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Abstract 
Given the pivotal role of agriculture in ensuring food security, foster-
ing economic stability, and addressing environmental sustainability, 
the sector has increasingly embraced smart farming solutions to 
respond to recent climate and societal challenges, such as rising 
water and food demands. These solutions provide actionable in-
sights crucial for decision-making, enabling farm stakeholders to 
optimize resources, improve yields, and mitigate risks. However, 
the complexity of the predictive models often associated with this 
type of solutions results in a lack of transparency, hindering trust 
and adoption. To respond to such challenges, this paper explores 
the application of explainable AI (XAI) techniques to agriculture 
tabular data. Specifcally, we focus on two case studies: wheat yield 
prediction and grapes produced for wine purposes yield prediction. 
Through these case studies, we propose initial contributions on how 
XAI techniques can be applied in the context of agriculture and 
how generated explanations can be adapted to the users’ level of 
expertise. Finally, as part of ongoing and future research directions, 
we introduce AgriUXE (Agricultural eXperience Enhanced through 
eXplainability), a novel user-centered digital platform designed to 
augment the explainability of multimodal data and machine learn-
ing model predictions for sustainable smart farming solutions. By 
providing transparent, data-driven decisions and generating user-
adaptive explanations, AgriUXE aims to support the optimization 
of the user experience within these solutions. 

CCS Concepts 
• Applied computing → Agriculture; • Computing method-
ologies → Machine learning; • Human-centered computing 
→ User centered design; Human computer interaction (HCI). 
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1 Introduction 
Agriculture has consistently been a cornerstone industry, sustain-
ing human evolution throughout history. In recent years, however, 
the industry has faced unprecedented challenges due to the impacts 
of climate change and the urgent need for a more efcient agrifood 
supply chain. Accounting for 4% of the global GDP and up to 25% 
of the GDP of low-income countries [1], agriculture not only fnds 
itself among the most afected industries, with predictions of up to 
30% loss on crop yields by 2050 due to climate change [4], but also 
attracts increasing attention as a sector where immediate action 
and investment can address the stated challenges, providing practi-
cal and efcient solutions [8]. Particularly, recent advancements in 
digital agriculture, that is the "implementation of emerging tech-
nologies and innovative services on agriculture" [5], have recently 
gained momentum in research and innovation schemes [8]. 

A prevalent number of digital solutions in agriculture involve 
employing machine learning models for agricultural predictive 
tasks. Nonetheless, the complexity of these models, often perceived 
as complete opaque "black boxes", especially in deep learning con-
tributions, combined with a widespread technological illiteracy 
among agriculture stakeholders, poses intriguing challenges in the 
perceived value and complexity of smart farming solutions. 

Hence, this paper presents an analysis on how explainable AI 
(XAI) techniques can be applied in the context of agriculture. Specif-
ically, we delved into exploring two case studies focused on the 
task of yield prediction for tabular data: wheat yield and grapes for 
wine production yield. 
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Within the frame of the case studies, we propose a set of ex-
periments on explanations for both transparent models (k-Nearest 
Neighbors (kNN ) and Decision Tree) and opaque models (XGBoost 
and Multilayer Perceptron (MLP)). Additionally, we further explore 
the role of feature-level XAI techniques, such as LIME and SHAP, 
alongside feature importance techniques in crop yield prediction. 
By exploring these case studies, we focus not only on studying 
how the application of state-of-the-art XAI techniques enhances 
model transparency but also on how the explanations can be re-
fned, through large language models (GPT-3.5 and Llama-2), and 
adapted to the expertise level of diferent users, ultimately support-
ing informed decision-making in sustainable agricultural practices. 

Lastly, we propose a novel user-centered digital platform Agri-
UXE (Agricultural eXperience Enhanced through eXplainability) 
that incorporates multimodal data and XAI techniques to ofer 
explainable data-driven insights, therefore supporting informed 
decision-making in agriculture. By enhancing not only data explain-
ability but also the interpretability of machine learning predictions, 
the platform intends to further study how added explainability 
impacts agriculture stakeholders’ user experience, and ultimately, 
their perceived value of sustainable smart farming solutions. 

In the remainder of this paper, Section 2 presents the related 
work and background on XAI in agriculture. Section 3 details the 
predictive task, case studies and and associated experimental results. 
Section 4 introduces the AgriUXE platform, outlining its features 
and potential impact. Finally, Section 5 concludes the paper with 
the research outcomes and future directions. 

