. One mutant (Avicel-PH101) efficiently hydrolyzed 
several lignocellulosic residues, with the highest values reported in corn cobs (98 %), 
and a significant improvement in xylan conversion. In this study, overall corn stubble 
yielded the highest enzymatic activities, although corn cob was suitable for producing 
amylases and pectinases.
Arunrattanamook et al. (2022) reported that the maximum enzymatic activity of S. 
commune was reached on the second day of cultivation and remained stable until day 
seven. This period coincided with the onset of extracellular polysaccharide production. 
At the highest levels of these polysaccharides, xylanase activity reached its minimum, 
indicating that this activity is not directly associated with fungal growth. Singh et 
al. (2017) reported that nutrient depletion began after 5 d of liquid cultivation of S. 
commune. The lignocellulolytic enzyme system was activated, increasing protein 
content and enabling enzymatic degradation of cellulose and hemicellulose, thereby 
increasing the concentration of reducing sugars in the medium and favoring the 
growth of the fungus.
Kondaveeti et al. (2020) reported two cellobiohydrolase enzymes from S. commune 
KMJ820 obtained by liquid culture of approximately 50 and 150 kDa; these enzymes 
stand out compared to other cellobiohydrolases for their high enzymatic activity and 
their potential for large-scale production of glucose or ethanol by biological methods. 
Faheem et al. (2023) purified and characterized a r-diphenol oxidase from S. commune 
(MF-O5); the enzyme demonstrated tolerance to salt, metal ions, organic solvents, and 
surfactants, highlighting its potential for use in various industrial applications.

CONCLUSIONS
Schizophyllum strains grow on economically accessible substrates, enabling the 
production of enzymatic cocktails for diverse biotechnological applications. Peanut 
shells, corn stubble, and corn cobs are abundant agro-industrial wastes, making them 
accessible. Their use as substrates for fungal growth and enzyme production offers a 
sustainable alternative for generating value-added products while preventing them 
from contributing to organic matter accumulation. This study constitutes the first report 
on enzyme production by S. radiatum, demonstrating its potential as an alternative to 
S. commune. Although S. radiatum exhibits comparatively lower enzymatic activity, its 
rapid growth makes it a viable and efficient option for biotechnological applications.
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ABSTRACT
Exopolysaccharides are biopolymers produced by bacteria and have characteristics that make 
them suitable for applications in the pharmaceutical, environmental, and food industries. 
However, exopolysaccharide production faces challenges like high production costs. Therefore, 
strategies such as culture conditions improvement, strain selection, and the use of low-cost 
carbon sources have emerged as alternatives to improve exopolysaccharide production. In this 
work, the capability of Bacillus thuringiensis HA1 to produce exopolysaccharides using low-
cost carbon sources (commercial sucrose, molasses, and panela) was explored. The production 
conditions were evaluated as follows: fermentation time (0–86 h), initial pH (5–9), temperature 
(31–43 °C), carbon sources (commercial sucrose, molasses, and panela), and concentration of 
carbon sources (50–350 g L-1). The settled conditions to assess the carbon sources were 60 h, 
37 °C, and pH 7.5. Exopolysaccharide production was higher using commercial sucrose (23.54 
mg mL-1), followed by molasses (8.62 mg mL-1) and panela (6.37 mg mL-1). The sucrose sample 
showed similarity to a glucan-type exopolysaccharide, since the presence of peaks at 1000–1200 
is characteristic of C–O–C glycosidic linkages, while the molasses sample showed similarity to 
the standard levan. These results were achieved without pretreating the carbon sources, thus 
allowing the process to be economically feasible. To date, Bacillus thuringiensis has not been 
reported as a producer of two types of exopolysaccharides using different carbon sources.

Keywords: levan, biopolymers, molasses, commercial sucrose, submerged culture.

INTRODUCTION
Exopolysaccharides (EPSs) are high-molecular-weight carbohydrate biopolymers 
produced by microorganisms (Nadzir et al., 2021). EPSs function as protective 
mechanisms against environmental factors and are key for adaptation, survival, and 
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other functionalities (Osemwegie et al., 2020). These polysaccharides are known for 
their biocompatibility, nontoxicity, and unique functionalities, making them valuable 
in healthcare and biomedical applications such as drug delivery systems, healing 
and tissue engineering, collagen stimulants and anti-aging agents, antioxidants and 
skin care agents, cholesterol or triglyceride reducers, antibiotics to promote cytotoxic 
activity for colon and breast cancer, immune-stimulatory agents, and stabilizers in 
formulations.
Probiotic-derived EPSs exhibit health-promoting properties by improving the human 
digestive system, thus contributing to health and well-being (Aziz et al., 2022; Pourjafar 
et al., 2022; Wu et al., 2022; Ahuja et al., 2023; Waoo et al., 2023). In the food industry, EPSs 
are applied as texture enhancers, viscosity agents, and moisture retainers in products 
such as low-fat dairy, gluten-free bakery items, and fermented meats (Abarquero et 
al., 2021; Pourjafar et al., 2023). In the environmental field, EPSs have been used in 
remediation strategies to address heavy metal contamination and organic pollutant 
bioremediation (Balíková et al., 2022).
EPS production can be achieved by bacterial fermentation (Saadat et al., 2019). 
Microorganisms from the genera Leuconostoc, Zymomonas, Halomonas, and Bacillus 
have been confirmed as EPS producers (Braga et al., 2022; Erkorkmaz et al., 2022; Vega-
Vidaurri et al., 2022). Several Bacillus species, such as B. subtilis, B. licheniformis, and B. 
megaterium, have been identified as EPS producers, most notably of levan, a fructan 
biopolymer with significant prebiotic and antioxidant properties (Díaz-Cornejo et al., 
2022). However, EPS production faces challenges such as high production costs, low 
yields, and purity constraints (Erkorkmaz et al., 2022; Zhang et al., 2023). Therefore, 
approaches including strain selection, genetic engineering, culture condition 
optimization (initial pH, temperature, and fermentation time), and the use of cheap 
carbon sources have emerged as alternatives to improve EPS production (Nguyen et 
al., 2020; Zhang et al., 2023).
Many agro-industrial co-products such as fruit pomace and husk, lignocellulosic 
biomass, and molasses have been used for EPS production (Wang et al., 2025). 
However, the pretreatment of carbon sources like fruit waste or lignocellulosic biomass 
is necessary to ensure sugar availability, which increases EPS production costs (Pérez-
Contreras et al., 2025). Although pretreatment may improve yields, Wang et al. (2025) 
found that out of 65 studies, 37 did not use pretreatments, and submerged fermentation 
was employed in 63 studies. Therefore, unpretreated sugar agro-industrial products 
and by-products such as sucrose, molasses, and panela can serve as alternatives for 
EPS production, as they are abundant and constitute important raw materials (Ni et 
al., 2022; Venkatesh et al., 2023). 
Sucrose is a natural sweetener widely used for human consumption and has been 
studied as an enzyme production inducer, leading to the production of bioproducts 
like sucrose isomers, oligosaccharides, and monosaccharides (Ni et al., 2022). Molasses 
is a dark-brown, viscous liquid rich in proteins, inorganic salts, trace elements, and 
high sugar concentrations (Liang et al., 2022). Panela, known in Latin America as a 
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traditional unrefined sweetener or non-centrifugal sugar, contains phenolic acids, 
flavonoids, minerals, and bioactive compounds (Zidan and Azlan, 2022). Therefore, 
the objective of this work was to investigate the capability of Bacillus thuringiensis HA1 
to synthesize EPSs using cheap carbon sources (commercial sucrose, molasses, and 
panela) produced by the sugarcane agroindustry.

MATERIALS AND METHODS
Exopolysaccharides (EPSs) were produced using Bacillus thuringiensis HA1, obtained 
from the Laboratory of Applied Microbial Biotechnology at the Postgraduate College 
Campus Córdoba. The strain was initially cultured on nutrient agar (23 g L-1) in 
slanted tubes and incubated at 37 °C for 24 h. Subsequently, the reactivated culture 
was transferred to 250 mL Erlenmeyer flasks containing nutrient broth (8 g L-1) and 
incubated at 37 °C for an additional 24 h under continuous agitation at 150 rpm. The 
resulting biomass was used as the inoculum (Gayosso-Sánchez et al., 2024).
Strain conservation was performed by cultivating B. thuringiensis HA1 as described 
above, followed by biomass recovery through centrifugation at 7500 × g and two 
washes with sterile water. The biomass was then resuspended in sterile water (5 mL), 
and 1 mL aliquots were transferred to cryovials containing 30 % glycerol and sterile 
crystal spheres. The cryovials were stored at 4 °C until use (Vega-Vidaurri et al., 2022). 
Prior to EPS production, the conserved B. thuringiensis HA1 strain was reactivated.

Exopolysaccharide production
EPS production was carried out using commercial sucrose under submerged culture 
conditions in 120 mL glass vessels of identical shape. The kinetics of EPS production 
were evaluated in a formulated medium based on commonly reported components 
(g L-1): commercial sucrose (100), yeast extract (5), sodium chloride (5), dipotassium 
phosphate (1), and magnesium sulphide (0.2). The culture conditions were established 
at an initial pH of 7.5 using 0.1 M sodium phosphate buffer, an inoculum concentration 
of 1 × 10⁶ CFU mL-1, a temperature of 37 °C, and agitation at 150 rpm. Samples were 
collected at regular intervals of 0, 12, 24, 36, 48, 60, 72, and 84 h (Long et al., 2024).

One factor at a time approach for exopolysaccharide production
The influence of several factors on EPS production by B. thuringiensis HA1 was 
evaluated through a series of experiments. Temperature effects were assessed at 33, 
35, 37, 39, 41, and 43 °C under an initial pH of 7. Subsequently, the effect of initial 
pH was evaluated at 5, 5.5, 6, 6.5, 7, 7.5, 8, 8.5, and 9, using the optimal temperature 
determined in the previous assays (Long et al., 2024). The effect of carbon sources 
on EPS production was evaluated using commercial sucrose, molasses, and panela. 
Carbon source concentrations were analyzed at 50, 100, 150, 200, 250, 300, and 350 g 
L-1, maintaining the temperature and pH conditions determined previously (Gudiña 
et al., 2022). All experiments were conducted in triplicate.
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Exopolysaccharide recovery
The submerged culture was centrifuged at 7500 × g for 15 min at 4 °C, and EPSs were 
recovered from the supernatant by precipitation with chilled ethanol at a ratio of 1:3 
(v/v). The mixture was stored overnight at -4 °C to achieve maximum precipitation. 
The EPSs were resuspended in distilled water and washed three times with cold 
acetone to remove monosaccharide residues, followed by a second precipitation with 
chilled ethanol. EPSs were then recovered by centrifugation at 7500 × g for 15 min and 
lyophilized at -50 °C for 8 h under 0.18 bar using a Labconco FreeZone 4.5 system. 
EPSs were quantified by dry weight (Zhang et al., 2025).

Sugar profiles of carbon sources by chromatographic analysis
Sugar quantification was performed using a high-resolution liquid chromatograph 
(HPLC) Thermo Finnigan Surveyor equipped with a Surveyor LC system, autosampler, 
and RI Surveyor Plus detector. Separation was achieved using a Phenomenex Rezex 
RNM-Carbohydrate Na⁺² column (300 × 7.8 mm) with Milli-Q double-distilled water 
as the mobile phase. The column temperature was maintained at 80 °C, the flow rate 
at 0.4 mL min-1, and the detector temperature at 37 °C. Prior to injection, samples were 
diluted and filtered through PHENEX PTFE Acrodisc filters (25 mm, 0.2 µm pore). 
Sugar concentrations were determined using calibration curves of sucrose, glucose, 
and fructose (Sigma-Aldrich) in the range of 200–1000 ppm. Results are reported in g 
L-1 (Gayosso-Sánchez et al., 2024).

Total phenolic content determination on carbon sources
The total phenolic content (TPC) of the carbon sources was spectrophotometrically 
determined using the Folin-Ciocalteu method, with gallic acid (Sigma-Aldrich, St. 
Louis, MO, USA) as the standard. Results were expressed as milligrams of gallic acid 
equivalents per gram (mg GAE g-1). The reaction mixture was prepared by combining 
250 µL of 1 N Folin-Ciocalteu reagent with 250 µL of the carbon source sample. After 
8 min, 1250 µL of 7.5 % Na2CO3 and 480 µL of distilled water were added, and the 
mixture was incubated in the dark for 30 min. Absorbance was measured at 760 nm 
using a UV-Vis spectrophotometer (Thermo Fisher Scientific Biomate 3S UV-Vis, WI, 
USA) (Jiménez-Morales et al., 2024).

Exopolysaccharide characterization
The EPSs produced by B. thuringiensis HA1 under submerged culture conditions were 
characterized by Fourier-transform infrared spectroscopy (FT-IR) using attenuated 
total reflectance (ATR) with a zinc selenide crystal and a resolution of 4 cm-1. Spectra 
were recorded in the mid-infrared region from 400 to 4000 cm-1. Levan from Erwinia 
herbicola (Sigma) and inulin from Dahlia tubers (Sigma) were used as reference 
standards. The obtained spectra were processed using Origin 6.1 software (OriginLab 
Corporation, USA) (Zhang et al., 2025).
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Statistical analysis
To evaluate the effect of each independent variable (temperature, initial pH, carbon 
source type, and concentration), differences among treatment means were analyzed 
for significance using analysis of variance (ANOVA) followed by Tukey’s test in 
Minitab 17.

RESULTS AND DISCUSSION

Exopolysaccharide production
EPS production over time was initially evaluated using commercial sucrose (100 g L-1). 
EPS synthesis began after 12 h (0.79 mg mL-1) and reached a maximum at 60 h (1.77 mg 
mL-1) (Figure 1). Biomass production also started after 12 h (0.09 mg mL-1), reaching 
its highest value at 24 h (0.16 mg mL-1), and B. thuringiensis HA1 growth remained 
constant until 72 h (0.164 mg mL-1).

Figure 1. Kinetics of exopolysaccharide (EPS) production by Bacillus thuringiensis HA1 in 
submerged culture using commercial sucrose as carbon source (bars indicate standard error).

The EPS production obtained in this study was higher than that reported by Zhang et 
al. (2021), who observed a maximum of 0.609 g L-1 using Lactobacillus paracasei as the 
inoculum. Similarly, Mıdık et al. (2020) reported a maximum EPS production of 0.515 g 
L-1 after 120 h using Lactobacillus plantarum MF460, while Kumar et al. (2020) achieved a 
maximum EPS production of 1.3 mg mL-1 after 72 h with Pediococcus acidilactici NCDC 
252. Song et al. (2021) reported EPS production of 1.62 g L-1 after 72 h of fermentation 
using P. acidilactici M76 and black raspberry extract as the carbon source. However, 
the values obtained in this study were lower than those reported by Gudiña et al. 
(2022), who achieved 6.1 g L-1 of EPSs after 144 h using Rhizobium viscosum CECT908. 
These differences in EPS production may be attributed to the selected strain and its 
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intrinsic capacity for EPS synthesis. Notably, B. thuringiensis HA1 achieved maximum 
EPS production in a shorter fermentation time compared to most reported studies.

Influence of temperature on exopolysaccharide production
The highest EPS production was observed at 37 °C (3.62 mg mL-1), followed by 39 °C 
(3.19 mg mL-1). At 33, 35, 41, and 43 °C, EPS production values were 1.14, 1.15, 1.2, and 
1.12 mg mL-1, respectively, while the lowest production was recorded at 31 °C (0.8 
mg mL-1). Biomass production reached its maximum at 33 °C (0.53 mg mL-1) and was 
lowest at 41 and 43 °C (0.15 mg mL-1) (Figure 2).

Figure 2. Effect of temperature on exopolysaccharide (EPS) production using Bacillus thuringiensis 
HA1 (bars indicate standard error).

These results were higher than those reported by Zhao and Liang (2023), who 
achieved a maximum of 186.77 mg L-1 at 37 °C using Lactiplantibacillus plantarum M5, 
but lower than those reported by Upadhyaya et al. (2024), who reported 9.99 g L-1 at 
30 °C using Bacillus tequilensis. These results confirm that temperature is a key factor 
influencing EPS production and that optimal temperatures vary among bacterial 
strains (Upadhyaya et al., 2024).

Influence of pH on exopolysaccharide production
The maximum EPS production (3.14 mg mL-1) was achieved at pH 7.5, whereas the 
lowest (0.11 mg mL-1) occurred at pH 5. In contrast, maximum biomass production 
(1.09 mg mL-1) was observed at pH 7, while the lowest (0.04 mg mL-1) was also recorded 
at pH 5 (Figure 3). These demonstrate how pH has a direct influence on the metabolic 
processes involved in EPS production.
These results were higher than that reported by Cheng et al. (2019), who achieved a 
maximum of 1.5 g L-1 at pH 7.2 using L. plantarum LPC-1 as the inoculum. However, 
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the values were lower than those reported by Asgher et al. (2021), who reached a 
maximum EPS production of 9.006 g L-1 at pH 7 using Bacillus licheniformis under 
optimized conditions. These comparisons indicate a wide variation in optimal 
pH for EPS production, reflecting the strain-specific capacity to adapt to different 
environmental conditions (Mıdık et al., 2020).
These conditions have an influence not only on biomass growth but also on metabolite 
production, directing fermentation toward two possible outcomes: programmed cell 
death, a genetically controlled process of self-destruction triggered by unfavorable 
conditions for growth, or enhanced EPS synthesis through enzyme expression, 
enabling biofilm formation that protects microorganisms from the fermentation 
environment (Ju et al., 2022; Naseem et al., 2024).

Influence of carbon sources and their concentration 
on exopolysaccharide production

The influence of carbon source type (commercial sucrose, molasses, and panela) and 
concentration on EPS and biomass production was evaluated. The maximum EPS 
production (23.54 mg mL-1) was achieved using sucrose at 50 g L-1 (Figure 4). When 
molasses was used as the carbon source, the highest EPS production (8.62 mg mL-1) 
occurred at 100 g L-1, whereas panela yielded a maximum EPS production of 6.37 mg 
mL-1 at 50 g L-1. Regarding biomass production, the highest value was observed with 
molasses at 250 g L-1 (3.87 mg mL-1), followed by panela at 300 g L-1 (4.18 mg mL-1). In 
contrast, sucrose resulted in a lower maximum biomass production of 1.06 mg mL-1 
at 300 g L-1.
EPS production using commercial sucrose was higher than that reported by Santos 
and Cruz, who obtained 19.8 g L-1 using Leuconostoc mesenteroides with sucrose as the 

Figure 3. Effect of initial pH on exopolysaccharide (EPS) production by Bacillus thuringiensis 
HA1 (bars indicate standard error).
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Figure 4. Effect of the carbon sources and their concentration on exopolysaccharide (EPS) 
production by Bacillus thuringiensis HA1 (bars indicate standard error).

carbon source. Similarly, Erkorkmaz et al. reported a maximum EPS production of 
24.5 g L-1 using industrial sugar beet sucrose, which is comparable to the production 
observed in the present study without carbon source pretreatment.
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Production values using molasses were higher than that reported by Asgher et al. 
(2021), who achieved 2.855 g L-1 using sugarcane molasses and B. licheniformis mutants. 
Under optimized conditions, the same authors reported 9.006 g L-1, which is close to 
the maximum EPS production obtained in this study using unpretreated molasses. 
Gudiña et al. (2022) reported a maximum EPS production of 6.1 g L-1 using sugarcane 
molasses and R. viscosum CECT908. In contrast, Mehta et al. (2023) reported 18.5 g L-1 
using pretreated sugarcane molasses and Bacillus megaterium KM3, while Liang et al. 
(2022) reported the highest EPS production (48.45 g L-1) using sugarcane molasses 
and Leuconostoc citreum B-2. These results indicate that EPS yield is not exclusively 
dependent on the carbon source, as strain selection is also a determining factor in EPS 
production.
Overall, previous studies demonstrate that sugarcane molasses is a suitable 
alternative carbon source for reducing EPS production costs. For instance, Gudiña et 
al. (2022) reported that their process was approximately 30 times less expensive than a 
conventional production process using glucose as the carbon source.

Total phenolic contents and sugar profile determination of carbon sources
Sugar profile and total phenolic content were analyzed to evaluate the response of B. 
thuringiensis HA1 to the different carbon sources. Commercial sucrose contained 94 
% disaccharide and showed no detectable phenolic compounds. In contrast, molasses 
consisted of 18 % sucrose, 1 % glucose, and 6 % fructose, with a phenolic content of 
19.5 mg GAE g-1. Panela exhibited a soluble sugar composition of 45 % sucrose, 22 % 
glucose, and 33 % fructose, and a phenolic content of 2.4 mg GAE g-1.
The sugar profile indicated a direct correlation between sucrose concentration and 
EPS production, as maximum EPS synthesis was achieved using commercial sucrose. 
This can be attributed to the role of sucrose as a metabolic inducer, promoting the 
expression of enzymes involved in the polymerization of homopolysaccharides for 
the synthesis of α-glucans or β-fructans (Jurášková et al., 2022; Kaur and Dey, 2022; 
Yu et al., 2022). In contrast, the presence of glucose and fructose in molasses and 
panela may have negatively affected EPS production. This phenomenon may be due 
to monosaccharides being primarily used by bacteria as a carbon source for biomass 
production, rather than EPS synthesis (Bruni and Terrel, 2022). Consistently, the 
highest biomass production was observed when molasses and panela were used as 
carbon sources, suggesting a negative correlation between microbial growth and EPS 
production due to the redirection of metabolic flux toward primary metabolism and 
glycolysis (Qiu et al., 2023).
It was also observed that in the carbon sources where phenolic compounds were found, 
the production of EPSs was lower. Although polyphenols can stimulate probiotic 
bacterial growth (Chen et al., 2023), the combined presence of readily assimilable 
monosaccharides and phenolic compounds may explain the reduced EPS production 
observed when molasses and panela were used as carbon sources.
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Exopolysaccharide characterization by Fourier-transform spectroscopy
Spectra obtained from EPSs produced using different carbon sources were compared 
with those of inulin from Dahlia tubers and levan from E. herbicola (Figure 5). The 
spectrum showing the highest similarity corresponded to levan from E. herbicola. 
Characteristic levan bands include the O–H stretching vibration at 3400 cm-1, the C–H 
stretching vibration at 2900 cm-1, indicating the presence of aliphatic chains, the C=O 
stretching vibration at 1650 cm-1, the C–O–C and C–O–H stretching vibrations associated 
with glycosidic linkages in the 1050–1150 cm-1 region, and the fructofuranosyl ring 
vibrations at 900–950 cm-1.

Figure 5. Fourier transform infrared spectra of the exopolysaccharides (EPS) produced by 
Bacillus thuringiensis HA1 compared to levan standard reference.

The EPS produced using molasses as the carbon source exhibited these characteristic 
bands, with the O–H band at 3304 cm-1, the C–H band at 2932 cm-1, the C=O band at 
1644 cm-1, the C–O–C and C–O–H stretching vibrations at 1133 and 1010 cm-1, and the 
fructofuranosyl ring vibration at 904 cm-1. These distinctive bands are consistent with 
those reported by Hertadi et al. (2020), Thakham et al. (2020), and Bruni and Terrell 
(2022), in which levan produced by Escherichia coli BL21 (DE3), Bacillus siamensis, and 
Gluconobacter japonicus, respectively, was characterized using FT-IR spectroscopy.
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The EPS produced using sucrose showed an O–H band at 3367 cm-1, a slightly shifted 
C–H band at 3084 cm-1, a C=O band at 1690 cm-1, C–O–C and C–O–H stretching 
vibrations at 1112 and 1057 cm-1, a fructofuranosyl ring vibration at 954 cm-1, and an 
additional band at 837 cm-1. Although these bands correspond to an EPS, comparison 
with dextran and inulin standards did not reveal spectral similarity.

CONCLUSIONS
Bacillus thuringiensis HA1 exhibited remarkable metabolic flexibility, a trait of 
significant value for industrial biotechnology applications. This study demonstrated 
that the biosynthetic output of the strain can be directed by the composition of the 
carbon source, with the ability to produce levan when sugarcane molasses was 
used. In contrast, the use of commercial sucrose shifted the metabolism toward the 
production of a distinct glucan-like exopolysaccharide. These findings highlight both 
the influence of carbon source selection and the capacity of B. thuringiensis HA1 to 
valorize agro-industrial coproducts into diverse value-added products.
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ABSTRACT 
Leafhoppers are among the most threatening pests of berries. Given the pest status of 
leafhoppers in berry production and the magnitude and importance of berries for export in 
Mexico, this study was conducted to survey, identify, and determine the seasonal abundance 
of leafhopper fauna in commercial blackberry and blueberry orchards in Michoacan. It was 
hypothesized that Cicadellidae species and their abundance, collected in commercial berry 
orchards, will vary by crop, phenological stage, and management. The leafhoppers were 
collected on a monthly basis using yellow traps, vacuum, and netting techniques from June 
through December 2020. A total of 7512 specimens representing six subfamilies, 18 tribes, 35 
genera, and 45 species of leafhoppers were identified. Overall, a higher number of species and 
specimens were predominantly captured using yellow traps in comparison to the vacuum and 
netting methods. The largest number of species was concentrated in the subfamilies Cicadellinae 
and Deltocephalinae. Graphocephala rufimargo Walker (68 %) and Scaphytopius nitridus (DeLong) 
(5.07 %) were the predominant species. The dynamics and abundance were correlated with 
the fruiting periods, reduced precipitation, and management practices. Organic blackberries 
harbored more leafhoppers than those subjected to conventional management. The data 
collected in this survey, along with findings from related studies conducted in Mexico, should 
provide a foundation for additional research on the vector capacity of the identified species. 
It will also aid in developing management strategies to mitigate the risk of Xylella fastidiosa 
transmission in berry production systems.

Keywords: blueberry, blackberry, pests, fastidious bacterium vectors.

INTRODUCCIÓN
The production of berries (strawberries, raspberries, blueberries, and blackberries) 
is under constant threat due to pests such as leafhoppers (Hemiptera: Cicadellidae). 
These insects can destroy or obstruct the feeding site, extract nutrients, or transmit 
pathogens that cause serious diseases (Hail et al., 2010; Pérez-Mejía et al., 2020; Ortega-
Arenas et al., 2022). Leafhoppers interact with Xylella fastidiosa (Wells), a fastidious 
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bacterium that poses a significant phytosanitary risk due to its broad host range, 
which includes blackberry (Elbeaino et al., 2014) and blueberry (di Genova et al., 2020). 
Several diseases, including Pierce’s disease in grapevines, citrus variegated chlorosis, 
and leaf scorch in coffee, are caused by X. fastidiosa (Hail et al., 2010). This bacterium 
is transmitted by insect vectors, mainly leafhoppers (Cicadellidae) and spittlebugs 
(Cercopidae) (Janse and Obradovic, 2010; Camacho-Aguilar et al., 2019; Ortega-Arenas 
et al., 2022). To date, 39 species and 19 genera of leafhoppers capable of transmitting 
X. fastidiosa have been identified in the Americas (EFSA, 2015). In California alone, 
there are at least 20 vector species associated with the bacterium found on grapevines, 
with the most significant being Graphocephala atropunctata (Signoret), Draeculacephala 
minerva (Ball), and Xyphon (Carneocephala) fulgidum (Nottingham) (Redak et al., 2004).
In Mexico, 40 species of leafhoppers associated with blueberries were recorded in the 
production regions of Jalisco, including D. minerva and Homalodisca insolita (Walker) 
(Pérez-Mejía et al., 2020), which are considered potential vectors of X. fastidiosa, but 
no tests were performed to verify their transmission ability. In Yucatan, the presence 
of Oncometopia clarior (Walker), Hortensia similis (Walker), Phera obtusifrons (Fowler), 
and Homalodisca sp. (Stel) as potential vectors has been documented in citrus (Blanco-
Rodriguez et al., 2015), whereas G. atropunctata, Phylaenus spumaris (Stel) (Purcell et al., 
2014), Homalodisca vitripennis (Germar) (Camacho-Aguilar et al., 2019), D. minerva, and 
X. fulgidum have been reported in grapevines (Redak et al., 2004), and H. vitripennis in 
blueberry (Burbank et al., 2020).
Considering that references in the American continent are pointing to leafhopper 
species as potential vectors of X. fastidiosa and that these could constitute a significant 
threat to agriculture in Mexico, it was hypothesized that these leafhoppers could be 
present in Mexican berry orchards and that the species collected through different 
methods and their abundance will vary by crop, phenological stage, and management. 
Therefore, this study aimed to survey, identify, and determine the seasonal abundance 
of leafhopper fauna in commercial blackberry and blueberry orchards in Michoacan, 
Mexico. 

MATERIALS AND METHODS

Location of the experiment 
This study was conducted from June to December 2020 in blackberry orchards under 
micro-tunnels located in “Tres Parajes” (19.6582 N, 102.4356 W, 1551 m altitude), 
“Cuatro Parajes” (19.5485 N, 102.4382 W, 1588 m altitude), and a blueberry site (19.6658 
N, 102.4354 W, 1599 m altitude) within the Atapan locality, in the municipality of Los 
Reyes, Michoacan. The climate of the region is humid, semi-warm temperate [type (A)
C(m)(f)] with summer rains and an average temperature of 22 °C (García, 1998).
In the “Tres Parajes” and “Cuatro Parajes” orchards, blackberry ‘Dasha’ was 
transplanted directly into the soil with mulch in the rows. This variety was established 
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under organic management in sectors 1, 3, and 4, while conventional management was 
applied in sector 6. Additionally, in the “Cuatro Parajes” orchard, blueberry ‘Arana’ 
was transplanted in bags with coconut substrate, utilizing a semi-hydroponic system 
and total mulch. This variety was established under conventional management in 
sector 10. The company defined the management practices, which included pruning, 
fertilization, and the application of both chemical and organic products for pest 
control.

Adult sampling
To estimate the presence and abundance of leafhoppers, samples were collected 
through yellow traps, vacuum, and netting from June to December 2020 and revised 
monthly. Five rectangular yellow traps (12.5 × 21.5 cm) covered on both sides with a 
light layer of poly-isobutylene-based adhesive fused at high heat (Ferommis, Mexico) 
were installed in each orchard. Each trap was geo-referenced and placed at the average 
height of the plant, fastened to the tunnel support with black raffia. The 15 traps were 
replaced every 30 d. Leafhoppers were vacuumed with a blower-vacuum cleaner with 
a 26-cc gasoline engine (Truper, Mexico), adapted to suck the insects and collect them 
in an internal capture net. Five vacuums were made per orchard and date, and at each 
point, the machine was operated for 2 min at medium speed, directing the suction to 
the plant and herbaceous vegetation near the base of the plant. Insect collection by 
netting consisted of 20 blows with an entomological net at five points on the orchard, 
including near the plant’s base. The collected material was stored in 96 % ethyl alcohol 
and kept at -4°C until processing. 

Species determination 
Leafhoppers captured in the traps were removed by submerging them in white 
gasoline for 10 min, after which they were filtered and washed three times with 96 % 
ethyl alcohol. The specimens collected in vacuum and netting were stored in sellable 
bags, with 20 mL of 96 % ethyl alcohol, for transportation to the laboratory. Samples 
were separated and counted by morphological similarity and sex using a Leica EZ4 
stereoscopic microscope (Leica Geosystems, Mexico) and preserved in 96 % ethyl 
alcohol.
For morphological identification, adults were mounted in triangles, and male genitalia 
were extracted according to Acevedo-Reyes et al. (2019). The mounted structures were 
used to identify the genus and species levels based on the taxonomic keys of Nielson 
(1968), DeLong and Freytag (1974), DeLong and Hamilton (1974), Freytag (1992), and 
Young (1977). Females were placed at the genus level. Specimens were deposited in 
the entomological collection of vector insects under the supervision of PhD Laura 
Delia Ortega-Arenas from the Phytosanitary, Entomology, and Acarology Program of 
the Postgraduate College.



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i1.3483
Scientific Article 93

Relative importance index 
The importance of the species captured in the study was determined using the relative 
importance index (RII), which allowed the weighting of the presence of different 
taxonomic entities over time. RII values were obtained according to the following 
equation:

RII = (Ni / Nt) * (Mi / Mt) * 100

where Ni represents the number of individuals of species i, Nt denotes the total 
number of individuals captured across all species, Mi indicates the number of samples 
in which species i appears, and Mt refers to the total number of samples that were 
analyzed. According to Paradell et al. (2014), this index weighs the ratio of individuals 
of each species (Ni/Nt) by the importance it represents throughout the sampling cycle 
(Mi/Mt), with expected values ranging from 0 to 100. Species with RII values of ≤1, ≥1.1 
and ≤5, ≥5.1 and ≤20, and ≥20.1 were considered occasional, less frequent, frequent, 
and dominant, respectively (Pérez-Mejía et al., 2020).

Data analyses 
Monthly populations and their relationship with phenological stages and 
environmental variables were analyzed using descriptive statistics. The Pearson 
correlation coefficient was calculated between population density and average 
temperature and precipitation, using the SAS program (v. 9.0).

RESULTS AND DISCUSSION

Determination of species and relative importance 
In the blackberry- and blueberry-producing regions of Atapan, Los Reyes, Michoacan, 
a total of 7512 specimens representing six subfamilies, 18 tribes, 35 genera, and 45 
species of Cicadellidae were collected using three methods (Figures 1, 2, and 3). The 
Cicadellinae and Deltocephalinae subfamilies had the highest number of species. 
Graphocephala rufimargo (68 %), Scaphytopius nitridus (5.07 %), Empoasca sp. 1 (3.86 
%), Empoasca sp. 2 (3.37 %), Graminella cognita (3.18 %), G. sonora (3.15 %), Agallia 
quadripunctata (2.76 %), and Dalbulus maidis (2.53 %) were the most abundant species, 
representing 88 % of the collected population. In general, a greater number of species 
and specimens were captured using yellow traps (n = 35) (86.18 %), compared to 
vacuum (n = 27) (9.73 %), and netting (n = 18) (4.09 %). Organic blackberries harbored 
more leafhoppers (73 %) than those subjected to conventional management (27 %) 
(Table 1).
The species found in this study were classified as three dominant species, 10 frequent 
species, 10 less frequent species, and 22 occasional species. The latter were represented 
by one genus and one to three species each (Table 1). In both organic and conventional 
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Figure 1. Cicadellidae species and male genitalia collected in blackberry and blueberry orchards 
in Los Reyes, Michoacan, Mexico. A: Acinopterus angulatus; B: Acuera ultima; C: Paraulacizes 
figurata; D: Chlorogonalia coeruleovittata; E: Phera centrolineata; F: Xyphon reticulatum; G: Sibovia 
recta; H: Draeculacephala minerva.
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Figure 2. Cicadellidae species and male genitalia collected in blackberry and blueberry orchards 
in Los Reyes, Michoacan, Mexico. A: Homalodisca insolita; B: Cyrtodisca major; C: Graphocephala 
fennahi; D: Graphocephala aurolineata; E: Graphocephala punctulata; F: Graphocephala rufimargo; G: 
Graphocephala flavovittata; H: Graphocephala marathonensis.
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Figure 3. Cicadellidae species and male genitalia collected in blackberry and blueberry orchards 
in Los Reyes, Michoacan, Mexico. A: Plesiommata mollicula; B: Osbornellus rarus; C: Texananus sp.; 
D: Spanbergiella mexicana; E: Omanolidia bistyla; F: Sibovia compta; G: Homalodisca ichthyocephala; H: 
Ponana woodruffi.
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Table 1. Relative importance of Cicadellidae species collected by different methods in commercial blackberry and blueberry 
orchards under organic and/or conventional management in Atapan, Los Reyes, Michoacan, Mexico.

Yellow traps Vacuum Netting

Subfamilia
Tribu
Especie

A
Organic 

blackberry 
Conventional 

blackberry 
Conventional 

blueberry 
Organic 

blackberry
Conventional 

blackberry 
Conventional 

blueberry 
Organic 

blackberry
Conventional 

blackberry 
Conventional 

blueberry 

RII C RII C RII C RII C RII C RII C RII C RII C RII C

Cicadellinae
       Cicadellini
Chlorogonalia coeruleovittata

4 0 _ 0 _ 0 - 0.42 O 0 - 0.16 O 0 - 0 - 0 -

Dilobopterus sp 4 0.01 O 0 - 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Draeculacephala minerva 80 0.50 O 0.38 O 0.33 O 3.75 LF 4.49 LF 0.64 O 5.10 F 7.94 F 3.72 LF
Graphocephala aurolineata 32 0.08 O 0.73 O 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Graphocephala fennahi 10 0.08 O 0 - 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Graphocephala flavovittata 83 1.30 LF 1.31 LF 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Graphocephala marathonensis 7 0 - 0 - 1.15 LF 0 - 0 - 0 - 0 - 0 - 0 -
Graphocephala punctulata 43 0.14 O 0.73 O 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Graphocephala rufimargo 4726 80.7 D 48.95 D 10.91 F 1.56 LF 0.42 O 1.44 LF 0 - 0 - 0 -
Plesiommata mollicula 1 0 - 0 - 0 - 0 - 0 - 0.08 O 0 - 0 - 0 -
Sibovia compta 36 0.01 O 0.38 O 6.22 F 0 - 0 - 1.92 LF 0 - 0 - 0 -
Sibovia recta 15 0.05 O 0.19 O 0 - 0 - 0 - 0.16 O 0 - 0 - 0 -
Xyphon reticulatum 10 0.003 O 0.01 O 0.22 O 0.10 O 0.28 O 0.24 O 0 - 0 - 0 -

Proconini
Cyrtodisca major 2 0.01 O 0 - 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Homalodisca ichthyocephala 2 0.01 O 0 - 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Homalodisca insolita 2 0 - 0.02 O 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Paraulacizes figurata 6 0 - 0.07 O 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Phera centrolineata 119 1.83 LF 0.49 O 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Oncometopia sp 5 0.002 O 0.05 O 0 - 0 - 0 - 0 - 0 - 0 - 0 -

Coelidiinae
Coelidiini

Omanolidia bistyla 3 0.01 O 0 - 0 - 0 - 0 - 0 - 0 - 0 - 0 -

Deltocephalinae
Acinopterini

Acinopterus angulatus 5 0.003 O 0 - 0 - 0 - 0 - 0.32 O 0 - 0 - 0.35 O

Athysanini
Coladonus beameri 56 0.87 O 0 - 0 - 0.10 O 0.84 O 0.08 O 0.24 O 0.40 O 1.42 LF

Chiasmini
Exitianus picatus 61 0.01 O 0 - 0 - 7.50 F 1.97 LF 4.07 LF 4.37 LF 2.38 LF 4.26 LF

Deltocephalini
Amblysellus necopinus 94 0 - 0 - 2.29 LF 10 F 0.14 O 8.31 F 12.62 F 4.76 LF 8.51 F
Daltonia blacki 22 0 - 0 - 0 - 0.83 O 0 - 4.31 LF 0 - 0 - 0 -
Graminella cognita 239 0 - 0 - 0 - 25.42 D 35.96 D 23.32 D 13.59 F 16.67 F 6.91 F
Graminella sonora 237 0 - 0 - 0 - 26.67 D 25.28 D 25.88 D 18.45 F 10.71 F 6.74 F
Planicephalus flavicosta 25 0 - 0 - 0 - 4.17 LF 1.12 LF 0.96 O 0.97 O 1.59 LF 0.18 O
Sanctanus fasciatus 11 0 - 0 - 0.05 O 0 - 0.14 O 0.32 O 0 - 0.40 O 0.71 O

Hecalini
Spanbergiella mexicana 4 0 - 0 - 0 - 0.10 O 0 - 0.48 O 0 - 0 - 0 -

Macrostelini
Balclutha mexicana 5 0 - 0 - 0 - 0.21 O 0 - 0.24 O 0 - 0 - 0 -
Dalbulus maidis 190 0.57 O 6.53 F 8.72 F 0 - 0 - 0 - 3.64 LF 3.57 LF 0.71 O

Phelepsiini
Texananus hosanus 4 0 - 0 - 0 - 0 - 0.14 O 0.24 O 0 - 0 - 0 -

Scaphoideini
Osbornellus rarus 66 0.72 O 0.71 O 0.22 O 0 - 0 - 0.48 O 0 - 0 - 2.66 LF
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A: Total abundance of leafhoppers; RII: Relative importance index values; C: Classification by presence and absence; D: 
dominant species; F: frequent species; LF: less frequent species; O: occasional species; -: absent species.

blackberries, the dominant species captured in yellow traps was G. rufimargo, which 
denotes an established association with the crop. However, the dominance favored G. 
sonora and G. cognita in the collections made using the vacuum method. Particularly, 
the organically managed plantations exhibited the highest abundance of rare species.