2 Related Work 
The growing research on digital agriculture solutions brought forth 
the application of a comprehensive set of emerging technologies 
in the sector. Nevertheless, according to a survey by McKinsey & 
Company on agriculture technological adoption, as of 2022, 38% 
of European farmers were not using or planning to use at least 
one technology in their farm operations within the following 2 
years [16]. Moreover, this adoption gap is more pronounced on a 
global scale, with 61% of farmers not being proactive in adopting 
technology. 

To bridge this adoption gap, the motivation for farm stakeholders 
to embrace digitalization will increase when the perceived value 
of a technology becomes evident [9]. The high complexity of the 
solutions available coupled with the lack of data interpretability 
is directly linked to farmers’ lack of perception of the real added 
value of using smart farm technologies [14]. Therefore, the per-
ceived value of smart farm technologies can be signifcantly en-
hanced by making these technologies more transparent and easier 
to understand. 

Since a signifcant proportion of digital solutions in agriculture 
employ machine learning models for predictive tasks, a promising 
approach to addressing these challenges is through the implemen-
tation of explainable AI (XAI) techniques. 

While machine and deep learning models ofer high prediction 
accuracy, there is a systematic lack of transparency attached to 
these models, especially as model complexity increases. Not un-
derstanding why a model reached a certain prediction X instead 
of a prediction Y poses missing potential new knowledge on the 

learning task, the correlation between feature data, and the rea-
son why a model might fail [18]. Explainable AI (XAI) is the feld 
responsible for tackling these issues by providing clear and in-
terpretable explanations of models’ predictions. XAI techniques 
achieve increased interpretability through both transparent models 
and post-hoc explainability techniques [2, 6, 20]. 

Transparent models, such as logistic regression, decision trees, 
and k-nearest neighbors (kNN ), inherently provide a certain level 
of interpretability due to the straightforward manner in which 
they make predictions. These models allow users to understand the 
decision-making process without requiring additional explanation 
techniques, addressing the needs for simulability, decomposability, 
and algorithmic transparency. 

More complex or opaque models, however, usually require the 
application of post-hoc explainability techniques. These techniques 
may include text explanations, visual explanations, explanations by 
simplifcation, local explanations, and feature relevance explana-
tions. For example, model-agnostic techniques like LIME [22] and 
SHAP [15] support the explainability of the inner workings of black-
box models by generating local surrogate linear models around 
predictions and computing additive feature importance scores, re-
spectively. Model-specifc techniques can also be employed to tailor 
explanations to particular model types, such as visualization meth-
ods for understanding support vector machines [25] or similarity-
based explanations like gradient similarity [10], usually applied for 
neural networks. Regarding the latter, the output of the model is 
explained by identifying and presenting instances from the training 
data that are similar to the given input instance. This approach 
is grounded in the rationale that "This X is a Y because a similar 
instance X’ is a Y". 

Furthermore, given there is a lack of consensus on the defnition 
of explainability within the computer science academia, in the 
context of this paper, the defnition of explainability is combined 
with interpretability through the terminology ofered by Barredo 
et al.: "given an audience, an explainable Artifcial Intelligence is one 
that produces details or reasons to make its functioning clear or easy 
to understand" [2]. This implies that the model not only ofers an 
explanation but also ensures that the explanation is comprehensible 
to the audience, which is a key aspect of interpretability. 

Although the research community has witnessed a rise in XAI 
contributions in recent years, the application of explainable models 
within the feld of agriculture is yet in the early stages of provid-
ing a signifcant set of contributions. Nevertheless, recent research 
has begun exploring how explainable techniques like SmoothGrad, 
LIME, and GradCAM can enhance the interpretability of plant dis-
ease detection CNN architectures [24]. Additionally, researchers 
have been investigating the impact of various regions in grassland 
imagery on model predictions [11], and developing ontology-based 
XAI frameworks to explain machine learning predictions in digital 
agriculture solutions [21]. 

Considering the target vision of using XAI techniques to address 
farm adoption barriers such as highly complex digital products, an 
additional concern with designing user-centered solutions should 
be taken into consideration. Design principles such as active self-
explanation, contextual relevance, and iterative user feedback are 
essential to ensure that the systems are not only technically sound 
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but also practically useful and trustworthy for farm stakeholders 
[19]. 