Seasonal abundance
Leafhoppers were present throughout the study period, and the growth rates were 
similar across the three orchards. The highest adult infestation was recorded in 
orchards managed organically, as indicated by yellow traps, occurring from November 
to December in blackberry and from September to December in blueberry (Figure 4). 
This situation was observed in all three orchards and coincided with the fruiting and 
harvesting periods.
The population of females and males was similar in the crops studied (Figure 4), with 
a slight tendency in favor of males captured by yellow traps in organic blackberry. The 
correlation analysis indicated that the prevailing rainfall in the study area negatively 

Scaphytopiini
Scaphytopius nitridus 381 3.88 LF 8.49 F 12.10 F 0.42 O 0 - 0.16 O 0.24 O 0 - 0.35 O

Stenometopiini
Stirellus bicolor 30 0 - 0.01 O 0 - 1.04 O 0.28 O 3.83 LF 0.24 O 0.79 O 4.96 LF

Iassinae
Gyponini

Acuera ultima 3 0.01 O 0 - 0 - 0 - 0 - 0 - 0 - 0 - 0 -
Ponana woodruffi 11 0.01 O 0.08 O 0 - 0 - 0 - 0 - 0 - 0 - 0 -

Megophthalminae
Agallini

Agallia quadripunctata 207 1.09 O 4.98 LF 12.76 F 5 LF 5.06 LF 2.56 LF 4.37 LF 6.35 F 8.51 F

Typhlocybinae
Alebrini

Trypanalebra maculata 49 0 - 0 - 9.16 F 0.21 O 0 - 1.60 LF 0.97 O 0 - 0.89 O

Dikraneurini
Alconeura sp 34 0.15 O 0.22 O 1.64 LF 0 - 0 - 0 - 0 - 0 - 0 -
Typhlocybella minima 30 0 - 0 - 0 - 1.04 O 1.40 LF 1.60 LF 3.64 LF 2.38 LF 0.35 O

Empoascini
Empoasca sp 1 290 2.55 LF 6.20 F 0.65 O 1.04 O 6.18 F 0.24 O 8.74 F 11.11 F 14.18 F
Empoasca sp 2 253 0.97 O 7.92 F 3.71 LF 2.92 LF 5.06 LF 0.16 O 7.28 F 7.94 F 11.35 F
Empoasca sp 3 15 0.02 O 0.19 O 0 - 0 - 0 - 0 - 0 - 0 - 0 -

Table 1. Continue.

Yellow traps Vacuum Netting

Subfamilia
Tribu
Especie

A
Organic 

blackberry 
Conventional 

blackberry 
Conventional 

blueberry 
Organic 

blackberry
Conventional 

blackberry 
Conventional 

blueberry 
Organic 

blackberry
Conventional 

blackberry 
Conventional 

blueberry 

RII C RII C RII C RII C RII C RII C RII C RII C RII C
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Figure 4. Seasonal abundance of leafhoppers captured by yellow traps (T), vacuum (V), 
and netting (N) in organically managed blackberry, conventionally managed blackberry, 
and conventionally managed blueberry orchards from June to December 2020 in Los Reyes, 
Michoacan, Mexico.
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impacted the abundance of leafhoppers (p ≤ 0.05). During periods of higher rainfall, 
specifically from June to August, the leafhopper population tended to decrease (Table 
2).

Table 2. Pearson’s correlation coefficients for temperature and precipitation on the seasonal 
abundance of Cicadellidae, collected from blackberry and blueberry orchards under organic 
and conventional management in Los Reyes, Michoacan, Mexico.

Orchard Variable Total leafhoppers
Yellow traps Vaccum Netting

Conventional 
blueberry

Precipitation
Probability
Temperature
Probability

-0.639
0.121

-0.403
0.369

-0.628
0.371

-362
0.637

0.819
0.180
0.7458
0.254

Conventional 
blackberry

Precipitation
Probability
Temperature
Probability

-0.767
0.043*

-0.858
0.013*

-0.644
0.355

-0.767
0.232

-0.092
0.907

-0.375
0.624

Organic 
blackberry

Precipitation
Probability
Temperature
Probability

-0.817
0.024*

-0.761
0.046*

-0.735
0.264

-0.387
0.612

-0.889
0.110

-0.959
0.040*

*Statistically significant Pearson’s correlations with probability of p ≤ 0.05.

The preference of leafhoppers for yellow suggests that traps of this color are an 
effective and reliable method for capturing them (Krüger and Fiore, 2019). However, it 
is important to note that if the objective of the capture is to perform molecular analyses 
for species identification or to evaluate potential vectors, vacuum and netting methods 
are more appropriate for effectively preserving biological material (Sánchez-Romero 
et al., 2019). Additionally, the low capture rates of leafhoppers in yellow traps used in 
blueberry orchards can be related to the management practices of the planting system, 
which inhibit the growth of herbaceous vegetation between crop rows and in turn 
affect the capture of leafhoppers on the plants located at the edges of the orchards.
The change in species dominance among collecting methods may be due to the ability 
of the vacuum method to collect specimens related to grasses growing in neighboring 
crops (Pinedo-Escatel and Moya-Raygoza, 2018). An organic system favors the 
presence of herbaceous vegetation between and around the crops and acts as a harbor 
for the adult leafhoppers, which move towards the crop for feeding (Pérez-Mejía et 
al., 2020). For this reason, some growers consider it convenient to remove herbaceous 
vegetation that serves as alternative hosts for leafhoppers, while others advocate for 
maintaining this vegetation and planting flowering plants near crops to promote 
the presence of pollinators and beneficial organisms that help suppress leafhopper 
populations (Salas-Figueroa, 2020).
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In this study, 43 of the 45 species of Cicadellidae found were reported for the first time 
for blackberry ‘Dasha’ in Mexico, and 15 were added to the list of species recorded by 
Pérez-Mejía et al. (2020) in blueberry in Jalisco. Of the 45 species recorded in this study, 
D. minerva (Lopes et al., 2009) and H. insolita (Sanderlin and Melanson, 2010) were 
reported as vectors of X. fastidiosa on grapevine and pecan, respectively. However, 
references are pointing to species of the genera Graphocephala (Ranieri et al., 2020), 
Xyphon (Redak et al., 2004), Dilobopterus, Oncometopia (Alves et al., 2008), Plesiommata 
(Dellapé et al., 2016), and Sibovia (Müller et al., 2021) in various crops as potential 
vectors of the bacterium.
Population peaks, especially during fruiting periods, are attributed to increased 
availability and concentration of nutrients in the host (Brodbeck et al., 1990) and to 
higher enzymatic metabolism in the xylem (Coudron et al., 2007), which define the 
preference and selectivity of leafhoppers. The slight trend of male populations in 
organic blackberry contrasts with the studies of Chen et al. (2010) and Pérez-Mejía et 
al. (2020), who found a greater abundance of females, which was related to prolonged 
feeding times and longer life expectancy during migration (Swenson, 1971; Beanland 
et al., 2000).
The prevailing temperatures in the study area (18–25 °C) were generally favorable 
for leafhopper development, except in organically managed blackberry plantations 
(van Nieuwenhove et al., 2016). However, correlation analyses indicated a negative 
relationship between leafhopper abundance and precipitation, and overall climatic 
variables did not exert a determining influence on population levels (Pérez-Mejía et 
al., 2020). In blueberry production systems, the use of micro-tunnels protects plants 
from direct rainfall and generates a favorable microclimate that facilitates leafhopper 
establishment (Cruz-Andres et al., 2018). Periodic increases in leafhopper influx 
may also be explained by the presence of abundant surrounding vegetation, which 
serves as a feeding source (Almeida and Nunney, 2015). In addition, orchard-specific 
management practices can modulate population abundance.
The identification of 11 potential species of Cicadellidae as vectors of X. fastidiosa in 
blackberry and blueberry crops suggests a possible risk to crop health. However, 
the presence of these species in orchards does not necessarily imply their active 
participation in the transmission of the pathogen (Weintraub and Beanland, 2006; 
Ortega-Arenas et al., 2022); therefore, further studies are required to confirm its ability 
to transmit X. fastidiosa through laboratory assays or molecular analysis. The increased 
presence of herbaceous vegetation in organic systems could potentially explain the 
higher abundance of leafhoppers in these environments. This vegetation serves as 
both a refuge and a food source for insect populations. However, its presence does not 
necessarily heighten the risk of pathogen transmission if these species are not effective 
vectors under such conditions.
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CONCLUSIONS
A total of 7512 leafhopper specimens were identified, representing six subfamilies, 
18 tribes, 35 genera, and 45 species. Yellow traps were the most effective sampling 
method, capturing more species and individuals than vacuum sampling and netting. 
Species richness was mainly concentrated in the subfamilies Cicadellinae and 
Deltocephalinae, with Graphocephala rufimargo (68 %) and Scaphytopius nitridus (5.07 
%) as the predominant species. Leafhopper abundance was higher in organically 
managed blackberry plantations than in conventionally managed ones, with 
population dynamics closely associated with fruiting periods, reduced precipitation, 
temperature conditions, and management practices. These results highlight the need 
for complementary studies to assess the vector capacity of the detected species and 
to develop management strategies aimed at reducing the risk of Xylella fastidiosa 
transmission in these production systems.
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ABSTRACT
The objective of this research was to identify key aspects of the bioeconomy by examining 
multiple international studies, particularly in the areas of agriculture and biological sciences 
from 2008 to 2023. A bibliographic source analysis was conducted using Bibliometrix tools from 
R Studio and VOSviewer to analyze a database extracted from Scopus. During this period, the 
bioeconomy experienced significant growth in published research and its increasing relevance 
to the global scientific community. The number of citations and articles reflects the impact of 
bioeconomy research in academia, with countries such as Finland, Germany, and Italy standing 
out for their publication volume. The study identified three main categories defining current 
trends in the bioeconomy: sustainable development; forestry and production; and innovation, 
biomass, and biotechnology. There is a global pursuit of an environmentally friendly economic 
model. Therefore, the identified areas can inform future research and contribute to the 
development of public policies for specific contexts and the advancement of the bioeconomy.

Keywords: trends, circular economy, sustainable development, biotechnology.

INTRODUCTION
Biology and economics converge when addressing socioeconomic and environmental 
problems, giving rise to the concept of bioeconomy, which highlights the economic 
value of natural resources (Wang et al., 2022). The academic and scientific community 
has focused on developing an economy based on biological principles, which includes 
revaluing natural resources previously considered waste and unlocking their potential 
through an integrated and highly efficient approach. This makes it possible to reduce 
dependence on fossil fuels and mitigate the adverse effects of climate change (Carbonell 
et al., 2021). Contrary to the classical economic model that exploits agro-ecosystems for 
food and energy, the bioeconomic model seeks to reduce biological loss and pollution 
resulting from agri-food processes (Mougenot and Doussoulin, 2022).
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This research summarizes the findings on the bioeconomy from various international 
bodies, such as the 2018 Global Bioeconomy Summit (GBS), which explored the 
concept of a bioeconomy through the lens of a sustainable economy that respects 
nature, generates economic benefits, and aligns with the Sustainable Development 
Goals. Similarly, the Economic Commission for Latin America and the Caribbean 
(ECLAC) highlights four pillars for the bioeconomy: sustainable development, action 
on climate change, social inclusion, and value-added innovations. The European 
Union views the bioeconomy as a crucial driver of green economic growth and the 
adoption of new technologies.
The bioeconomy concept is internationally relevant, yet its definitions vary by country 
or organization. This variation allows for the identification of common elements 
among these definitions and various international research studies. Analyzing these 
elements is essential for understanding the bioeconomy’s scope and potential, as 
well as for developing effective strategies for its implementation to foster a more 
sustainable future (IICA, 2020). However, previous studies indicate that in Mexico, the 
momentum behind policies promoting the bioeconomy remains fragile (de la Cruz-
Borrego and Caballero-Rico, 2021).
The objective of this research was to identify the key aspects of the bioeconomy by 
examining various international studies, particularly focusing on agriculture and 
biological sciences from 2008 to 2023. This timeframe was chosen because it marks 
the beginning of a notable increase in publications on the subject. The research 
hypothesizes that there are common analytical themes at the international level that 
have influenced the development of the bioeconomy.

MATERIALS AND METHODS
The analysis of bibliographic sources was carried out using two open-access programs: 
1) VOSviewer, which is a software tool for constructing and visualizing bibliometric 
networks, and 2) Bibliometrix, which is an R Studio tool used to perform analyses. The 
analysis covered the period from April 2008 to April 2023. Data was collected from 
bibliographic records, which included authors, document titles, publication years, 
source titles, volume numbers and pages, citation counts, source and document types, 
publication stages, DOIs, and open access status. Additionally, bibliographic reports 
were generated, providing information on affiliations, series identifiers, PubMed IDs, 
publishers, languages, correspondence addresses, abbreviated source titles, abstracts, 
keywords, and indexed keywords for the documents. Funding details included 
information such as funding numbers, acronyms, sponsors, and funding texts.
Elsevier’s Scopus was selected as the search engine due to its extensive coverage, which 
spans a wide array of disciplines and publications on a global scale. Other databases, 
such as Dimensions, OpenAlex, PubMed, and Lens, were not selected for specific 
reasons. For instance, PubMed is more focused on biomedical fields, while Lens and 
Dimensions, despite their broad scope, contain significant amounts of patent data 
and gray literature that do not align with the objectives of this study. Additionally, 
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OpenAlex is still in the early stages of adoption and lacks the comprehensive 
bibliometric tools that Scopus provides.
In April 2023, a search was conducted in the Scopus database using the keyword 
“bioeconomy” in article titles, limited to the fields of agricultural and biological 
sciences. This initial search identified 1792 unique documents. The dataset was then 
refined by narrowing the search to the subject area of agricultural and biological 
sciences, resulting in a total of 412 documents, which included articles, books, book 
chapters, and conference abstracts. From this collection, 184 articles were selected for 
analysis using the VOSviewer and Bibliometrix tools.

Analysis with Bibliometrix
The Bibliometrix package (http://www.bibliometrix.org) provides a comprehensive 
set of tools for conducting quantitative research in bibliometrics and scientometrics, 
all developed in the R programming language. Selected articles were sourced 
from the Scopus database. After downloading, the data was imported into the 
working environment, where a normalization process was implemented to address 
inconsistencies in author names, affiliations, and keywords. This process entailed 
unifying author names according to specific guidelines, standardizing affiliations using 
controlled vocabularies, and consolidating synonyms into keywords. Additionally, 
duplicate records were removed through algorithms that utilized DOI, titles, dates, 
and numerical fields. The analysis was ultimately conducted with tools such as word 
clouds and relationship maps, alongside the identification of sources, countries, and 
the most cited authors.

Analysis with VOSviewer
The bioeconomy analysis was conducted using VOSviewer software. The selected 
articles were exported in CSV format for further processing. The analysis involved 
several stages. First, a bibliographic map was created in VOSviewer, using the keyword 
co-occurrence option as the unit of analysis. Next, the data were imported, and the map 
was configured with a minimum threshold of six co-occurrences to identify general 
trends in the research (van Eck and Waltman, 2014). Fifty keywords were selected to 
facilitate a more detailed analysis, removing those that did not contribute relevant 
information to the study. Ultimately, the results concentrated on visualizing the co-
occurrence network and the overlap of keywords, which facilitated the identification 
of research patterns within the field of bioeconomy.

RESULTS AND DISCUSSION

Scientific production, countries, authors, and journals
Scientific output for the bioeconomy within the fields of agriculture and biological 
sciences has demonstrated a growing trend since its inception. In 2008, there was only 
one article related to this topic, which increased to 41 documents by 2022 (Figure 1).
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A total of 3445 citations were found, with an average of 18.73 per article. The maximum 
number of citations was recorded in 2020 (675). The 10 most cited articles (Table 
1) recorded a total of 1224 citations. These articles constitute 35.8 % of all scientific 
research in this emerging field, with an average of 122.4 citations per article.
With 187 citations, Arajo et al. (2021) holds the highest citation count. This research 
emphasizes the productive potential of algae in Europe and its role in promoting 
sustainable development. In second place is Dahmen et al. (2019), which has 179 
citations and analyzes the organization of lignocellulosic biomass supply, which has 
great potential for the future as a regional biomass source for European lignocellulosic 
biorefineries. Lastly, Pülzl et al. (2014) examined the bioeconomy and its impact on 
forestry, along with classical discourses such as sustainable forest management, forest 
biodiversity, and climate change.
The analysis of countries with the highest citations of articles on the bioeconomy (see 
Figure 2) reveals that Finland leads with 772 citations, followed by Germany with 675 
citations and Italy with 446 citations. A total of 54 countries have published related 
documents, but only two countries have published 30 or more articles (21.3 %). Seven 
countries fall within the range of 11 to 20 documents (30 %), while 45 countries have 
published 10 or fewer articles (48.5 %).
Finland and Germany are the countries with the highest number of published 
documents on bioeconomy (Table 2); however, Germany has more citations (772), with 
an average of 33.8 citations per article, compared to Finland, which has 675 citations 
and an average of 28.6 citations per article. This finding contrasts with Biancolillo et 

Figure 1. Scientific production of articles on bioeconomy (2008–2023) located in the Scopus 
database in the areas of agricultural and biological sciences.
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Table 1. Most cited articles related to scientific research in bioeconomy in agriculture and biological 
sciences in the Scopus database.

Rank Author 
(year) Article title Journal Number of 

citations

1 Araújo et al. 
(2021)

Current status of the algae 
production industry in Europe: 
An emerging sector of the blue 

bioeconomy

Frontiers in 
Marine Science 187

2 Dahmen et al. 
(2019)

Integrated lignocellulosic 
value chains in a growing 

bioeconomy: Status quo and 
perspectives

GCB Bioenergy 179

3 Pülzl et al. 
(2014)

Bioeconomy - an emerging 
meta-discourse affecting forest 

discourses?

Scandinavian 
Journal of Forest 

Research
152

4 D’Amato et al. 
(2020)

Towards sustainability? Forest-
based circular bioeconomy 
business models in Finnish 

SMEs

Forest Policy and 
Economics 146

5 Lewandowski 
et al. (2016)

Progress on optimizing 
miscanthus biomass production 
for the European bioeconomy: 
Results of the EU FP7 project 

OPTIMISC

Frontiers in Plant 
Science 134

6 Kleinschmit et 
al. (2014)

Shades of green: A social 
scientific view on bioeconomy 

in the forest sector

Scandinavian 
Journal of Forest 

Research
130

7 Kröger and 
Raitio (2017)

Finnish forest policy in the era 
of bioeconomy: A pathway to 

sustainability?

Forest Policy and 
Economics 83

8 Pätäri et al. 
(2016)

Global sustainability 
megaforces in shaping the 

future of the European pulp 
and paper industry towards a 

Bioeconomy

Forest Policy and 
Economics 80

9 van Lancker et 
al. (2016)

Managing innovation in 
the bioeconomy: An open 

innovation perspective

Biomass and 
Bioenergy 77

10 Toppinen et al. 
(2018)

The future of wooden 
multistory construction in the 
forest bioeconomy – A Delphi 

study from Finland and Sweden

Journal of Forest 
Economics 76
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al. (2020), who reported that Finland and Canada have more scientific publications on 
bioeconomy.
As for the journals with the highest number of published documents (Table 3), Forest 
Policy and Economics stands out with 28 publications, followed by Forest with 13 
scientific articles, and Biomass and Bioenergy with 11 documents.

Figure 2. Countries of origin with the most citations of bioeconomy articles found in the Scopus 
database in the fields of agricultural and biological sciences (2008–2023).

Table 2. Average number of citations for countries with the highest number of 
articles published on the bioeconomy in the fields of agricultural and biological 
sciences (2008–2023).

Rank Country Number of citations Average number of 
citations per article

1 Germany 772 28.6
2 Finland 675 33.8
3 Italy 446 34.4
4 USA 261 32.6
5 Austria 189 31.5
6 Sweden 185 37.0
7 Spain 151 25.2
8 Belgium 101 33.7
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Among the authors with the highest number of articles published over the last 15 
years (Table 4), 10 studies by Toppinen A. stand out, followed by Korhonen J., with 
five publications. Toppinen et al. (2018) discuss sustainable development and the use 
of wood in construction, concluding that domestic consumers in Finland and Sweden 
are concerned about environmental sustainability.

Table 3. Journals publishing articles on bioeconomy in the fields of agricultural and biological sciences (2008–2023).