Considering both the technical aspects and the ethical and soci-
etal implications of XAI contributions, this emerging feld has the 
potential to increase the transparency of farm predictive models 
and enhance the perceived value of smart farming applications, 
particularly in contributions that align with the United Nations’ 
Sustainable Development Goals [2]. 

3 Methods and Results 
This section provides an overview of the methods applied in the 
analysis of the case studies. Furthermore, we introduce the exper-
imental methodology and results associated to each case study 
experiment. 

3.1 Predictive Task 
In order to assess the potential of XAI techniques in smart farming 
solutions, we focused on a signifcant predictive task: crop yield 
prediction. Crop yield prediction is the process of estimating the 
amount of crop that will be harvested from a given area. This task 
is critical in agricultural planning and decision-making as it helps 
farmers optimize resource allocation and improve overall farm 
management. 

3.2 Datasets 
For our research, we investigated the impact of various XAI tech-
niques on agriculture tabular data. 

The data collection process was constrained to publicly available 
statistical information related to crop production [7, 12, 13, 17, 23], 
weather-related features [3], and pesticide usage [7, 23]. While 
factors such as precipitation, temperature, and average pesticide 
usage are commonly recognized as infuential factors in crop yield, 
the decision to limit the dataset’s features to these factors was 
primarily infuenced by signifcant constraints in data availability. 

Given these constraints, we created the four following custom 
datasets for our analysis: 

• United States Wheat Dataset: This tabular dataset comprises 
historic annual average wheat yield data at the US state-level, 
spanning from 1992 to 2019. In addition to wheat yield, the 
dataset includes annual average measurements of state-wide 
precipitation, temperature, and wheat pesticide usage. 

• European Union Wheat Dataset: This custom tabular dataset 
captures the annual average wheat crop yield across Euro-
pean Union countries from 1990 to 2021. The dataset features 
annual average country-wide measurements of precipitation, 
temperature, and pesticide usage. 

• World Wheat Dataset: This dataset provides country-level 
annual average wheat yield information from 120 countries 
spanning from 1990 to 2021. Additionally, the dataset en-
compasses weather-related features such as precipitation, 
temperature, and average pesticide usage. 

• European Grapes for Wine Dataset: This tabular dataset con-
tains historical data spanning from 1986 to 2022, focusing on 
the average annual yield of grapes intended for wine produc-
tion. The dataset includes data from four major European 
wine-producing countries: Portugal, Spain, Italy, and France. 

Apart from yield information, the dataset contains average 
annual measurements of country-wide precipitation, relative 
humidity, and temperature. 

3.3 Case Study 01: Wheat Yield Prediction 
In this case study, we primarily focused on studying how XAI 
feature-level techniques (i.e., LIME, SHAP, and feature importance 
techniques) provide additional information related to not only the 
collected data but also machine learning models’ crop yield predic-
tions. 

To address this evaluation, we conducted a series of experiments 
targeting both XAI-generic and farm-related research questions: 

• How to highlight transparency in transparent models? 
• How explanations difer based on model accuracy? 
• How do feature-level XAI techniques enhance the inter-
pretability of crop yield prediction? 

• How can feature importance techniques assist in the process 
of understanding input agricultural data? 

• What impact does dataset size have on the generated expla-
nations? 

• How do explanations contribute to the interpretability of 
metric results? 

• Can large language models support the defnition of user-
adaptive explanations? 

The following subsections focus on outlining the conducted 
experiments and associated results. 

3.3.1 Highlighting transparency in transparent models. In this ex-
periment, the target goal was to fnd mechanisms to emphasize 
transparency in inherently transparent models such as the kNN and 
Decision Tree models. Specifcally, we applied custom visualization 
tools such as a custom kNN slider and a decision tree viewer to 
demonstrate the inherent transparency of these models. The kNN 
slider (see Figure 1) allowed us to interactively adjust the number 
of neighbors (k) and observe how predictions change, providing a 
clear understanding of the model’s decision boundaries. Similarly, 
the decision tree viewer illustrated the decision paths, making it 
easy to follow the logic used to reach a prediction. These tools 
efectively highlight how transparent models allow users to grasp 
the decision-making process without requiring complex additional 
explanations. 

3.3.2 Variations in Explanations Based on Model Accuracy. This 
experiment focused on analyzing how explanations difer based on 
model accuracy. Using LIME as the explanation generation tech-
nique, we assessed the kNN model’s performance using both the 
worst (MAE = 0.61) and best (MAE = 0.45) performing k values. 
Subsequently, we employed a sentence transformer to measure 
sentence similarity between the explanations generated for each 
evaluation setup. 

The results indicated that while the explanations diverge, they 
were consistent in providing valid alternative insights. For example, 
the sentences "If the temperature is less than or equal to 12.55 ºC 
then the temperature tends to have a positive impact on the crop 
yield." and "If the temperature is greater than 12.55 ºC and less than 
or equal to 14.05 ºC then the temperature tends to have a positive 
impact on the crop yield" had a similarity score of 0.95. Although 
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Figure 1: kNN Slider Visualization Tool. 

they were not fully identical (i.e. sentence similarity score = 1), 
the explanations provide alternative non-conficting explanations. 
However, further testing with models having a larger performance 
gap is needed to strengthen this hypothesis. 

3.3.3 Enhancing Crop Yield Prediction Interpretability with Feature-
Level XAI Techniques. In this experiment, we explored how feature-
level XAI techniques, LIME and SHAP, contributed to the inter-
pretability of crop yield predictions. Although LIME is designed 
for local explanations (i.e., generating explanations for individual 
instances), an approach was devised to also extract global explana-
tions (i.e., explanations for the entire test set). By computing LIME 
across all data points of the test set, we aggregated local explana-
tions into a coherent global interpretation. This method involved 
fltering the LIME explanations by key dataset features: tempera-
ture, precipitation, and pesticide usage. For each feature, we further 
fltered the explanations to identify the instances with the highest 
and lowest weights, capturing the most signifcant positive and 
negative contributions of each feature to crop yield predictions. 
By selecting the explanations with extreme weights, we mitigated 
inconsistencies and highlighted the most impactful feature values. 
The method for generating global LIME explanations proved valid 
given LIME produced a limited set of explanations across all data 
points in the test set, rather than generating diferent explanations 
for each individual instance. 

Additionally, since LIME creates a local surrogate, this technique 
was used to assess explanations by simplifcation. In this context, we 
compared the original black-box model (i.e., in this experiment we 
used XGBoost) predictions with those of the simpler local surrogate 
model to determine how well the surrogate replicated the black-box 
model’s predictions. 

While LIME traditionally provides insights into local data points, 
SHAP ofers a unifed framework to understand both local and 
global feature importance. We used SHAP values to complement 
LIME explanations, combining feature importance insights with 
LIME’s highest and lowest weighted explanations. 

To enhance the understandability of the explanations, we created 
an NLP manual template. This template transformed the fltered 
LIME and SHAP explanations into natural language statements, 
making it easier for users to understand the implications of diferent 
feature values on crop yield predictions. 

Regarding experimental results, LIME provided both local and 
global explanations, illustrating the range and weight each feature 
had in increasing or decreasing the predictions. SHAP provided not 
only visualization mechanisms, such as waterfall plots, to interpret 
local predictions but also visual explanations, like the beeswap plot, 
that support a clear understanding of the global impact of each 
feature on the test set (see Figure 2). 

Figure 2: SHAP Beeswarm Visualization plot from Case Study 
02. 

By combining these insights with feature importance scores from 
methods such as permutation importance and gradient boosting, 
we developed a more robust perspective on the contributions of 
various input features, enhancing our understanding of what drives 
model predictions. 

Moreover, the combined explanations of LIME and SHAP, along-
side an NLP template, translated complex numerical explanations 
into user-friendly statements (see Figure 3). This step is crucial in 
making the insights accessible to non-technical stakeholders. 

For the evaluation of explanations by simplifcation, the discrep-
ancy between the two setups (i.e., black-box performance against 
local surrogate performance) resulted in a MAE of 0.45 tonnes per 
hectare, indicating a moderate alignment between the black-box 
model and the local surrogate. 

3.3.4 Feature Importance Techniques Impact on Understanding In-
put Agricultural Data. This experiment focused on assessing the 
impact of feature importance techniques on understanding input 
agricultural data. We combined permutation importance, SHAP, 
random forest, and gradient boosting feature importance calcu-
lations to determine the degree of impact of each feature on the 
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Figure 3: Textual Explanations extracted from LIME and SHAP. 

predictions, providing insights into which features had the most 
signifcant infuence. 