Rank Journal Number of 
articles Citations CiteScore Impact 

factor
Science 

category

Position 
in the 

category

Quartile in 
category

1 Forest Policy and 
Economics 28 812 9.0 4.0 Forestry 4 Q1

2 Forests 13 77 4.4 2.4 Forestry 21 Q1

3 Biomass and 
Bioenergy 11 272 11.5 5.8 Energy and fuels 58 Q2

4 Land Use Policy 7 168 13.7 6.0 Environmental 
studies 25 Q1

5 GCB Bioenergy 6 229 10.3 5.9 Energy and fuels 57 Q2

6 AgBioForum 5 37 Agronomy and 
crop science 44 Q2

7 Bio-based and 
Applied Economics 5 75 2.8 1.8 Economics 241 Q2

8
Scandinavian 

Journal of Forest 
Research

5 370 3.0 1.8 Forestry 33 Q2

9 International 
Forestry Review 4 63 1.8 Forestry 40 Q2

10

Journal of 
Agricultural and 
Environmental 

Ethics

4 23 4.3 2.2
History and 

philosophy of 
science

11 Q1
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Table 4. Leading authors in the publication of articles on bioeconomy in the fields of agricultural and biological sciences 
(2008–2023).

Rank Author Articles Citations Hirsch 
Index Affiliated institution Area of expertise

1 Anne 
Toppinen 10 529 49 University of Helsinki, Helsinki, 

Finland

Sustainability science, forest, 
economics, circular economy, 

bioeconomy and corporate 
responsibility

2 Jaana Elina 
Korhonen 7 151 18

Oak Ridge Institute for Science 
and Education, Oak Ridge, TN, 

USA

Forest-based sector, bioeconomy, 
sustainability, strategic 

management and mixed methods

3 Daniela 
Kleinschmit 4 341 23 University of Freiburg, 

Tennenbacher Str., Germany

Forest governance, bioeconomy, 
policy integration, participation 

and political communication

4 Satu Pätäri 4 195 21

School of Business and 
Management, Lappeenranta 

University of Technology, 
Lappeenranta, Finland

Strategic management, corporate 
responsibility, firm financial and 
innovation performance, Delphi 

method

5 Dalia 
D’Amato 4 162 26 University of Helsinki, Helsinki, 

Finland Sustainability transformations

6 Alex 
Giurca 4 119 18

Chair of Forest and 
Environmental Policy, 
University of Freiburg, 

Tennenbacher Str., Freiburg, 
Germany

Bioeconomy, sustainability 
transformations, forest governance, 

timber trade, environmental 
communication

7 Stefan 
Bringezu 3 141 55

Wuppertal Institute for Climate, 
Environment and Energy, 

Germany

Socio-industrial metabolism, 
sustainability assessment, systems 

analysis, footprints, resource 
policies

8 Alessandro 
Paletto 4 31 29

Council for Agricultural 
Research and Analysis of the 

Agricultural Economy (CREA), 
Italy; University of Florence, 

Italy

Environmental impact assessment, 
environment, sustainability, natural 

resource management, ecology, 
biodiversity 

ecosystem ecology, mapping 
conservation and water quality

9 Markus 
Kröger 3 89 30

Department of Political and 
Economic Studies, Faculty of 
Social Sciences, University of 

Helsinki, Finland

Natural resource politics, social 
movements, Latin America, India 

and the Arctic

10 Isabella 
de Meo 3 29 23

Council for Agricultural 
Research and Analysis of the 

Agricultural Economy (CREA), 
Italy; University of Florence, 

Italy

Coarse woody debris; dead wood; 
forestry, sustainable development; 
environmental economics; circular 
economy, ecosystem service, land 

use, natural resource
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Network display
A word cloud was generated showing the most frequently occurring words with a larger 
diameter or thickness (Figure 3), indicating the degree of interest among researchers 
(defined as strands). The words “bioeconomy,” “forest,” and “development” are 
displayed in the center, with the words “sustainable” and “production” shown to a 
lesser extent.

Figure 3. Word cloud on the concept of bioeconomy in the fields of agricultural and biological 
sciences (2008–2023) from the articles analyzed, created using Bibliometrix.

Main keyword co-occurrences
The relevance of words, determined by weighted percentages, is illustrated in the 
following values (Figure 4): bioeconomy (2.12 %), sustainable (0.9 %), production 
(0.73 %), development (0.72 %), and innovation (0.67 %). The remaining 96 identified 
words have lower representation, ranging from 0.15 to 0.34 %, with none exceeding 260 
occurrences. Konstantinis et al. (2018) emphasize the fundamental role of technology 
in advancing the bioeconomy. The branched map includes the terms “environmental” 
and “agriculture” as relevant to the search. Abad-Segura et al. (2021) also talk about the 
words “transition” and “governance.” They stress the need for support policies to help 
the economy move from one that wastes resources to one that uses them efficiently.
The relevance of the words “bioeconomy,” “sustainable development,” “forestry 
biomass,” and “biotechnology,” obtained in the VOSviewer program, showed a 
significant total link strength, primarily for the first three, with a strength greater than 
200 (Table 5).
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Figure 4. Co-occurrence of the top 25 keywords in bioeconomy articles in the fields of agricultural 
and biological sciences (2008–2023). 
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Table 5. Analysis of the top 25 co-occurrences of keywords from articles on bioeconomy 
in the fields of agricultural and biological sciences (2008–2023).

Rank Key word Co-occurrences Total amplitude

1 Bioeconomy 92 318
2 Sustainable development 61 280
3 Forestry 47 239
4 Biomass 25 104
5 Biotechnology 18 69
6 Bioenergy 17 76
7 Economics 17 92
8 Circular economy 16 57
9 Climate change 16 88

10 Europe 14 79
11 Innovation 14 57
12 Biofuel 13 50
13 Circular bioeconomy 13 35
14 European union 13 78
15 Finland 13 77
16 Wood 13 69
17 Environmental economics 12 71
18 Timber 12 89
19 Commerce 11 68



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i1.3254
Scientific Article 116

Main aspects of the bioeconomy
Co-occurrence analyses reveal the relevance of the words “sustainable,” “development,” 
“forest,” “production,” “biomass,” “innovation,” and “biotechnology.” However, 
these findings contrast with those found by Biancolillo et al. (2020), who identified 
three main concepts related to the bioeconomy: sustainable development, bioenergy 
production, and climate change mitigation. To contrast the analysis of keywords, a 
classification based on degrees was carried out (Table 6). The concept of bioeconomy 
is closely related to sustainable and development; in the second degree, to production 
and forestry; and in the third degree, to the concepts of innovation, biomass, and 
biotechnology.

Table 6. Classification of the main aspects of the bioeconomy in articles in the fields of 
agricultural and biological sciences (2008–2023).

Rank Word Software count 

1 Bioeconomy 3
1 Sustainable 3
1 Development 3
2 Production 2
2 Forestry 2
3 Innovation 1
3 Biomass 1
3 Biotechnology 1

Table 5. Continue.

Rank Key word Co-occurrences Total amplitude

Rank Key word Co-occurrences Total amplitude

20 Economic analysis 11 64
21 Forest management 11 77
22 Biodiversity 10 49
23 Development 10 56
24 Land use 10 58
25 Bio-based   9 54

The evolution of the bioeconomy concept (Figure 5) shows a growing concern for 
climate change in 2018. In contrast, the European Union’s research focus shifted in 
2019 and 2020 to promoting innovation and public policies in agriculture, thereby 
supporting sustainable development. Finally, in 2021, the main research trends 
included the circular economy, development, crop production, and the creation of 
biorefineries. 
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Analysis of the main aspects of the bioeconomy

First-degree concepts of importance
The words “sustainable” and “development” reflect the construction of the bioeconomy 
as a strategy that balances the sustainable conservation of natural resources with the 
promotion of economic development. The incorporation of sustainable practices in 
the use of biodiversity and natural resources guarantees the preservation of economic, 
environmental, and social assets for future generations, while promoting responsible 
economic development.

Sustainable. The pursuit of a balanced use of biological resources closely links 
the bioeconomy and sustainability. Given the concerns about climate change and 
responsible use of biological resources, it is crucial to develop models for the sustainable 
management of these resources (Mougenot and Doussoulin, 2022). The strategic 
integration of the bioeconomy and the circular economy promotes the sustainable use 
of natural resources through a systemic approach that enhances resource efficiency 
and minimizes environmental impact (Abad-Segura et al., 2021). The bioeconomy is an 
evolving economic model, characterized by varying degrees of technological progress 
(Papadopoulou et al., 2021).

Development. According to the Royal Spanish Academy (RAE, 2023), development 
is considered to be the “evolution of an economy towards better standards of living,” 
while the United Nations (UN, 1997) describes it as “a multidimensional endeavor to 
achieve a better quality of life for all peoples.”

Figure 5. Overlay display of the evolution of the concept of bioeconomy from 2018 to 2021.
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Development in the bioeconomy is considered an essential concept in the advancement 
of agriculture, agribusiness, and various sectors involved in the production and 
utilization of bio-based raw materials (Wang et al., 2022). The bioeconomy helps 
development by creating new markets based on biological resources (Borrego and 
Rico, 2021), increasing value (Papadopoulou et al., 2021), and supporting regional 
development (Sanz-Hernández et al., 2019).

Sustainable development. The challenge of achieving sustainability while promoting 
economic growth and technological advancement was first introduced on a global 
scale in 1972, during the United Nations Conference on the Human Environment 
in Stockholm. It was established that “Man is entitled to freedom, equality, and the 
enjoyment of adequate living conditions in an environment of such quality that he can 
lead a dignified life and enjoy well-being, and he has the solemn obligation to protect 
and improve the environment for present and future generations” (UN, 1973).
The Global Bioeconomy Convention defines sustainable development as “the 
production, use, and conservation of biological resources, including related 
knowledge, science, technology, and innovation, to provide information, products, 
processes, and services in all economic sectors, and move toward a sustainable 
economy” (GBS, 2018). The bioeconomy initially emerged as a strategy to utilize 
biological technologies, particularly biotechnology, more effectively. However, this 
concept has since evolved into a broader vision centered on sustainable development, 
aligning with the Sustainable Development Goals (IICA, 2020).

Second-degree concepts of importance
Currently, the production and management of natural resources are crucial to global 
well-being, which is why the bioeconomy vision presents significant opportunities in 
agri-food production. Production and forestry are the two areas that hold significant 
importance.

Production. Humanity is confronting significant challenges, including the depletion 
of fossil fuel supplies, the degradation of natural resources, and the acceleration of 
climate change. The bioeconomic model presents a transformative approach focused 
on developing renewable biological resources and converting them into high-value 
products. This strategy aims to address these challenges sustainably and effectively 
(Mougenot and Doussoulin, 2022). Achieving this goal requires both interdisciplinary 
and multidisciplinary approaches, as well as new insights into the use of by-products 
and waste. This shift drives the growth of bioenergy (Biancolillo et al., 2020) and 
biofuel production, paving the way toward fulfilling the Sustainable Development 
Goals (Nazari et al., 2021).

Forestry. Silviculture is a vital discipline within forestry sciences that focuses on forest 
management and regeneration. It utilizes established strategies and techniques for 
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regenerating tree species, based on knowledge of species autoecology as well as the 
ecology and dynamics of forests (Bannister et al., 2016). This approach has resulted 
in the publication of 225 documents by 567 organizations across 44 countries, 
concentrating on the forest bioeconomy. This bioeconomy is closely associated with 
three key concepts: sustainable development, bioenergy generation, and climate 
change mitigation (Biancolillo et al., 2020).

Third-degree concepts of importance
Aspects related to the concepts of innovation, biomass, and biotechnology have been 
identified, specifically focusing on tools for transforming waste from traditional 
production systems, now commonly referred to as biomass. The convergence of 
bioeconomy with these concepts creates a dynamic environment ripe for change. 
Innovations in developing processes and products not only diversify sources of raw 
materials, thereby reducing dependence on non-renewable resources, but also foster 
the emergence of new industries and job opportunities.
Innovation. The concept of innovation was first articulated by the esteemed economist 
Joseph Alois Schumpeter in his work “The Theory of Economic Development.” He 
suggested that economic development is shaped by research and new knowledge, 
which in turn leads to innovations that create new techniques and production methods 
(Schumpeter, 2017). The Oslo Manual further defines innovation as the introduction 
of a new or significantly enhanced product, service, or good; a process; a marketing 
strategy; or a novel organizational method within a company’s internal operations 
(OECD, 2005).
In the face of rapid climate change, it is vitally important to rethink the way biological 
resources are produced, consumed, transformed, stored, recycled, and disposed of. 
Advances in bioeconomy research and the integration of innovative technologies will 
enhance the management of renewable biological resources and foster the development 
of new markets for food and bioproducts (López-Feria and Barrero-Domínguez, 2021). 

Biomass. The European Union defines biomass as “the biodegradable fraction of 
products, waste, and residues from agriculture, including vegetable and animal 
substances” (Olmo, 2018). Several centuries ago, during the Industrial Revolution, 
biomass was the primary source of energy worldwide. However, today, dependence 
on oil is evident. Due to environmental concerns, a return to cleaner energy sources 
is being considered to reduce pollution. The bioeconomy model leads to a change 
focused on a more sustainable economy, which can be achieved by accepting and 
implementing circular production models. The bioeconomy is becoming increasingly 
important as biomass is recognized as a key resource that integrates processes and 
enables the creation of high-value-added products (Carbonell et al., 2021). Within 
the Mexican framework, a wide range of by-products from agriculture, livestock, 
fisheries, forestry, and agro-industry can be utilized in the generation of biomass for 



Agrociencia 2026. DOI: https://doi.org/10.47163/agrociencia.v60i1.3254
Scientific Article 120

the sustainable production of biological resources and to meet the nation’s energy 
demands (SADER, 2019).

Biotechnology. The connection between biotechnology and bioeconomy is essential, 
as biotechnology enables the management of biological organisms and processes 
for practical purposes. The bioeconomy benefits from biotechnology to enhance 
production efficiency, innovate in the development of new products, and use biological 
resources more effectively. It is argued that advances in biotechnology have driven the 
emergence of the bioeconomy (Konstantinis et al., 2018). Conversely, the bioeconomy 
offers an opportunity for the development of biotechnology (de la Cruz-Borrego and 
Caballero-Rico, 2021) and the creation of new products to enhance the efficient use 
of biomass generated in production processes, thereby promoting sustainability and 
innovation.
Europe is mapping out a unified path in the field of bioeconomy, based on research 
and technological innovation in multiple biotechnology applications (from de Besi and 
McCormick, 2015). Globally, several countries have integrated bioeconomy into their 
strategic policies (Carbonell et al., 2021). The three areas identified show us the lines of 
work pursued by the bioeconomy in the field of agricultural and biological sciences, 
requiring strategies and policies in different geographical areas (local, state, regional, 
national, and global), as well as the integration of multiple actors, both public and 
private, to achieve sustainable and permanent development for future generations.

Political importance of bioeconomy
Bioeconomy shares a common goal with sustainable policies, which is the need to 
establish a regulatory framework that promotes and facilitates practices to achieve 
an “environmentally friendly” economic model. Kröger and Raitio (2017) analyzed 
forestry policy in terms of sustainability goals and how to harmonize different 
dimensions. Bioeconomy emerges as a pillar in the search for sustainable and efficient 
economic growth to transition to a society with a strong dependence on renewable 
biological resources (Kleinschmit et al., 2014; Lombeyda, 2020). This scenario 
stipulates that related public policies should foster interdisciplinary approaches to 
study, innovation, and knowledge generation (Paltaki et al., 2021). The bioeconomy 
is becoming the central axis of progress, with continuous growth, which has already 
been adopted in the national development plans of several countries (Sanz-Hernández 
et al., 2019).
In this context, Mexico shows a degree of weakness in promoting public policies that 
encourage bioeconomy, as well as in making informed decisions regarding products 
derived from forest resources. At this turning point, it is crucial to capitalize on the 
opportunities presented by Mexico to develop a new economic model that aligns with 
environmental sustainability (de la Cruz-Borrego and Caballero-Rico, 2021).
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CONCLUSIONS
Three general levels or strands were identified that outline the guidelines for 
bioeconomy in the field of agriculture and biological sciences: the first level is 
sustainable development; the second is forestry and production; and the third is 
innovation, biomass, and biotechnology. Intertwining these elements forms a holistic 
approach that aims to balance responsible biological resource exploitation with 
economic growth and sustainability. The analysis carried out confirmed that research 
on bioeconomy in the area of agriculture and biological sciences shares the same 
aspects.
One limitation of the study was that only scientific articles within the fields of 
agriculture and biological sciences were considered. Research on bioeconomy should 
be expanded in a more general context, and the findings should be linked to public 
policy to support more informed decision-making for the proper implementation of 
bioeconomy in various sectors of the economy.
The insights derived from this analysis can direct subsequent research, influence the 
formulation of context-specific public policies, and promote the advancement of the 
bioeconomy paradigm. The relationship between bioeconomy and public policy is 
crucial, as well-designed policies can promote the adoption of bioeconomic practices 
and foster markets centered on renewable biological resources. As the bioeconomy 
continues to evolve, it plays a vital role in seeking innovative and sustainable solutions 
to address both current and future challenges.
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ABSTRACT
This study investigates the complex impacts of climate change on Saudi Arabia’s ecosystems, 
focusing on two major challenges: biodiversity loss and water scarcity. Using structural equation 
modeling (SEM), the research evaluates the effectiveness of national adaptation strategies 
that integrate biodiversity conservation, water resource management, and climate policy. 
The analysis examines sustainable agricultural practices, biodiversity protection programs, 
and advanced water conservation technologies. The results identified water scarcity as the 
most critical issue, with renewable water resources expected to decline by 20–30 % by mid-
century. Biodiversity loss, particularly among endemic species such as the Arabian oryx, also 
emerged as a severe threat. Results point out the need to expand desalination capacity, promote 
agroecological farming, and strengthen ecosystem restoration initiatives, alongside public 
awareness and environmental education to foster long-term resilience. Aligning adaptation 
strategies with Saudi Arabia’s Vision 2030 framework is essential to support economic 
diversification, safeguard natural resources, and enhance ecological sustainability.

Keywords: water scarcity, biodiversity loss, sustainable agriculture, ecosystem resilience.

INTRODUCTION
Climate change represents one of the most critical global challenges, with profound 
effects on ecosystems, economies, and societies. In Saudi Arabia, the consequences are 
particularly acute due to the country’s arid climate, limited freshwater resources, and 
dependence on oil-based economic structures. Situated in one of the driest regions 
worldwide, the Kingdom faces intensifying water scarcity, biodiversity degradation, 
and growing threats to sustainable development.
The scarcity of freshwater remains one of Saudi Arabia’s most pressing environmental 
challenges. Recurrent droughts, rising temperatures, and over-extraction of 
groundwater have accelerated resource depletion, while energy-intensive desalination 
contributes to carbon emissions (Chowdhury and Al-Zahrani, 2013; Rashed, 2025). 
Climate change intensifies desertification, especially in areas like the Rub’ al-Khali, 
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resulting in soil degradation, decreased agricultural productivity, and the extinction of 
species adapted to arid environments (Shayanmehr et al., 2022; Toukabri and Chaabi, 
2025). Coastal ecosystems, especially coral reefs and mangroves along the Red Sea and 
the Arabian Gulf, face additional stress from sea-level rise, ocean acidification, and 
extreme weather events, threatening marine biodiversity and fisheries (Cooper and 
Hiscock, 2024).
These environmental pressures have far-reaching socioeconomic implications. 
Agriculture and food security are highly vulnerable to climate variability, as water-
intensive crops experience yield declines and dependence on food imports increases 
(Zhang et al., 2025). Public health is also affected by rising temperatures and the spread 
of vector-borne diseases (Ebi and Semenza, 2008). From an economic perspective, the 
dual challenges posed by climate impacts and the global energy transition highlight 
the pressing need for economic diversification, which is a key goal of Saudi Vision 
2030 (Namdar et al., 2021).
In response, the Kingdom has accelerated its transition toward renewable energy 
and sustainable resource management. Large-scale solar projects, green hydrogen 
initiatives, and innovations such as solar-powered desalination and wastewater 
recycling are reshaping the national energy and water landscape (Rashed, 2025). 
Concurrently, initiatives such as the Green Saudi Initiative and the Green Middle East 
Initiative demonstrate increasing regional leadership in combating desertification 
and promoting carbon neutrality. Technological advancements, including artificial 
intelligence and blockchain, further enhance monitoring, forecasting, and efficiency 
across energy and agricultural systems (Hughes, 2003).
While there is an increasing amount of research on climate change in arid regions, 
there is a lack of empirical studies that quantitatively explore the relationships 
among biodiversity loss, water scarcity, and adaptation strategies in Saudi Arabia 
using advanced modeling techniques. The effectiveness of current climate adaptation 
strategies remains insufficiently evaluated, as existing studies have largely focused 
on sector-specific impacts with limited integration across biodiversity, water 
management, and climate policy.
This study addresses this gap by assessing the effectiveness of Saudi Arabia’s adaptation 
strategies using structural equation modeling (SEM). The analysis identifies the main 
pathways of ecosystem vulnerability to climate change, evaluates the performance of 
current adaptation measures in key sectors such as energy, agriculture, and water, 
and proposes innovative and integrated strategies to strengthen ecological resilience 
in alignment with Vision 2030.