Through these analyses, we uncovered the global contribution 
of each feature to the test set predictions, ofering valuable insights 
for optimizing agricultural practices based on model predictions 
(e.g., identifying and discarding unimportant features). 

3.3.5 Impact of Dataset Size on Generated Explanations. In this 
evaluation, we examined how dataset size infuences the generated 
explanations. To do so, we assessed the XGBoost model using two 
datasets with diferent size granularity: the World Wheat Dataset 
(3746 samples) and the European Union Wheat Dataset (734 samples). 

The fndings suggested that dataset size can infuence explana-
tion consistency. For example, the explanations inconsistencies in 
the sentences "If the temperature is greater than 23.39 ºC then the 
temperature tends to have a negative impact on the crop yield.” and 
“If the temperature is greater than 12.79 ºC then the temperature 
tends to have a negative impact on the crop yield.” need to be taken 
into consideration as they pose an interpretability confict. Never-
theless, further testing is required to validate these observations 
and assess their generalization across diferent model architectures 
and datasets. 

3.3.6 Contributions of Explanations to Metrics’ Interpretability. In 
this experiment, we explored how explanations contributed to the 
interpretability of metrics’ results. Using the GPT 3.5 model and a 
set of regression metrics connected to the predictive task, we asked 
the large language model to explain the metrics of XGBoost and 
Decision Tree models, providing insights into the models’ perfor-
mance. 

Our analysis revealed that explanations generated by large lan-
guage models may signifcantly increase metrics’ interpretability, 
ofering a deeper understanding of model performance and aiding 
in decision-making processes. 

3.3.7 Applying Large Language Models for User-Adaptive Explana-
tions. To retrieve insights on the relevance of large language models 
in XAI, we compared how two diferent models, GPT-3.5 and Llama-
2-7b, adapted LIME and SHAP natural language explanations for 
each of the following user types: farmer, agronomist, and machine 

learning expert. In order to support a quantitative measurement, 
we applied a sentence transformer to measure sentence similarity 
between the explanations generated for each large language model. 

Our fndings demonstrated that large language models ofer 
promising potential in delivering user-adaptive explanations, with 
both GPT-3.5 and Llama-2 producing similar explanations when 
answering to the same prompt (i.e., the models were prompted to 
clarify LIME and SHAP explanations to users with diferent levels 
of expertise). Further investigation is needed to optimize prompt 
engineering techniques and explore alternative large language mod-
els. Additionally, research into using conversational agents, text-
to-speech, and speech-to-text techniques in smart farming holds 
potential. 

3.4 Case Study 02: Grapes for Wine Yield 
Prediction 

In this viticulture case study, our primary aim was to evaluate how 
model-specifc techniques, particularly similarity-based explana-
tions, contribute to the crop yield predictive task. Additionally, we 
addressed supplementary research questions and revisited inquiries 
to validate fndings from the wheat yield case study. The following 
experiments were conducted in this case study: 

• How do similarity-based explanations provide additional 
insights on local yield predictions? 

• How do feature-level XAI techniques enhance the inter-
pretability of crop yield prediction? 

• How explanations difer based on model accuracy? 
The following subsections detail the set of experiments associ-

ated with this case study. 

3.4.1 Assessing Similarity-Based Explanations for Local Yield Pre-
dictions. In this experiment, we delved into how similarity-based 
explanations provide additional insights into local yield predictions 
within the viticulture context. By applying a gradient similarity 
technique, we explored the potential of these explanations in sup-
porting the interpretability of crop yield predictions. Through this 
technique, we focused on explaining the frst instance of the test set 
through exposing the fve most similar and least similar training set 
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examples. While the initial results from the frst test instance show-
cased the potential of this technique in ofering similarity-based 
explanations, further testing is essential, specifcally to assess how 
this type of explanations correlates with model accuracy. 

3.4.2 Enhancing Crop Yield Prediction Interpretability with Feature-
Level XAI Techniques. In this experiment, we applied the same goal 
as the analogous experiment in the wheat yield case study. This re-
visiting was conducted to validate the consistency and applicability 
of our fndings across diferent crops. Therefore, in this scenario, we 
applied feature-level XAI techniques, specifcally LIME and SHAP, 
to enhance the interpretability of viticulture yield predictions. 

Concerning experimental results, when evaluating diferent crops, 
signifcant insights were captured in both wheat and grape yield pre-
dictions, underscoring the potential power of these model-agnostic 
techniques. These consistent fndings across diverse datasets high-
light the robustness and utility of LIME and SHAP in enhancing the 
interpretability of crop yield predictions. 

3.4.3 Variations in Explanations Based on Model Accuracy. This 
experiment focused on analyzing how variations in model accu-
racy infuence the explanations generated. By employing the LIME 
explanation generation technique, we evaluated the performance 
of an MLP model (best performing model during cross-validation 
with an average MAE of 3.2 tonnes per hectare) and a Decision 
Tree model (worst performing model during cross-validation with 
an average MAE of 4.2 tonnes per hectare). Lastly, similarly to the 
analogous experiment in the wheat yield case study, we executed a 
sentence transformer to perform sentence similarity between the 
explanations generated for both evaluation setups. 

Similar to the experimental results in the wheat yield case study, 
the fndings indicated that although the explanations varied, they 
consistently provided valid alternative insights. 

4 AgriUXE 
Concerning ongoing work and future research directions, we pro-
pose AgriUXE (Agricultural eXperience Enhanced through eXplain-
ability), a novel user-centered digital platform designed to augment 
the explainability of multimodal data and machine learning model 
predictions in the context of sustainable smart farming solutions. 

AgriUXE (see Figure 4) integrates efcient data collection from 
various multimodal sources, advanced data analysis techniques, and 
multimodal explanations (i.e, combined through a process of late 
fusion) on both the captured data and the machine learning models’ 
predictions to provide actionable insights for farmers. It enables 
seamless integration of agricultural insights into third-party smart 
farming solutions through an accessible API. 

By guiding agriculture stakeholders toward transparent data-
driven decisions, AgriUXE was further designed to study how the 
combination of explainability and user-centered design can infu-
ence users’ expectations and perceptions of smart farming tech-
nologies’ added value. 

Aligned with the principle of involving all relevant stakehold-
ers, including farmers, agronomy experts, culture technicians, citi-
zens, and civil society, AgriUXE adopts a collaborative approach 
throughout the development process. This ensures that the platform 
addresses the diverse needs and perspectives of all stakeholders, 

AgriUXE Data Collection &
Storage

AgriUXE Data Analysis & Pre-
Processing

Multimodal Data Explanations

AgriUXE Data Prediction &
Fusion

Inference Explanations

AgriUXE 
Explainability
Orchestrator

3RD PARTY SYSTEM 2

3RD PARTY SYSTEM n

API

3RD PARTY SYSTEM 1

API

WEATHER

Figure 4: Simplifed AgriUXE architecture. 

fostering inclusive innovation in agricultural technology solutions. 
This stakeholder engagement journey has already started through 
workshop sessions aimed at comprehensively understanding their 
needs, expectations, and perceptions regarding the added value of 
explainable solutions in agriculture. 

5 Conclusions and Future Work 
XAI techniques ofer valuable support in enhancing the interpretabil-
ity of both opaque and transparent models in smart farming appli-
cations. Through experiments focusing on tabular data, we found 
that techniques such as LIME, SHAP, and state-of-the-art feature 
importance methods provide insightful explanations, contribut-
ing to a deeper understanding of model predictions. Furthermore, 
the potential of large language models in generating and adapting 
explanations shows promise for future research. 

However, our research was limited as certain techniques, par-
ticularly visual explanations like PDP, and ACE plots, were not 
considered in the conducted experiments. Moving forward, our 
fndings emphasize the necessity for continued research, particu-
larly with larger datasets, to validate and refne our hypotheses. 
Moreover, while XAI techniques exhibit considerable promise in 
enhancing transparency within tabular data, their broader impact 
across diverse modalities, such as vision data, demands further 
investigation. 

In addition to this analysis of XAI techniques, as future research 
directions lead to the development of the AgriUXE platform, it is 
imperative to adopt a holistic approach that integrates feedback 
from all relevant stakeholders. Through ongoing workshops and 
collaborative eforts, we are actively engaging with farmers, agron-
omy experts, and other stakeholders to understand their needs and 
expectations, ensuring that AgriUXE aligns with their expectations 
and enhances their experiences with sustainable digital agricultural 
solutions. 
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