MATERIALS AND METHODS

Research hypotheses
Climate change exerts multifaceted environmental and socio-economic impacts, 
particularly in arid regions such as Saudi Arabia. Previous studies have established 
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theoretical relations between climatic shifts and ecosystem vulnerability, emphasizing 
effects on heatwave frequency, water availability, and biodiversity integrity (Thomas 
et al., 2004; Milly et al., 2005; IPCC, 2021). Empirical evidence further shows that 
extreme temperatures and water stress increase energy demand and mortality risks, 
reinforcing the need for adaptive approaches such as integrated water resources 
management (Blinda and Thivet, 2009; GWP, 2000).
Building on these theoretical and empirical foundations, this study formulates a set 
of hypotheses to systematically examine the direct and indirect relationships among 
climate change, water scarcity, biodiversity loss, and adaptation measures in the Saudi 
context: Climate change is expected to increase both the frequency and intensity of 
extreme heatwaves (H1). These heatwaves will increase mortality rates (H2a) and lead 
to greater energy consumption (H2b). Climate change is expected to exacerbate water 
scarcity (H3), which requires the adoption of new water management strategies (H4). 
Climate change is believed to contribute directly to biodiversity loss (H5). Integrated 
water management solutions are considered necessary to address these issues and 
reduce water scarcity (H6). The increasing adoption of water-saving technologies 
is also considered a key adaptation strategy under climate change conditions (H7). 
Lastly, it is hypothesized that the relationship between adaptation strategies and 
climate change is mediated by water scarcity (H8).

Research design
This study utilized a quantitative research design to investigate the effects of 
climate change on Saudi Arabia’s ecological systems and to assess the effectiveness 
of adaptation strategies. The quantitative approach is particularly appropriate for 
examining large-scale environmental datasets, identifying causal and correlational 
relationships among variables, and providing statistical evidence to support policy 
recommendations. Such an approach allows for the systematic evaluation of how 
climate variables influence biodiversity, water resources, and socio-economic factors.
This design is consistent with established methodologies used in climate impact 
research and adaptation assessments, particularly in arid and semi-arid regions 
(Fussel, 2009; Mertz et al., 2009). Furthermore, it builds upon recent empirical studies 
that utilize quantitative modeling to analyze ecosystem vulnerability and resilience 
under changing climatic conditions (El-Rawy et al., 2023; Scicluna and Galdies, 2025).

Data collection
This study used both primary and secondary data to provide comprehensive, multi-
perspective insights into the impacts of climate change and the adaptation strategies 
in Saudi Arabia. A structured questionnaire was used to collect primary data from 
327 people, including government officials, environmental experts, and community 
representatives. The survey incorporated both closed-ended questions (Likert-scale 
and multiple-choice) and open-ended questions, enabling quantitative and qualitative 
assessment of adaptation practices and their perceived effectiveness (Creswell and 
Creswell, 2018).
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A stratified random sampling approach was used to ensure representation from key 
sectors (agriculture, water resources, energy, and biodiversity conservation) as well 
as across major regions. A pilot test with 20 participants was conducted to refine the 
questionnaire and ensure clarity, reliability, and construct validity (DeVellis, 2017). 
All research procedures complied with institutional ethical standards. Approval was 
obtained from the relevant ethics committee, informed consent was secured from 
all participants, confidentiality was maintained, participation was voluntary, and 
respondents were free to withdraw at any stage without penalty (Andersson and 
Keskitalo, 2018; Rana et al., 2021).
Secondary data were obtained from reputable national and international sources, 
including the Saudi Ministry of Environment, Water and Agriculture (MEWA, 2024), 
the General Authority for Statistics (GASTAT, 2024), the World Bank (2024) open 
data, and the United Nations Environment Program (UNEP, 2024). These datasets 
provided indicators related to temperature trends, CO2 emissions, water and energy 
consumption, agricultural output, and renewable resource utilization.
The strategic adaptation framework was structured around four core variables. Climate 
change, as the independent variable, was measured using indicators of temperature 
change, drought frequency, heatwaves, and precipitation patterns (Fussel, 2009; IPCC, 
2021). Adaptation strategies, modeled as a mediating variable, encompassed water 
management innovations, agroecological practices, and biodiversity conservation 
initiatives (El-Rawy et al., 2023; Scicluna and Galdies, 2025). Ecological vulnerability, 
considered as the dependent variable, was assessed through land degradation, water 
scarcity, and biodiversity loss (Pörtner et al., 2023), while ecosystem resilience was 
evaluated using indicators of recovery capacity, biodiversity regeneration, and post-
disturbance agricultural productivity (Adger, 2005; Smit and Wandel, 2006).

Data analysis
Data were analyzed using IBM SPSS Statistics 27.0 and AMOS 26.0 (IBM Corp., 
Armonk, NY, USA). The analytical framework integrated descriptive statistics, 
correlation analysis, multiple regression, and structural equation modeling (SEM) 
to test the proposed hypotheses and examine relationships among climate change 
variables, adaptation strategies, and ecosystem resilience.
Descriptive statistics were used to summarize participants’ demographic characteristics 
and overall trends in stakeholder perceptions of climate impacts and adaptation 
responses (Creswell and Creswell, 2018). Pearson’s correlation analysis then identified 
significant associations between climate indicators, such as temperature increases and 
precipitation variability, and measures of ecological vulnerability, including water 
scarcity and biodiversity loss, assessing both the strength and direction of linear 
relationships (Gbetibouo, 2009; Mertz et al., 2009).
Multiple regression analysis was used to evaluate the predictive effects of climate 
change variables on ecological vulnerability and to assess the moderating role of 
adaptation strategies and policy interventions (Field, 2013). To test the hypothesized 
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causal pathways, SEM was conducted using AMOS to estimate direct and indirect 
effects and examine interdependencies among climate change, heatwave frequency, 
energy consumption, mortality, water scarcity, biodiversity loss, and ecosystem 
resilience. SEM is widely used for testing theoretical models in environmental and 
climate research (Bollen, 1989; Byrne, 2010).
Instrument reliability and validity were assessed. Internal consistency was evaluated 
using Cronbach’s alpha, with values above 0.7 indicating acceptable reliability 
(Cronbach, 1951). Confirmatory factor analysis (CFA) was performed to validate the 
measurement model and confirm the construct validity of latent variables (Hair et 
al., 2010). Overall, this analytical approach provided a statistically robust basis for 
interpreting the effects of climate change on ecological vulnerability and the role of 
adaptation and policy measures to enhance ecosystem resilience in Saudi Arabia.

RESULTS AND DISCUSSION

Model fit, validity, and robustness of the structural model
The proposed structural equation model demonstrated strong overall fit to the 
observed data (Table 1). The Comparative Fit Index (CFI = 0.96) and Tucker–Lewis 
Index (TLI = 0.94) exceeded the recommended threshold of 0.9, indicating a well-fitting 
and parsimonious model. Similarly, the Root Mean Square Error of Approximation 
(RMSEA = 0.05) and the Standardized Root Mean Square Residual (SRMR = 0.04) 
were below the accepted cutoff of 0.08, reflecting minimal residual variance and close 
correspondence between observed and predicted covariance matrices. The chi-square 
to degrees of freedom ratio (CMIN/df = 2.45) also fell within the acceptable range 
(<3.0).
Together, these indicators confirm that the structural model is statistically robust and 
theoretically coherent, supporting reliable interpretation of the causal relationships 
among climate change, water scarcity, biodiversity loss, adaptation strategies, and 
ecosystem resilience. The high CFI and TLI values, in particular, suggest that the 

Table 1. Model fit indices for the proposed structural equation model.

Fit index Value Threshold Interpretation

CFI 0.96 >0.90 Good
TLI 0.94 >0.90 Good

RMSEA 0.05 <0.08 Acceptable
SRMR 0.04 <0.08 Good

CMIN/df 2.45 <3.00 Good

CFI: comparative fit index; TLI: Tucker-Lewis index; RMSEA: root mean 
square error of approximation; SRMR: standardized root mean square 
residual; CMIN/df: chi-square divided by degrees of freedom.
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hypothesized interdependencies provide an empirically valid representation of 
climate-ecosystem dynamics in Saudi Arabia.
Discriminant validity was assessed using the Fornell-Larcker criterion. The square 
root of the average variance extracted (AVE) for each construct (Table 2) exceeded its 
correlations with other constructs, confirming adequate discriminant validity (Fornell 
and Larcker, 1981). These results indicate that climate change, heatwave frequency, 
water scarcity, adaptation strategies, and mortality represent empirically distinct 
constructs that contribute uniquely to the model, reinforcing the reliability of the 
measurement framework.

Table 2. Fornell-Larcker discriminant validity assessment for the measurement 
model constructs.

CC HEAT WS AS MORT

AVE 0.72 0.68 0.75 0.70 0.67
Square Root of AVE 0.85 0.82 0.87 0.84 0.82

Correlations 
with other 
constructs

HEAT 0.65 0.52
WS 0.72

MORT 0.52
EC 0.47
AS 0.60

WST 0.55

CC: climate change; HEAT: heatwave frequency; WS: water scarcity; AS: 
adaptation strategies; MORT: mortality; AVE: average variance extracted; EC: 
energy consumption; WST: water-saving technologies.

To further test model stability, a sensitivity analysis was conducted by systematically 
adjusting key parameters related to climate change intensity, water scarcity, and 
policy interventions (Table 3). A 10 % increase in climate change intensity produced 
only a minor increase (+0.05) in the path coefficient linking climate change to 
ecosystem vulnerability, indicating stability under moderate stress conditions. 
Reducing water scarcity by 10 % resulted in a small decline (-0.07) in the coefficient 
associated with adaptation strategies, suggesting that improved water availability 
slightly reduces adaptive pressure without altering its significance. The inclusion 
of policy interventions strengthened the effects of adaptation strategies and energy 
consumption (+0.08), reflecting the moderating role of governance and climate policy. 
Overall, these findings confirm the internal consistency and robustness of the model.
Prior to hypothesis testing, descriptive statistics were examined to contextualize 
stakeholder perceptions of climate change impacts and adaptation measures, as 
well as prevailing environmental conditions during the study period. This analysis 
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revealed baseline patterns in awareness, perceived environmental stress, and 
resource management practices, providing an interpretive foundation for subsequent 
SEM results. These perceptions showed the interpretation of direct, mediating, and 
moderating effects examined in the following analyses.

Effects of climate change on ecological and socio-economic outcomes
The structural model revealed strong and statistically significant direct relationships 
among all hypothesized variables (p < 0.001), with standardized path coefficients 
ranging from 0.47 to 0.75 (Table 4). Climate change showed a substantial positive 
dependence on heatwave frequency and intensity (β = 0.65), supporting H1 and 
confirming that broader climatic shifts directly explain variability in heatwave 
occurrence. This finding aligns with global climate projections predicting intensified 
heat extremes under global warming scenarios (Seneviratne et al., 2012).

Table 3. Sensitivity analysis of structural model parameters under climate and policy 
scenario adjustments.

Parameter adjustment Path coefficient change Conclusion

Increase in climate 
change intensity (10 %) +0.05 No significant change in 

model fit

Decrease in water 
scarcity (10 %) -0.07

Small decrease in path 
coefficient for adaptation 

strategies

Introduction of policy 
interventions +0.08

Increased effect on adaptation 
strategies and energy 

consumption

Table 4. Hypothesis testing results and path coefficients for the structural model.

Hypothesis Estimate 
(β)

Standardized 
estimates

Standard 
error

Critical 
Ratio p-value Conclusion

H1 0.65 0.70 0.12 5.42 <0.001 Supported
H2a 0.52 0.60 0.11 4.73 <0.001 Supported
H2b 0.47 0.55 0.09 5.22 <0.001 Supported
H3 0.72 0.75 0.10 5.14 <0.001 Supported
H4 0.60 0.65 0.08 4.62 <0.001 Supported
H5 0.58 0.62 0.09 5.27 <0.001 Supported
H6 0.70 0.75 0.06 7.00 <0.001 Supported

CC: climate change; HEAT: heatwave frequency and intensity; WS: water scarcity; AS: adaptation 
strategies; MORT: mortality rate; EC: energy consumption; WST: water-saving technologies.
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Heatwaves exhibited a significant positive dependence on mortality rates (β = 0.52), 
supporting H2a and demonstrating a clear relationship between climatic extremes and 
public health outcomes (McMichael et al., 2006; Arbuthnott and Hajat, 2017). Heatwaves 
also showed a direct dependence on energy consumption (β = 0.47), confirming H2b 
and indicating that rising temperatures drive increased cooling demand and climate-
sensitive energy use (Li et al., 2015).
A strong dependence between climate change and water scarcity was observed (β = 0.72), 
supporting H3 and demonstrating the role of temperature, precipitation variability, 
and evaporation in water availability (Vörösmarty et al., 2000; Kundzewicz, 2008). 
Water scarcity, in turn, significantly influenced the adoption of adaptation strategies 
(β = 0.6), which validates H4 and indicates that worsening resource constraints directly 
stimulate adaptive management responses (Liu et al., 2022).
Climate change also showed a significant dependence on biodiversity loss (β = 
0.58), confirming H5 and highlighting ecosystem sensitivity to climatic stressors, 
particularly in arid environments (IPCC, 2014; Pimm et al., 2014). Finally, adaptation 
strategies relied heavily on using water-saving technologies (β = 0.7), which supports 
H6 and emphasizes the critical role of effective governance and planning in facilitating 
sustainable technological advancements (Liu et al., 2022).

Mechanisms shaping adaptation responses
The mediation analysis confirmed that water scarcity fully mediates the relationship 
between climate change and adaptation strategies (indirect effect: β = 0.55, p < 0.001). 
This shows that climate change does not trigger adaptation directly; instead, its 
influence operates through increasing water stress, which compels the implementation 
of adaptive resource management practices. Water scarcity thus emerges as a central 
mechanism linking climatic stress to policy and technological responses.
In addition, policy interventions were found to significantly moderate the relationship 
between climate change and heatwave frequency (β = 0.4, p < 0.001). Regions with 
stronger policy frameworks and mitigation measures had a weaker climate-heatwave 
relationship, showing the buffering role of governance and regulatory capacity. This 
finding is consistent with prior research emphasizing institutional effectiveness as a 
key determinant of climate resilience (Adger et al., 2005).

Theoretical implications
The path analysis, mediation and moderation tests, and sensitivity analysis show 
how climate change, ecological vulnerability, and adaptation strategies are connected 
in Saudi Arabia. Climate change directly drives heatwave frequency, water scarcity, 
biodiversity loss, and energy consumption, while indirectly shaping adaptive 
responses through water stress. Policy interventions play an important moderating 
role by reducing the severity of climatic impacts, particularly heat extremes.
The vulnerabilities associated with heatwaves, water scarcity, and biodiversity loss 
confirm the heightened sensitivity of Saudi Arabia’s arid environment to climate 
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stressors (Chowdhury and Al-Zahrani, 2013; Shayanmehr et al., 2022; Rashed, 2025; 
Toukabri and Chaabi, 2025). The mediating role of water scarcity supports theoretical 
claims that environmental pressures function as key drivers of adaptation (Blinda and 
Thivet, 2009; Taabni and El Jihad, 2012; Liu et al., 2022), while the moderating effect of 
policy interventions reinforces the importance of governance in enhancing resilience 
(Adger et al., 2005; Namdar et al., 2021). The results also align with the proposed need 
for integrated, multi-dimensional adaptation strategies combining technological, 
ecological, and policy measures (Fussel, 2009; El-Rawy et al., 2023; Scicluna and 
Galdies, 2025).

Policy implications and practical applications
The findings provide clear guidance for climate policy in Saudi Arabia. Given the 
mediating role of water scarcity, integrated water management should remain central 
to national resilience strategies, including renewable-energy-powered desalination, 
precision irrigation, and wastewater recycling to reduce freshwater dependence and 
carbon emissions (Blinda and Thivet, 2009; Liu et al., 2022; Rashed, 2025).
The moderating effect of policy interventions demonstrates the value of governance 
capacity in mitigating climate risks. Effective measures include early-warning 
systems for extreme heat, climate-responsive urban design, and incentives for energy-
efficient cooling technologies, which enhance public health preparedness and energy 
sustainability (Adger et al., 2005; Namdar et al., 2021).
The strong dependence of adaptation strategies on water-saving technologies further 
shows the need for innovation-oriented policies. Promoting drought-resistant crops, 
smart irrigation, and ecosystem monitoring tools, supported by digital technologies 
such as artificial intelligence, can enhance predictive capacity and optimize resource 
allocation (El-Rawy et al., 2023; Scicluna and Galdies, 2025).
Aligning these measures with Saudi Arabia’s Vision 2030 ensures an adequate approach 
to climate resilience, ecological protection, and socio-economic development. Effective 
implementation will require strengthened coordination among the water, energy, and 
agricultural sectors. Overall, the combined information here shows how governance, 
technology, and ecosystem management can work together to improve our ability to 
adapt to growing climate risks.

CONCLUSION
This study quantitatively evaluates the impacts of climate change on Saudi Arabia’s 
ecosystems and the effectiveness of adaptation strategies. The results show that 
climate change intensifies heatwaves, water scarcity, and biodiversity loss, while 
policy interventions and adaptive measures significantly mitigate these effects. The 
mediating role of water scarcity and the moderating role of governance highlight 
the importance of strong institutions and coherent policy frameworks for climate 
resilience.
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The findings empirically validate links between ecological vulnerability, adaptation 
behavior, and policy effectiveness in arid contexts and support Saudi Vision 2030 by 
emphasizing integrated adaptation policies that combine renewable energy, ecosystem 
conservation, and technological innovation. Limitations include reliance on secondary 
data, which may not capture local or temporal variability. Future research should 
apply longitudinal designs and real-time environmental data to improve predictive 
capacity.
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ABSTRACT
Agriculture forms the backbone of human civilization by ensuring food security, economic 
growth, and rural development. However, farmers face significant challenges in selecting suitable 
crops due to variability in soil nutrients, pH levels, and unpredictable weather conditions, often 
leading to reduced productivity and soil degradation. Indian farmers experience seasonal 
yield losses due to inappropriate crop selection and limited scientific guidance. Existing crop 
recommendation systems largely rely on static datasets or conventional machine learning 
models with limited integration of real-time data, resulting in moderate accuracy levels of 80–
90 % and limited adaptability to field variability. To overcome these limitations, the proposed 
system integrates soil properties and weather conditions using Internet of Things (IoT)-driven 
data collection. Soil and weather sensors connected through a Long Range (LoRa) gateway 
collect real-time environmental data, which are processed using the XGBoost algorithm in a 
cloud environment for accurate crop prediction. The developed system achieved 99 % accuracy, 
outperforming Decision Tree, Random Forest, and Artificial Neural Network (ANN) models, 
and provides a reliable, scalable, and sustainable decision-support tool for data-driven precision 
agriculture.

Keywords: machine learning, Internet of Things, LoRa gateway, soil sensor, weather sensor, 
crop recommendation system.

INTRODUCTION
Agriculture is essential for national wealth and plays a significant role in economic 
development. In India, a predominantly agrarian country with a population exceeding 
1.2 billion, approximately 70 % of the population is engaged in agriculture, producing 
a diverse range of food products and raw materials, such as jute and cotton, which 
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are inputs for industries that manufacture everyday goods. Farming increases food 
production and provides materials needed for commercial manufacturing. Traditional 
agricultural practices remain widely used and include hand planting, crop rotation, 
harvesting, agroforestry, terracing, seed saving, polyculture, and subsistence farming. 
While these practices are based on long-standing knowledge, they are labor-intensive, 
time-consuming, and often inefficient.
Farmers face numerous challenges arising from both natural and human-induced 
factors, such as soil erosion, climate change, biodiversity loss, limited capital and labor, 
and water scarcity. One of the most significant challenges is the selection of suitable 
crops and fertilizers based on specific soil conditions. Advances in technology and 
data science have contributed to the progress of precision agriculture. The Internet 
of Things (IoT) consists of interconnected networks of smart devices and sensors that 
facilitate continuous data communication and exchange. These systems empower 
farmers to make data-driven decisions using advanced analytics and machine learning 
algorithms, resulting in improved yields, optimized resource utilization, and more 
sustainable farming practices.
Proper crop selection based on soil type is essential for sustainable farming and optimal 
productivity, as factors such as soil nutritional content, pH, drainage capacity, and 
texture significantly influence crop growth and development. Sivasubramanian et al. 
(2025) created an application designed to identify the crops most suited to the specific 
soil characteristics of a given location. This innovation enables farmers to enhance yields 
while simultaneously reducing input costs and minimizing environmental impacts. 
Additionally, Kumar et al. (2025) introduced a model for predicting weather using 
multivariate time-series data that combines a Secondary Decomposition Network with 
a Self-Attentional Spatio-Temporal Learning Network (SASTLNet). Their approach 
utilizes Singular Spectrum Decomposition with Fuzzy Entropy (SSD-FE) to filter out 
irrelevant components and isolate essential meteorological information.
In the field of remote sensing, Alotaibi et al. (2024) introduced the Dipper-Throated 
Optimization Deep Convolutional Neural Network Crop Classification (DTODCNN-
CC) framework for crop classification using imagery. This framework employs 
GoogleNet-based Deep Convolutional Neural Networks (DCNNs) to extract high-
level visual features. The hyperparameters are optimized through the Dipper-
Throated Optimization algorithm, while an Extreme Learning Machine classifier, 
enhanced by a Modified Sine Cosine Algorithm, achieves improved classification 
accuracy. Additionally, Selvanarayanan et al. (2024) presented an RNN-IoT model 
that integrates artificial intelligence (AI) and IoT sensors to monitor soil health 
in coffee plantations. This model utilizes real-time soil and weather data analyzed 
through Recurrent Neural Networks (RNNs) and Gated Recurrent Units (GRUs) to 
enhance prediction accuracy, monitoring efficiency, and decision-making compared 
to traditional methods.
Several studies have focused on integrated machine learning and IoT-based crop 
recommendation systems. Abdullahi et al. (2024) proposed an ensemble machine 
learning and IoT-based approach aimed at enhancing agricultural productivity in 
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Somalia, identifying the Decision Tree classifier as the most effective method for 
crop suggestion. Sravanthi and Moparthi (2024) developed a Multi-Kernel Kronecker 
Guided Pelican CNN for crop recommendation based on soil data, in addition to a 
Combined Graph Sample and Aggregate Network designed for disease prediction, 
fertilizer recommendation, and disease management. Gopi and Karthikeyan (2023) 
introduced the Red Fox Optimization-Ensemble RNN (RFOERNN-CRPY) framework 
for crop recommendation and yield prediction for comparative performance analysis.
Agrawal et al. (2024) utilized a Multi-Criteria Decision Analysis (MCDA) approach 
through the Analytical Hierarchy Process (AHP) to recommend crops such as 
mustard and wheat, considering soil, climatic, and topographic factors. Tanaka et al. 
(2024) applied Support Vector Machine (SVM), Random Forest, and Artificial Neural 
Network (ANN) algorithms trained on datasets encompassing eight soil types to 
support crop and fertilizer recommendations. Finally, Asadi and Shamsoddini (2024) 
assessed machine learning, object-based, and deep learning methods for crop type 
mapping using radar and optical imagery.
Beyond crop selection, several studies have explored broader agricultural decision-
support systems. Chelliah et al. (2022) introduced a machine learning framework 
aimed at predicting market demand and improving coordination between farmers 
and financial institutions, facilitating better utilization of government schemes. 
Momenpour et al. (2024) conducted a bibliometric analysis of machine learning-
based crop harvest forecasting, examining knowledge structures, research trends, 
and collaboration networks. Attri et al. (2023) examined the applications of machine 
learning in agriculture, classifying them into categories including weed and pest 
identification, plant disease detection, stress alleviation, smart farming, and crop 
harvesting diagnostics.
Chipatela et al. (2024) used artificial intelligence to analyze soybean performance with 
climate and edaphic data and employing a Random Forest classifier with predictors 
like soil phosphorus, pH, organic matter, precipitation, and texture. Sakthipriya and 
Naresh (2024) developed a CNN-based automated image classification method and 
compared its accuracy against established architectures, including ResNet, DenseNet, 
VGGNet, and AlexNet. Zhao et al. (2024) proposed a backpropagation neural network 
optimized using Sand Cat Swarm Optimization (SCSO), Hunter-Prey Optimization 
(HPO), and Golden Jackal Optimization (GJO) to predict the performance of summer 
maize based on meteorological, soil, and crop data from northern China.
Other contributions highlighted the importance of practical deployment and system 
integration. Elbasi et al. (2023) investigated how machine learning and IoT can be 
used in modern agriculture to minimize resource waste by selecting suitable crops 
according to water availability, climate, and soil conditions, utilizing real-time sensor 
data. Krishnan et al. (2023) created a forward-thinking web application that optimizes 
direct crop trading between farmers and retailers. The app has price prediction, 
offline navigation, and ongoing support to help farmers make more money. Reddy et 
al. (2023) found that Naïve Bayes demonstrated superior accuracy and performance 
compared to CNN models. Musanase et al. (2023) proposed a comprehensive crop and 
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fertilizer recommendation system for Rwanda that integrates machine learning with 
rule-based fertilization. Islam et al. (2023) created an IoT-enabled machine learning 
system that employs soil and environmental sensors to monitor nutrients and provide 
real-time crop recommendations.
This study introduces a novel method for crop and fertilizer recommendations based 
on machine learning, utilizing integrated soil and climatic data. It builds upon existing 
approaches that emphasize soil and weather conditions. In developing countries like 
India, farmers often rely on traditional knowledge or guesswork to select crops. This 
approach frequently results in low yields and inefficient resource use. A dedicated, 
evidence-based system that leverages modern technologies, including IoT and 
machine learning, is necessary to provide crop recommendations tailored to real-
time soil and climatic conditions. This research is driven by the desire to bridge the 
gap between technology and agriculture, equipping farmers with tools that facilitate 
intelligent, data-driven decision-making.
This study combined real-time data from soil and weather sensors with IoT-based 
communication via Long Range (LoRa) gateways and utilized cloud computing for 
data storage, preprocessing, and model training. An intelligent recommendation 
model was evaluated using the XGBoost algorithm. The hypothesis posited that 
the amalgamation of sensor data, cloud computing, and IoT communication would 
enhance the precision and promptness of agricultural recommendations. Additionally, 
it was expected that XGBoost would outperform traditional prediction methods under 
varying soil and climatic conditions to enhance resource efficiency, productivity, 
and sustainability. The system is deployable on actual farmland, provides real-
time crop guidance through a user-friendly interface, and is scalable across diverse 
soils and climates. There are also potential future extensions to include fertilizer 
recommendations, pest forecasting, and yield prediction.

MATERIALS AND METHODS
This research utilizes a systematic experimental approach to validate the hypotheses. 
The investigation considers the significant challenges farmers encounter when choosing 
crops under diverse soil and climatic conditions, which are key factors affecting crop 
productivity. Existing forecasting and recommendation systems have limitations, 
such as inappropriate technique selection, weak attribute selection, and suboptimal 
analytical performance, which frequently lead to diminished crop productivity.
A novel technique is proposed in which crop recommendations are based on climate 
and soil health. Soil and weather data are transmitted to the cloud via a LoRa gateway. 
In the cloud, the data undergo preprocessing and are divided into training and testing 
sets in a 70 to 30 % ratio. The XGBoost algorithm then processes the data to update the 
soil and weather conditions, generating appropriate crop recommendations. These 
recommendations are delivered to farmers through a user interface (Figure 1).
It is important to consider the relationships between soil physical and chemical 
properties and crop suitability (Table 1). Various soil textures, such as sandy loam, 
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Figure 1. Architecture of the proposed IoT-XGBoost-based crop recommendation system.

Table 1. Optimal soil physical and chemical parameters for crop suitability.

Parameter Suitable value range Suitable crops

Soil texture
Sandy loam 45 % sand, 35 % silt, 20 % clay Carrots, potatoes, peanuts
Silty loam 50 % silt, 25 % sand, 25 % clay Wheat, soyabean, corn
Clay loam 40 % clay, 30 % silt, 30 % sand Rice, broccoli, kale

Soil texture Aggregated and well-drained Most crops
Soil pH

Acidic 5.0–6.0 Blueberries, potatoes, sweet potatoes
Slightly acidic 6.0–6.5 Tomatoes, corn, soyabeans

Neutral 6.5–7.5 Wheat, oats, barley
Alkaline 7.5–8.0 Asparagus, spinach, beets

Nitrogen(N) 20–40 mg kg-1 Leafy greens, corn, wheat
Phosphorus (P) 30–50 mg kg-1 Beans, peas, root vegetables
Potassium (K) 100–200 mg kg-1 Tomatoes, carrots, potatoes
Organic matter 3–6 % Most crops
Soil moisture 20–30 % field capacity Rice, corn, beans
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silty loam, and clay loam, are suitable for specific crops like carrots, wheat, and rice, 
respectively. Most crops benefit from well-aggregated and well-drained soils, while 
optimal soil pH ranges from acidic to slightly alkaline. Furthermore, adequate nutrient 
contents, including nitrogen, phosphorus, and potassium, as well as levels of organic 
matter and drainage conditions, must be provided to ensure soil fertility and support 
proper crop growth.

Dataset
The data utilized in this project was obtained from publicly accessible Indian databases 
that encompass soil and weather conditions (Crop Recommendation Dataset, available 
at Kaggle, https://www.kaggle.com/datasets/atharvaingle/crop-recommendation-
dataset). This dataset comprises 2200 records featuring seven essential agronomic 
parameters, including nitrogen, phosphorus, potassium, temperature, humidity, pH, 
and rainfall from various agricultural regions across India, ensuring representation of 
diverse soil and climatic conditions.
To maintain data integrity, a comprehensive preprocessing workflow was implemented. 
Duplicate and incomplete entries were eliminated, outliers were detected using the 
interquartile range (IQR) method, and missing values were addressed through median 
imputation. Additionally, all numerical features were normalized using min-max 
scaling to a range of 0–1, ensuring uniformity across the dataset. These procedures 
guaranteed that the dataset utilized for training and testing the XGBoost model was 
clean, consistent, and statistically reliable.

LoRa gateway
The data were transmitted to the cloud through bidirectional Long Range (LoRa) 
gateways that allow users to receive information for real-time analysis and monitoring. 
A LoRa gateway usually receives data from several field-installed sensors that have 
LoRa capabilities. These sensors measure various parameters, including temperature, 
soil moisture, humidity, and other meteorological factors. The gateway features a 
high-sensitivity receiver and a powerful transceiver that operates in unlicensed ISM 
bands, typically at 868 MHz.
Once collected, the data are forwarded to the cloud via backhaul connections such as 
Ethernet, Wi-Fi, or cellular networks. The data are packaged into internet-compatible 
formats, such as MQTT or HTTP, and securely transmitted to cloud servers. In a cloud 
environment, data is stored, processed, and analyzed to generate actionable insights 
related to agricultural conditions. This supports optimized irrigation scheduling, crop 
management strategies, and overall productivity. When farmers request information 
or send commands, the process initiates through the cloud platform, which processes 
the request and transmits the results back to the LoRa gateway as downlink data. The 
gateway subsequently forwards the processed information to authorized users via the 
user interface.
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Data preprocessing
Several procedures are involved in preprocessing data for the XGBoost method to 
ensure efficient training and accurate predictions. Initially, soil data are collected from 
multiple sources, including remote sensing, laboratory analyses, and soil surveys. The 
dataset typically consists of both numerical and categorical variables. During the data 
cleaning stage, outliers and missing values are addressed. If not properly handled, 
outliers can distort the training process and negatively impact model performance. 
Missing values are replaced using appropriate techniques, such as mean or median 
imputation, to ensure the dataset is complete and consistent. The preprocessing stage 
prepares a clean and reliable dataset for subsequent model training and evaluation.
For feature x with mean μ and standard deviation σ, the normalization feature x’ can 
be described as:

𝑥𝑥’ =  𝑥𝑥 − 𝜇𝜇
𝜎𝜎  

In regression tasks, the Mean Squared Error (MSE) is commonly used to appraise the 
model’s performance. For predicted values ŷi and actual values yi, MSE is determined 
as:

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛 ∑ (𝑦̂𝑦𝑖𝑖

𝑛𝑛

𝑖𝑖=1
− 𝑦𝑦𝑖𝑖)2 

Data splitting
Training a robust machine learning model requires both the training and testing sets to 
be highly representative (Figure 2). To achieve this, a fair split ratio and the sampling 
strategy were established in advance. While there is still no consensus on the ideal 
train-test split ratio, the Pareto principle serves as the foundation for the commonly 
recommended 80:20 ratio.

XGBoost algorithm
The XGBoost algorithm effectively handles complex interactions and patterns in 
data, making it an ideal choice for crop recommendations based on soil conditions. 
In this study, soil-related attributes, including pH, nutrient content, texture, drainage 
capacity, historical crop yields, and crop compatibility across soil types, were utilized 
to train the model. Through this training process, XGBoost identified the relationships 
and trends that connect soil characteristics to agricultural productivity.
To enhance model reliability and prevent overfitting, XGBoost’s built-in regularization 
mechanisms were utilized. To discourage too much model complexity and encourage 
sparsity in feature weights, both L1 (Lasso) and L2 (Ridge) regularization terms 
were added to the objective function. Early stopping was used to halt training when 
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the validation loss did not decrease for 20 consecutive rounds, ensuring controlled 
learning. Additionally, 10-fold cross-validation was implemented to verify model 
stability by rotating training and testing folds and calculating mean performance 
scores across iterations. Hyperparameters such as maximum depth, learning rate, 
subsample, and column sample per tree were optimized through grid search. These 
strategies established an effective validation framework, mitigated overfitting, and 
ensured that the reported performance accurately reflects true predictive capability 
rather than mere memorization of the training data.

Cross-validation
To ensure that the trained XGBoost model generalized effectively to unseen data, 10-
fold cross-validation was used during the training phase. The dataset was randomly 
divided into 10 equal subsets. In each iteration, nine subsets were used for training, 
while one subset was reserved for testing. This process was repeated until each subset 
had served as the validation fold once. The final performance metrics were calculated 

Figure 2. Distribution of soil and climatic parameters across training and testing datasets.
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by averaging the results across all folds, which helped reduce overfitting and provided 
a stable and reliable estimation of performance indicators.
After training and validation, the model was used to recommend suitable crops for 
specific soil types. Using soil data from a given location, the trained XGBoost model 
predicted either crop suitability or expected yield. This capability depended on the 
model’s ability to generalize from the training data by effectively leveraging the 
relationships identified between soil properties and crop growth. XGBoost optimized 
an objective function that integrated a loss term with a regularization component:

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 =∑ 𝐿𝐿(𝑦𝑦𝑖𝑖
𝑛𝑛

𝑖𝑖=1
, 𝑦̂𝑦𝑖𝑖) +∑𝛺𝛺(𝑓𝑓𝑘𝑘)

𝐾𝐾

𝑘𝑘=1
 

where L(yi, ŷi) is the loss function that calculates the variation across the values that are 
real (ŷi) and expected (yi), Ω(fk) is the is the regularization term that prevents excessive 
fitting by penalizing intricate models, and fk symbolizes the collective’s k-th tree.

For every training instance, the reduction function’s gradient and Hessian were 
calculated and expressed as:

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 (𝑔𝑔𝑖𝑖) = 𝜕𝜕𝜕𝜕(𝑦𝑦𝑖𝑖, 𝑦̂𝑦𝑖𝑖)
𝜕𝜕𝑦̂𝑦𝑖𝑖

 

 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 (ℎ𝑖𝑖) = 𝜕𝜕2𝐿𝐿(𝑦𝑦𝑖𝑖, 𝑦̂𝑦𝑖𝑖)
𝜕𝜕𝑦̂𝑦𝑖𝑖2

 

where L represents loss function, yi represents true label, and yi represents the predicted 
value. During the enhancement process, decision forests are constructed using these 
gradients and Hessians.

Tree building
XGBoost constructs trees in a sequential manner, where each new tree aims to correct 
the errors made by the previous ensemble. During the tree-building phase, optimal 
split points are selected based on factors such as the gain or reduction in the objective 
function. The overall prediction of the XGBoost model was obtained by aggregating 
the forecasts from each tree, which are often adjusted by a shrinkage variable. The 
final prediction of the XGBoost model results from this aggregation of outputs from 
all trees.
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𝒚̂𝒚𝒊𝒊 =∑𝑓𝑓𝑘𝑘(𝑥𝑥𝑖𝑖)
𝐾𝐾

𝑘𝑘=1
 

Experimental setup
The prototype of the proposed method integrates soil and weather sensors connected 
via a LoRa gateway for real-time data transmission and analysis. The proposed 
crop recommendation method, which is based on soil and weather conditions, was 
implemented using the Luster Leaf 1601 Rapitest soil kit. This kit measures soil 
pH and nutrient levels, including nitrogen, phosphorus, and potassium. Weather 
parameters, such as temperature, humidity, wind direction and speed, rainfall, and 
barometric pressure, were collected using the SwitchDoc Labs WeatherRack2 sensor. 
Data transmission between field sensors and the cloud was facilitated through a 
LoRa gateway. The system required a portable computer equipped with an Intel i5 
processor for local coordination tasks. Python and Google Colab were utilized for data 
processing, model training, and analysis.

Key performance indicators
Performance metrics were utilized to assess the effectiveness of the XGBoost model 
to predict crop suitability based on soil conditions. Commonly used metrics included 
accuracy, precision, recall, F1-score, and mean squared error, which quantifies the 
average squared difference between predicted and actual values. The metrics for 
accuracy, precision, recall, and F1-score were calculated as follows:

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

 

𝐹𝐹1 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 

where TP is true positive, TN is true negative, FP is false positive, and FN is false 
negative.

Accuracy measured the proportion of correct predictions, while precision assessed 
the reliability of positive predictions. Recall indicated the model’s ability to identify 
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all relevant instances, whereas specificity measured its effectiveness in correctly 
identifying non-relevant cases. The F1-score offered a balanced evaluation of model 
performance by representing the harmonic mean of precision and recall.

RESULTS AND DISCUSSION
The reported results represent the average performance obtained through 10-fold 
cross-validation, following hyperparameter tuning and early stopping. This approach 
ensures that the high accuracy values reflect robust model generalization rather than 
overfitting. Model performance was derived from the averaged outcomes of the cross-
validation process, which incorporated XGBoost’s built-in L1/L2 regularization and 
early stopping, thus supporting reliable and generalizable predictions. 
The integration of a weather sensor (SwitchDoc Labs WeatherRack2), a soil sensor 
(Luster Leaf 1601 Rapitest), and a LoRa gateway facilitated continuous data 
transmission to the cloud. In this environment, the XGBoost algorithm analyzed both 
real-time and historical data to generate optimal crop recommendations. The weather 
sensor provided real-time measurements of temperature, humidity, rainfall, and solar 
radiation, while the soil sensor captured essential parameters such as moisture, pH, 
and nutrient availability.
Data were transmitted via the LoRa gateway to cloud services for analysis, and farmers 
accessed the resulting insights through a user-friendly mobile interface. This enabled 
informed decisions regarding crop selection, planting time, and resource management. 
Overall, this integrated framework enhanced agricultural productivity by improving 
yield potential and resource efficiency while supporting sustainable, location-specific 
farming practices, achieving an overall accuracy of approximately 99 %.
The XGBoost model achieved 100 % accuracy on the training data and 99.1–99.6 % 
accuracy during validation. However, the narrow performance gap was carefully 
examined to rule out overfitting. Learning-curve analysis indicated steady convergence 
between training and validation accuracies, demonstrating stable generalization. 
Additionally, 10-fold cross-validation yielded consistent results across folds, with 
variance remaining below 0.5 %. The combination of early stopping, hyperparameter 
regularization (max_depth = 6, subsample = 0.8, colsample_bytree = 0.8), and feature 
normalization helped mitigate memorization effects. The high accuracy was attributed 
to the well-structured, low-noise Kaggle dataset, which featured clear labeling and 
balanced crop classes, rather than to model overfitting.
The confusion matrix (Figure 3) offers a detailed overview of the model’s predictive 
performance by contrasting actual and predicted classifications. It identifies four 
possible outcomes: true positives (TP), true negatives (TN), false positives (FP), and 
false negatives (FN).
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True positives refer to instances when the model accurately identifies a crop as suitable 
based on current weather and soil conditions. These conditions include factors such as 
temperature, humidity, pH, rainfall, and soil nutrients like nitrogen, potassium, and 
sodium. True negatives denote when the model correctly determined that a crop was 
not suitable. False positives arise when the model mistakenly predicts a crop to be 
suitable, while false negatives indicate situations where a suitable crop is incorrectly 
classified as unsuitable. These results serve as the foundation for calculating 
performance metrics for the XGBoost-based model for recommendations, including 
accuracy, precision, recall (sensitivity), specificity, and the F1-score (Table 2).
All crops reached a training accuracy score of 100 %, while validation demonstrated 
consistently high performance, ranging from 99.1 to 99.6 % (Figure 4).
The performance evaluation of the crop recommendation system indicated that the 
XGBoost-based model performed exceptionally well, achieving 99 % accuracy and 
F1-score, along with 98 % precision and recall for crop recommendations based 
on soil conditions (Table 3). These performance metrics reflect the final optimized 
XGBoost model, which was trained and validated on the full Kaggle dataset, following 
hyperparameter tuning and 10-fold cross-validation, and therefore represent the 
model’s best achievable performance using the full set of soil and weather features.
The superior performance of the proposed XGBoost model, when compared to 

Figure 3. Confusion matrix for crop recommendation model performance.
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Decision Tree, Logistic Regression, ANN, GB Boost, Random Forest, and RNN, can 
be attributed to its ensemble learning architecture and optimized regularization 
framework. Unlike single-tree approaches, such as Decision Tree, which are prone 
to overfitting, or linear models like logistic regression, which struggle to adequately 
capture nonlinear relationships, XGBoost merges multiple weak learners through 
gradient boosting to effectively lower both bias and variance. In contrast to traditional 

ŷi

Table 2. Performance metrics of the XGBoost-based crop recommendation model.

Precision Recall F1-score Trained 
accuracy (%)

Validated 
accuracy (%)

Cotton 0.99 0.99 0.99 100 99.6
Pomegranate 0.99 0.99 0.99 100 99.2

Papaya 0.99 0.99 0.99 100 99.1
Orange 0.99 0.99 0.99 100 99.6

Muskmelon 0.99 0.99 0.99 100 99.2
Mango 0.99 0.99 0.99 100 99.6
Maize 0.99 0.99 0.99 100 99.4

Mung bean 0.99 0.95 0.99 100 99.6
Grapes 0.99 0.99 0.99 100 99.3

Kidney beans 0.99 0.99 0.99 100 99.2
Jute 0.93 0.99 0.95 100 99.2

Coffee 0.99 0.99 0.99 100 99.1
Apple 0.99 0.99 0.99 100 99.6

Black gram 0.99 0.99 0.99 100 99.2
Pigeon pea 0.99 0.99 0.99 100 99.4

Figure 4. Training and validation accuracy obtained across crop categories.
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neural network models (ANN and RNN), which often require large datasets and 
extended training times to achieve convergence, XGBoost operates efficiently on 
moderate-sized, structured datasets. Its weighted decision-tree boosting, combined 
with L1 and L2 regularization, column subsampling, and early stopping, enhances 
generalization and minimizes sensitivity to noise. Furthermore, XGBoost effectively 
captures interactions between soil nutrients and environmental variables, including 
nitrogen-temperature and pH-rainfall relationships, leading to consistently higher 
precision, recall, and F1-scores compared to the competing methods.
The proposed XGBoost approach demonstrated strong overall performance, achieving 
an accuracy and specificity of 0.9, a sensitivity of 0.88, and an F1-score of 0.9 (Table 4). 
Both GB Boost and Random Forest also showed competitive results, with each attaining 
a specificity of 0.9 and an F1-score of 0.91. However, GB Boost slightly outperformed 
Random Forest in accuracy, with values of 0.89 and 0.87, respectively. In contrast, the 
RNN model had the weakest performance across all metrics, particularly in sensitivity 
(0.85) and F1-score (0.83). All models were assessed under a standardized benchmark 
setting that utilized a reduced feature subset and maintained consistent parameter 
configurations to ensure fairness in comparison. The marginally lower accuracy range 

Table 3. Comparative performance evaluation of the proposed XGBoost model and 
existing crop recommendation techniques.

Other techniques Accuracy Precision Recall F1-Score

Decision Tree 91.01 84.39 88.17 85.34
Logistic Regression 94.23 94.41 93.81 94.03

ANN 88.72 83.16 85.74 -
IDCSO-WLSTM 93.69 91.78 92.66 -

MKGPCNN 98 98.55 98.6 98
Proposed (XGBoost) 99 98.80 98.9 99

ANN: Artificial Neural Network; IDCSO-WLSTM: Improved Dragonfly-Cat 
Swarm Optimization with Weighted Long Short-Term Memory; MKGPCNN: 
Multi-Kernel Kronecker Guided Pelican Convolutional Neural Network.

Table 4. Comparative performance evaluation of the proposed XGBoost Model and 
other machine learning techniques.

Prediction techniques Accuracy Sensitivity Specificity F1-Score

Proposed XGBoost 0.9 0.88 0.9 0.9
GB Boost 0.89 0.89 0.9 0.91

Random Forest 0.87 0.88 0.9 0.91
RNN 0.86 0.85 0.85 0.83
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(0.88–0.9) observed for the proposed model is attributed to this constrained comparison 
framework, rather than indicating any decline in model robustness or reliability.

CONCLUSIONS
The XGBoost algorithm for crop recommendation demonstrated superior performance. 
This technology enables the real-time monitoring of various environmental factors, 
including soil moisture, pH, temperature, and humidity, to ensure accurate 
environmental assessments. However, while the Kaggle dataset is representative, 
it may not adequately capture seasonal or region-specific soil variability across 
the diverse agroclimatic zones of India. The proposed system mainly focuses on 
temperature, humidity, and soil nutrients, overlooking other important factors such 
as pest infestations, irrigation frequency, and crop rotation patterns. Additionally, the 
real-time field deployment was simulated using laboratory sensors, which may not 
accurately reflect actual field conditions.
Future research can explore various extensions of this work. Integrating Convolutional 
Neural Networks (CNNs) and Long Short-Term Memory networks (LSTMs) with IoT-
based data collection could enhance crop prediction accuracy and enable early disease 
detection. Additionally, satellite imaging and remote sensing technologies may offer 
improved soil and climate analysis, as well as spatial and temporal assessments. 
The incorporation of smart irrigation modules, fertilizer optimization tools, and 
real-time mobile advisory applications can further enhance the system’s utility for 
farmers. Researchers should also consider integrating economic, environmental, and 
sustainability metrics into a comprehensive agricultural decision-support framework. 
These advancements will contribute to a more adaptive, scalable, and intelligent 
precision agriculture platform.
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ABSTRACT
Water scarcity and distribution constitute a problem driven by population growth and industrial 
overexploitation. To secure water supply, desalination technologies for seawater and brackish 
water have been adopted, becoming critically important. Reverse osmosis is the highest-rated 
technology for this process and generates two output streams: permeate water and brine, the 
latter characterized by a high concentration of total dissolved solids (TDS). When untreated, 
brine is discharged into water bodies and soils, causing ecological damage. To mitigate this 
impact, the circular economy proposes reusing part of the brine in agriculture through halophyte 
plants, which offer the advantage of growing under high salt concentrations. The objective of 
the research was to document the salinity tolerance of halophyte species and the potential use 
of water rejected from the desalination process as irrigation water, with a circular economy 
approach. Brine reuse represents an opportunity to reduce waste and generate environmental, 
social, and economic benefits. Among the main halophyte species capable of tolerating brine 
above 30 000 mg L-1 are Suaeda salsa (L.) Pall., Salicornia bigelovii Torr., Rhizophora mangle L., and 
Chenopodium quinoa Willd. Salicornia europaea L. is classified as a halophyte species with medium 
tolerance (10 000–30 000 mg L-1). Species with low salinity tolerance (5000–10 000 mg L-1 TDS) 
include Atriplex nummularia Lindl., Zoysia japonica Steud., and Crithmum maritimum L. These 
plants also possess significant nutritional and pharmaceutical properties and can be used as 
livestock feed, human food, for oil extraction, soil remediation, and other applications.

Keywords: Reverse osmosis, Rhizophora mangle L., Salicornia bigelovii Torr., salinity tolerance, 
Suaeda salsa (L.) Pall.
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INTRODUCTION
Rapid population growth and industrialization have increased demand on water 
resources, making it difficult to meet basic human needs such as drinking water, food 
production, and electricity. Although most of the planet is covered by water, only 
about 2.5 % is available as fresh water, and three-quarters of this volume is frozen 
in glaciers and ice caps, making it practically inaccessible in the short term (Ríos-
Arriola et al., 2022; Dévora-Isiordia et al., 2023). Currently, about 2.2 billion people 
lack access to safe drinking water (Salehi, 2022). Climate change is expected to worsen 
this situation and threaten sustainable development, highlighting the urgent need to 
preserve existing water sources and develop new ones (Dévora-Isiordia et al., 2021).
The development and implementation of desalination technologies has increased. 
Desalination removes salts, contaminants, and minerals from seawater or brackish 
water to produce fresh water for human, agricultural, or industrial use. Its main 
advantage is that it provides water independently of the hydrological cycle. However, 
the process generates two output streams: desalinated water and reject water or 
brine (Musie and Gonfa, 2023; Saleem et al., 2023). Brine is characterized by causing 
environmental problems due to its high concentration of salts, organic matter, and 
other substances, disrupting the osmotic balance of marine species and causing 
dehydration and mortality (Valdés et al., 2021).
Research by Gil-Trujillo and Sadhwani Alonso (2023) showed that optimization of 
diffusers can improve dilution performance in seawater. Soil contamination is also a 
concern, as salinity degrades physical, chemical, and microbiological soil properties, 
reducing crop yield (Chi et al., 2025). To prevent soil damage, several disposal methods 
for brine have been proposed, such as discharge into surface waters or sewers, deep-well 
injection, evaporation ponds, soil application, zero-liquid discharge, and aquaculture 
farms (Dévora-Isiordia et al., 2017). The Yaoba oasis in China is an example of this 
problem, where the accumulation of salts from irrigation water quality has limited 
agricultural development and deteriorated groundwater quality (Lu et al., 2025).
Because soil salinity causes yield losses, halophyte crops have been selected for 
irrigation with brine, reducing the negative effects of disposal and applying reuse 
techniques under circular economy principles (Al-Tamimi et al., 2023). Gómez-Bellot 
et al. (2021) evaluated brine from reverse osmosis for irrigating two forage halophyte 
species, Crithmum maritimum L. and Atriplex halimus Lindl., observing no negative 
effects and considering brine a viable option for revegetation or soil conservation. Oron 
et al. (2023) proposed a zero-discharge replacement system using brine sequentially in 
duckweed and fish ponds to produce nutrient-rich wastewater for halophyte irrigation, 
demonstrating efficient food production and reduced environmental impact.
Further applications show promising results. Robertson et al. (2019) evaluated 
Salicornia bigelovii Torr. production for fresh tips using brine enriched with nutrients 
through aquaculture systems, tripling yield to 23.7 Mg ha-1 and increasing economic 
return despite higher per-hectare costs. Li et al. (2019) reported that Suaeda salsa (L.) 
Pall. and Suaeda glauca Bunge retain ions in their roots, while Li et al. (2023) found 
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that S. glauca and Limonium aureum (L.) Hill accumulate heavy metals and NaCl in 
their tissues, regulating soil salinity. Al-Tamimi et al. (2023) also evaluated Salicornia at 
different concentrations and nutrient contents using three irrigation types, obtaining 
yields of 16 kg m-2 with brine at 25 641 mg L-1. Higher forage production (2–2.8 kg 
m-3) occurred with pressure-compensated drip irrigation and subsurface irrigation. 
The economic water productivity analysis showed that brine from aquaculture tanks 
combined with pressure drip irrigation costs USD 5.8–6.2 m-3, higher than desalination 
costs (USD 1.5 m-3), but they concluded that the greatest economic benefits come from 
pass-through aquaculture irrigation and drip or subsurface systems.
The scientific contribution of this work lies in the synergy between brine reuse from 
desalination processes and the cultivation of halophyte plants of potential commercial 
value within a circular economy framework. This approach reduces environmental 
impacts from brine discharge, promotes waste valorization, and presents a sustainable 
management proposal for desalination brine. This review aims to raise awareness 
of sustainable brine disposal and emphasizes the potential of halophyte cultivation 
for this purpose. Therefore, the objective was to document the salinity tolerance of 
halophyte species and evaluate the potential use of reject water from desalination 
as irrigation water under a circular economy approach. To achieve this objective, 
the following research questions were established: What is the most widely used 
desalination system? Which crops can be irrigated with brine water? What is the salt 
tolerance of these crops? What is their industrial potential? Is it possible to apply the 
circular economy to the synergy between saline waste from desalination plants and 
the cultivation of halophytic plants?

MATERIALS AND METHODS
To ensure a focused and current foundation for the study, a systematic search strategy 
was implemented. Literature selection was restricted to research articles published 
within the last 10 years up to 2025. The search for relevant literature was carried out 
using the SCOPUS database, one of the most comprehensive digital sources of peer-
reviewed scientific articles and widely used in bibliometric analysis (Sweileh, 2021). 
The process began with general concepts related to brines from desalination processes 
and subsequently incorporated more specific terms to focus the search on reverse 
osmosis, circular economy, and halophytes, applying the Boolean operators “AND” 
and “OR” (Maçaira et al., 2018).
The h-index and number of citations were used to assess the productivity and impact 
of researchers through their publications. An acceptable minimum average h-index 
of ≥ 10 and an average of 1000 citations were considered for all authors. The h-index 
measures research impact by combining productivity and influence: articles were 
ranked from highest to lowest number of citations, and the h-index corresponds to 
the number of publications that have received at least that same number of citations.
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RESULTS AND DISCUSSION

Bibliometric analysis
This systematic review with statistical data analysis examines the current status of 
the use of brine from desalination processes as irrigation water for the cultivation of 
halophyte plants. According to Boolean search engines in SCOPUS, the combination 
circular economy “AND” “OR” reverse osmosis brine yielded 1032 articles; halophyte 
“AND” “OR” circular economy yielded 14 articles; and halophyte “AND” “OR” 
reverse osmosis brine yielded eight articles published between 2015 and 2025.
Individual productivity and global interdisciplinary collaboration are essential for 
developing, researching, and identifying halophyte species capable of tolerating 
brine residues from desalination systems. This study, based on the establishment 
of keywords, resulted in 1054 articles that contributed to answering the research 
questions. The three most cited authors were Cárdenas-Pérez, Araus, and Oron, with 
22 824, 10 400, and 4105 citations and h-indexes of 71, 53, and 36, respectively. Of the 70 
research articles used for this study, the average number of citations was 1379, with an 
average h-index of 11.79. Israel and Spain were the countries with the highest number 
of publications (57).
It is essential to continue researching and obtaining information from additional 
databases, as global scientific output is constantly changing. The results of the last two 
search combinations show that research in the field of halophytes, reverse osmosis 
brines, and their synergistic use within a circular economy framework remains low. 
This highlights the importance of continuing research and establishing the current 
state of the art, which was a key motivation for this work. More publications are 
needed to understand the adaptation of halophytes under irrigation schemes using 
brine, including evaluations of yields, phenology, and related parameters.

Desalination systems and reverse osmosis
Several systems have been developed for seawater desalination, including reverse 
osmosis, electrodialysis, and distillation (Table 1). Each method has different 
characteristics in terms of energy requirements, membrane use, and operating 
pressure, with the objective to reduce the salt content of seawater or brackish water 
to obtain water suitable for human, agricultural, and industrial use. Each method 
presents specific advantages and disadvantages, and the choice depends on factors 
such as energy consumption, operating costs, and environmental impact (Ashraf et 
al., 2022).
Currently, reverse osmosis is the most widely used desalination technology worldwide 
due to its high production capacity, low energy consumption, high permeate quality, 
and lower cost compared with thermal desalination systems (Feria-Díaz et al., 2021; 
Montoya-Pizeno et al., 2023). Ongoing advances in low-pressure membrane materials 
and energy-recovery systems have further reduced reverse osmosis costs, reaching 
USD 0.4–0.8 m-3 with specific energy consumption of 2.2–3 kWh m-3 for seawater 
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(Armendáriz-Ontiveros et al., 2022; Feo-García et al., 2024). In contrast, thermal 
technologies, although more robust under high salinity, maintain significantly higher 
energy demands (6–10 kWh m-3) and total costs of USD 1.2–2 m-3, limiting their 
application mainly to regions with residual thermal sources or abundant solar energy 
(Ríos-Arriola et al., 2022; Benahmed et al., 2025)..
The reverse osmosis process (Figure 1) begins with physicochemical pretreatment 
tailored to the characteristics of the feedwater to remove undissolved solids, organic 
matter, and microorganisms, preventing membrane fouling (Ahmed et al., 2023). After 

Table 1. Classification of desalination processes by separation mechanism (Feria-Díaz et al., 2021; 
Ashraf et al., 2022).

Process Technique System

Separation of 
salts in water

Membrane Pressure Reverse osmosis

Resin Chemical 
attraction Ionic exchange

Membrane 
selective Electric charge Electrodialysis

Separation of 
water from salts

Evaporation Steam

Thermal vapor compression
Mechanical vapor compression

Multi-effect vertical tube distillation
Multi-effect distillation of horizontal tubes

Solar distillation
Simple flash distillation

Submerged tube distillation
Multistage flash distillation

Crystallization Cold Freezing
Hydrate formation

Figure 1. Reverse osmosis process flow diagram.
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pretreatment, brackish or seawater is pressurized and passed through a semipermeable 
membrane that separates unwanted particles to obtain water that meets established 
quality standards (Feria-Díaz et al., 2021). At the end of the process, permeate water 
and brine are obtained. Because the osmotic pressure of seawater is 2.68 MPa, the 
system requires a high-pressure pump applying at least twice that value (5.51 MPa). 
The permeate exits at 0.3 MPa, sufficient for distribution, while the reject stream exits 
at 5.24 MPa and is reutilized through energy-recovery devices, which contributes to 
the higher energy efficiency of reverse osmosis compared with thermal methods.
The semipermeable membrane used consists of three polymer layers: a thin polyamide 
film (0.2 µm), polysulfone (40 µm), and polyester (120 µm) (Álvarez-Sánchez et al., 
2025). The permeate contains low salt concentrations and undergoes post-treatment 
(remineralization and disinfection using chlorination, ultraviolet treatment, or ozone) 
to meet quality requirements for use and consumption (Valdés et al., 2021). The brine 
retains impurities and process chemicals such as anti-scalants (polyphosphates), 
biocides (chlorine), and pH-adjusting agents (HCl or NaOH) and is characterized by 
a high concentration of total dissolved solids (TDS) (Gómez-Bellot et al., 2021; Shokry 
et al., 2025).

The brine problem
The reject water, also known as brine, has specific characteristics depending on the 
source and quality of the feed water, the pretreatment applied, the desalination 
process, and the percentage of recovered water. In some cases, TDS exceeds 55 000 
mg L-1; this increase, known as the concentration factor, establishes the number of 
times salts and contaminants are concentrated in the reject stream compared to the 
feed water. It is calculated based on conversion and is a key indicator, since higher 
conversion results in a higher concentration factor (Gil-Trujillo and Sadhwani-Alonso, 
2023).
Brine contains ions such as Na+, K+, Ca2+, Mg2+, Cl-, SO4

2- , HCO3- and PO4
3-. In 

theory, all ions in seawater and brine should concentrate proportionally according 
to the concentration factor, but in practice they do not, due to physicochemical 
processes within the reverse osmosis membrane, solubility and precipitate formation 
(concentration polarization), and the electrochemical properties of the ions (Zolghadr-
Asli et al., 2023; Myung et al., 2025). This type of water is generally discharged directly 
into the sea, generating negative environmental impacts on aquatic flora and fauna. 
High salinity, temperature, and metal content can cause eutrophication, reduced 
dissolved oxygen, and species extinction, especially in sensitive ecosystems such as 
coral reefs (Gómez-Bellot et al., 2021; Cornejo-Ponce et al., 2022).
In 2022, 20 956 desalination plants worldwide produced more than 115.62 million m3 
d-1 of brine (Ríos-Arriola et al., 2022). The main sources were Saudi Arabia, the United 
Arab Emirates, Kuwait, and Qatar (Jones et al., 2019; Lee et al., 2024). In China, 
30 160 million Mg of brine wastewater with concentrations of 1000–20 000 mg L-1 were 
treated in 2022; 26.4 % originated from the coal and petrochemical industry, 20.7 % 
from the chemical industry, and 2.3 % from desalination technologies.
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In reverse osmosis processes, brine production is directly related to the recovery 
percentage. For example, a seawater feed of 35 000 mg L-1 and a flow rate of 103 600 m3 
d-1 at 41.6 % recovery produces 60 000 m3 d-1 of reject water at 60 000 mg L-1 (Liu et al., 
2024). In this study, the focus was on saline waste from reverse osmosis desalination 
plants; therefore, the concentration of reject water depends on the characteristics 
of the feed water (concentration, flow rate, and conversion). Brines also differ in 
concentration according to their origin: brackish water (1000–10 000 mg L-1) yields 
reject water at about 20 000 mg L-1, while seawater at 35 000 mg L-1 results in a reject 
concentration of 60 000 mg L-1.

Case studies and economic viability
The appropriate management of brine is critical to minimize its environmental and 
financial impact, as the cost of brine disposal ranges from 5 to 33 % of the total cost of a 
desalination plant (Cornejo-Ponce et al., 2022). Because of this, its reuse is implemented 
in different areas. In China, 1508 million m3 are reused annually for the irrigation 
of crops tolerant to saline concentrations, such as S. bigelovii. Its production cost is 
estimated at USD 878.30 ha-1, while its selling price is USD 4.73 kg-1. Cárdenas-Pérez 
et al. (2021) report that the biomass yield of S. bigelovii is 35 Mg ha-1. Financial analyses 
indicate that, under optimal conditions, its cultivation can generate a profit of USD 76 
000 ha-1, which is higher than other halophytes such as Distichlis spicata (L.) Greene 
and Sporobolus virginicus (L.) Kunth (Rotter et al., 2025).
Another example of reuse is the production of salt blocks obtained from the 
crystallization of salts (Figure 2). These blocks are used as livestock feed due to their 
nutritional value. Their monthly production is around 544 000 blocks of 10–25 kg, 

Figure 2. Conceptual transition from linear to circular economy models (Mallick, 2022).
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with 108 988 Mg of salt derived from a brine source of 60 000 mg L-1. This reduces 
the release of brine into the environment and generates an economic benefit through 
commercialization, with regional selling prices ranging from USD 25 to 45. Similarly, 
sodium chloride, sodium sulfate, and acid and alkaline solutions are obtained from 
salt crystallization processes by evaporation (Liu et al., 2024).
Even so, the most commonly used alternatives for brine disposal include ocean 
discharge, evaporation ponds, canal disposal, and deep well injection. Although ocean 
discharge is the most widely used method, it can negatively affect marine flora and 
fauna (Lee et al., 2024). An example is Posidonia oceanica (L.) Delile, which is sensitive 
to changes in salinity in the Mediterranean Sea and is affected by brine spills and is 
therefore used as an indicator of environmental impact (Blanco-Murillo et al., 2023).
Petersen et al. (2018) also report significant impacts on the reef-building coral species 
Stylophora pistillata Esper, Acropora tenuisy Dana, and Pocillopora verrucosa Ellis due to a 
10 % increase in salinity combined with antifoulants (0.2 mg L-1) in the Gulf of Aqaba 
in the Red Sea. The presence of amphipods and species tolerant to hypersaline spills, 
such as marine worms and polychaetes, has also been compromised along the coasts 
of Spain near brine discharges (Grammatiki et al., 2025). In another study, de Serio et 
al. (2025) define a tolerance threshold of 5000 mg L-1 and exposure of less than 48 h to 
avoid physiological stress in benthic communities. Key species like crustaceans and 
mollusks, crucial to the nutrient cycle and the stability of the food web, would suffer 
otherwise.

The circular economy solution
The brine produced during the reverse osmosis process is typically discarded due to 
its high salt concentration, leading to significant environmental impacts and elevated 
disposal costs (Gómez-Bellot et al., 2021). However, this resource can now be managed 
under circular economy principles, transforming it into a valuable input. The circular 
economy is an advanced model compared to the linear economy (Figure 3). Its objective 
is sustainable development, seeking to optimize waste management through reuse by 

Figure 3. Transition from linear economy to circular economy (Mallick, 2022).
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applying principles that include preserving and enhancing natural capital, optimizing 
resource use, and promoting system efficiency (Espinoza, 2023; Raudales-García et al., 
2024).
This approach emphasizes reducing environmental impacts throughout the product 
life cycle by implementing the 6Rs: reduce, reuse, recycle, recover, remanufacture, and 
redesign (Mallick, 2022). The circular economy provides economic, environmental, 
and social benefits by promoting business competitiveness and pollution reduction 
(Espinoza, 2023). The potential use of brine as irrigation water for halophyte cultivation 
aligns with these principles through resource reuse and proper management (Cornejo-
Ponce et al., 2022; Mallick, 2022; Raudales-García et al., 2024). In this context, waste 
from one process becomes an input for another sector, such as agriculture (Gómez-
Bellot et al., 2021; Mallick, 2022).

Use of brine for the cultivation of halophyte plants
Circular economy is a relevant model for arid regions where water is a scarce 
resource (Cornejo-Ponce et al., 2022). These regions face severe water scarcity and 
salinity problems that generate abiotic stress and put agricultural production at risk. 
Agriculture consumes 70 % of available water, making it the activity with the highest 
demand due to low irrigation efficiency and the high water requirements of crops. 
In this context, it is necessary to explore strategies to use non-conventional water 
resources and marginal lands (Araus et al., 2021).
The reuse of brine in agriculture is an option that contributes to water conservation 
through sustainable practices (Oron et al., 2023). Plants differ in their tolerance to 
salinity; the most tolerant are halophyte plants, which withstand electrical conductivity 
(EC) values over 30 dS m-1. Above this threshold, most crops cannot survive, and only 
crops with thresholds above 4–8 dS m-1 are classified as very tolerant. Therefore, the 
volume of brine that can be applied depends on plant type and brine properties (Lee 
et al., 2024).
The low salinity tolerance of many crops limits the use of saline water for irrigation, 
making it essential to select flora that naturally grow in saline soils. A soil is classified 
as saline when its EC exceeds 4 dS m-1, with an exchangeable sodium percentage below 
15 and a sodium adsorption ratio below 13. These soils, also known as white alkaline 
soils or Solonchaks, generally reduce germination and development in most crops. 
Therefore, it is necessary to consider crop alternatives adapted to adverse conditions, 
such as halophyte plants (Biswas and Naher, 2019; Gómez-Bellot et al., 2021; Sparks et 
al., 2024).
Halophyte plants constitute a small group representing about 1 % of global flora, 
encompassing around 2500 genera that include shrubs, bushes, mangroves, and 
grasses capable of growing in environments with high salt concentrations (Sánchez 
and Matos, 2018; Lee et al., 2024). These plants have evolved to tolerate high salinity 
and require salt exposure for optimal growth, completing their life cycle in salinities of 
200 mM NaCl or higher. However, a precise threshold cannot be defined due to their 
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taxonomic and ecological complexity (Behera and Ramachandran, 2021; Cárdenas-
Pérez et al., 2021; Teotia and Chaudhary, 2024).
Based on their degree of salinity tolerance, halophyte plants are divided into obligate 
halophytes and facultative halophytes. Obligate halophytes grow and develop in 
highly saline environments, while facultative halophytes can develop in habitats 
with low or no salinity. Their classification remains ambiguous because different 
authors use diverse criteria such as anatomy, tolerance mechanisms, and salt tolerance 
intensity (Rahman et al., 2021).
From a physiological perspective, considering salinity tolerance and ion accumulation 
and transport, they can be classified into three types: recritohalophytes, which secrete 
salt through external salt glands; euhalophytes, which accumulate salt in the vacuoles 
of green succulent tissues of leaves and stems, reducing the ionic content in the 
cytoplasm; and salt-exclusion halophytes, which accumulate large amounts of salt in 
tissue vacuoles (Lu et al., 2021; Rahman et al., 2021).
In functional terms, halophyte plants have developed specialized mechanisms to 
tolerate salt stress and maintain cellular osmotic balance. These include sequestration 
of Cl- and Na+ ions in vacuoles, accumulation of osmoprotectants to reduce osmotic 
potential, selective membrane transporters to regulate salt adsorption and exclusion, 
and the production of defense metabolites such as superoxide and glutathione 
reductase to neutralize reactive oxygen species (Mzoughi and Majdoub, 2021; Rahman 
et al., 2021).
There is a wide range of salt concentrations in different types of water, from ultrapure 
water to seawater (Table 2). This classification is important when assessing the salinity 
tolerance of halophyte plants, as each species has a specific threshold for salt exposure. 
Ultrapure and pure water have extremely low TDS concentrations and are therefore 
unsuitable for irrigating halophytes, especially non-facultative species that require 
saline conditions for optimal growth. In contrast, brackish, saline, and seawater 
contain TDS levels consistent with the conditions tolerated by halophytes, enabling 
the use of saline discharges from desalination plants for irrigating species adapted to 
high salinity.

Table 2. Electrical conductivity (EC) and total dissolved solids (TDS) across different 
water types (Sarathe et al., 2022).

Water EC (dS m-1) TDS (mg L-1)

Ultrapure 0–0.00004 0–0.03
Pure 0.00004–0.00046 0.03–0.30

Deionized 0.00046–0.00465 0.30–3.00
Potable 0.00465–1.55270 3.00–1000

Brackish 1.5527–15.5279 1000–10 000
Saline 15.5279–46.5838 10 000–30 000

Sea water 46.5838–77.6397 30 000–50 000
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Salinity tolerance of halophyte plants
Salinity tolerance is a key criterion for selecting halophyte species suitable for reusing 
brine from desalination processes, thereby reducing environmental impact and 
supporting circular economy strategies. Halophyte species exhibit varying tolerance 
levels (high, medium, and low) depending on their physiological adaptations (Table 
3).

Table 3. Salinity tolerance classification of halophyte crops based on electrical conductivity (EC) and total 
dissolved solids (TDS) values.

Crop
Salinity tolerance Tolerance level

TDS (mg L-1) ReferenceEC
(dS m-1)

TDS
(mg L-1)

Suaeda salsa (L.) Pall. 62.11 40 000

High
>30 000

Wang et al. (2023)

Salicornia bigelovii Torr. 55 35 420 Cárdenas-Pérez et al. (2021), 
García-Galindo et al. (2021)

Rhizophora mangle L. 54.34 35 000 Lopes et al. (2023)
Chenopodium quinoa Willd. 54 34 776 Sánchez and Matos (2018)

Salicornia europaea L. 40 25 760 Medium
10 000–30 000 Araus et al. (2021)

Paspalum vaginatum Sw. 15 9960

Low
5000–10 000

Chavarria et al. (2021)
Puccinellia spp. 13.6 8766 Vaziriyeganeh et al. (2022)

Stenotaphrum secundatum 
(Walter) Kuntze 10 6440 Ascencios et al. (2019)

Zoysa japonica Steud. 10 6440 Hooks et al. (2022)
Atriplex nummularia Lindl. 9.07 5844 Christiansen et al. (2022)

Atriplex halimus L. 7.9 5087 Gómez-Bellot et al. (2021)
Crithmum maritimun L. 7.9 5087 Gómez-Bellot et al. (2021)

Cultivation of halophyte plants with different salinity tolerance
Highly tolerant species such as Suaeda salsa (L.) Pall. (Figure 4A), Salicornia bigelovii 
Torr. (Figure 4B), Rhizophora mangle L. (Figure 4C), and Chenopodium quinoa Willd. 
(Figure 4D) are ideal crops for areas with high salinity levels (Table 3). These halophyte 
species are adapted to extreme salinity and can be cultivated in arid or coastal zones 
where saline or brackish water predominates (Sánchez and Matos, 2018). For example, 
S. salsa tolerates salinity up to 40 000 mg L-1, making it suitable for saline soils irrigated 
with brackish water and useful as forage in arid regions (Wang et al., 2023).
Species such as Salicornia europaea L. (Figure 4E) are suitable for coastal areas with 
moderate salinity (Table 3). This crop shows better growth when irrigated with 
water at 40 dS m-1 and can be used for forage, biodiesel, and applications in the 
pharmaceutical and cosmetic industries (Araus et al., 2021). In contrast, species with 
lower salinity tolerance (Figure 4F–L) perform better in slightly saline soils (Table 3). 
Crithmum maritimum L. (Figure 4F) and Atriplex halimus L. (Figure 4G) can be irrigated 
with reverse osmosis brine at 4.7–7.9 dS m-1 without adverse effects on growth, 
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supporting the use of brine for halophyte irrigation across salinity levels ranging from 
brackish water to seawater (Gómez-Bellot et al., 2021). Likewise, Atriplex nummularia 
Lindl. (Figure 4I) maintains good bromatological quality, particularly in crude protein 
(14.36 %), organic matter (69.91 %), mineral matter (30.09 %), and dry matter (22.43 %), 
when irrigated with desalination brine (Christiansen et al., 2022). Species of Atriplex 
have been widely studied for their tolerance to saline effluents from brackish water 
desalination (Sánchez and Matos, 2018).
These crops have significant potential for agriculture and the rehabilitation of saline-
affected areas. Using brine from desalination processes represents an alternative 
irrigation source that reduces discharge volumes and provides added value. However, 
factors such as brine properties, the irrigation method, volume and frequency, and 
soil characteristics, including texture, moisture, and ion concentrations, must be 
considered to assess economic feasibility and prevent environmental risks (Lee et al., 
2024).

Halophyte species with agroindustrial potential
The production potential of halophytes varies according to species and the 
environmental conditions. Species with the greatest agroindustrial relevance are 

Figure 4. Representative halophyte species with different levels of salt tolerance. A: Suaeda salsa (L.) Pall. 
(Gao et al., 2022); B: Salicornia bigelovii Torr. (García-Galindo et al., 2021); C: Rhizophora mangle L. (Lopes et 
al., 2023); D: Chenopodium quinoa Willd. (Pizo-Ossa et al., 2024); E: Salicornia europaea L. (Araus et al., 2021); F: 
Crithmum maritimum L. (Roxo et al., 2023); G: Atriplex halimus L. (Gómez-Bellot et al., 2021); H: Stenotaphrum 
secundatum (Walter) Kuntze (Ascencios et al., 2019); I: Atriplex nummularia Lindl. (Christiansen et al., 2022); 
J: Puccinellia ciliata Bor (Çınar and Ünay, 2024); K: Zoysia japonica Steud. (Hooks et al., 2022); L: Paspalum 
vaginatum Sw. (Chavarria et al., 2021).
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characterized by high salinity tolerance and high biomass production. Some halophyte 
crops can reach yields of 10–20 Mg of dry biomass per hectare when irrigated with 
seawater (Table 4). These traits position them as valuable resources for multiple 
industries (Lee et al., 2024).
In the food industry, Salicornia bigelovii and Suaeda salsa stand out for their high 
protein content (16–18 %), essential oils (up to 30 %), and carbohydrates, making 
them valuable for various industrial applications. The oil extracted from S. bigelovii 
is rich in polyunsaturated fatty acids, making it an ideal input for the production of 
edible oils and nutritional supplements. In addition, S. bigelovii and S. europaea have 
been described as potential substitutes for common salt, as consuming salt derived 
from these plants, with equivalent sodium levels, has little effect on blood pressure. 
In countries such as Korea and Japan, Salicornia is marketed as a gourmet product 
(Cárdenas-Pérez et al., 2021; Wang et al., 2023). Chenopodium quinoa has a high protein 
content of 14.1 %, surpassing crops such as rice (8.1 %), wheat (7.2 %), and corn (9.9 
%). Its seeds contain essential amino acids, vitamins (A, B2, and E), and minerals such 
as calcium, magnesium, iron, copper, zinc, and lithium (Yousfi et al., 2025), allowing 
its use in bread, desserts, and other dishes prepared from its grains and leaves 
(Tourajzadeh et al., 2024).
Halophyte species also play an important role in livestock nutrition due to their ability 
to produce high-quality biomass under saline conditions. Several halophyte species, 

Table 4. Advantages and disadvantages of halophyte species of agricultural interest (Hameed et al., 2024).

Advantages Disadvantages References

Suaeda salsa (L.) 
Pall.

Suaeda fruticosa 
(L.) Forssk.

Provide cardioprotective foods, support 
cultivation of salt-tolerant plants, 

act as nitrogen adsorbents in saline 
agriculture, and accumulate heavy 

metals for soil remediation.

Vulnerable to habitat 
loss, climate change, 
and invasive species; 
limited knowledge 

on mechanisms, 
optimal conditions, 
and economic value; 
barriers to consumer 

acceptance and 
commercial expansion.

Li et al. (2023)

Atriplex 
nummularia Lindl.
Atriplex halimus L.

Useful for livestock feed, human food, 
oil extraction, and soil remediation; 
adaptable to saline conditions and 

suitable for commercial-scale crops.

Navarro-Torre et al. (2023)

Chenopodium 
quinoa Willd. 

Crithmum 
maritimum L.

Highly salt-tolerant; grow adequately 
in arid and coastal areas with saline 
or brackish water; C. quinoa provides 
grains and leaves widely used in food 

products.

Navarro-Torre et al. (2023)
Sánchez and Matos (2018)
Tourajzadeh et al. (2024)

Salicornia bigelovii 
Torr.

Salicornia europaea 
L.

Reduce soil salinity by absorbing 
sodium; valuable in food and 
nutraceutical industries as salt 

substitutes; suitable for commercial 
cultivation under saline irrigation.

Cárdenas-Pérez et al. (2021)
Jiang et al. (2025)

Navarro-Torre et al. (2023)
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such as A. nummularia, S. salsa, and S. bigelovii, are valuable in animal feed because 
of their high protein and fiber content (Cárdenas-Pérez et al., 2021), while S. europaea 
has also been recognized as a nutritious fodder for livestock (Araus et al., 2021). In the 
energy sector, Salicornia seeds are used in biodiesel production due to their oil content 
(26–33 %), which exceeds that of cotton (15–24 %) and soybeans (17–21 %). Their oil 
yield can reach 11 442 kg ha-1, surpassing conventional crops and offering a sustainable 
biofuel option. Species of the genus Atriplex have also shown potential for bioethanol 
production (Cárdenas-Pérez et al., 2021). For the pharmaceutical and cosmetics 
industry, S. bigelovii, S. europaea, and S. salsa contain flavonoids, antioxidants, and 
phenolic compounds with anti-inflammatory and antibacterial properties, enabling 
their use in health and skincare products (Araus et al., 2021; Wang et al., 2023).
From an environmental perspective, genera such as Suaeda and Atriplex are effective 
in phytoremediation, as they absorb nitrogen and phosphorus from the soil. Species 
such as A. halimus, S. bigelovii, and S. europaea can accumulate heavy metals including 
cadmium, zinc, copper, selenium, nickel, and lead, while C. quinoa can accumulate 
chromium in its tissues (Cárdenas-Pérez et al., 2021). Regarding soil salinity mitigation, 
plants such as S. fruticosa, S. salsa, and Sesuvium portulacastrum L. reduce salinity and 
alkalinity by absorbing sodium ions and storing salts in their tissues (Jiang et al., 2025).

CONCLUSIONS
Water scarcity continues to drive the expansion of desalination technologies, making 
the sustainable management of resulting brine increasingly important. Utilizing brine 
as an input for halophyte cultivation offers a circular-economy pathway that can 
diversify agricultural production and create new economic and food opportunities. 
However, scientific output on the combined topics of halophytes, reverse osmosis 
brine, and circular-economy applications remains low. Future research should focus 
on identifying halophytes with high nutritional and economic value, determining 
their tolerance thresholds to maximize biomass yield, and assessing viable economic 
activities that justify cultivation costs. Exploring plant-microorganism interactions that 
enhance early germination and establishment will be essential to improve halophyte 
production systems.
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