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Abstract 
The agricultural sector plays a vital role in economic development and depends heavily on timely, accurate, and relevant 
information for effective decision-making. Farmers, agricultural scientists, and other stakeholders often require quick and 
reliable answers to queries related to crop management, soil health, pest control, weather conditions, and sustainable 
farming practices. In recent years, Question-Answering (QA) systems have gained significant attention as a promising 
technological solution to address this growing demand. These systems allow users to pose questions in natural language 
and receive precise, context-aware responses. 
This research paper presents the conceptualization and development of a QA system specifically tailored for the 
agricultural domain. The proposed system harnesses the power of Natural Language Processing (NLP) and Machine 
Learning (ML) to classify questions based on their type. Accurate question classification is essential for retrieving relevant 
answers and improving the overall performance of the QA system. Several ML algorithms are explored implemented, 
and compared to determine the most effective model for this task. 
Keywords: Natural Language Processing Question Answering, Human Language Agricultural  Practices 
Agricultural Sector 
 
INTRODUCTION (10 PT) 
Objective of QAS to produce pertinent answers to a user's question [1]. The system must be able to 
understand the intention of the user, the context of the question, and the underlying meaning of the 
text. There are various reasons for planning and developing an agricultural quality assurance system. 
Some of these reasons include: 24 Access to information: Agriculture is an information-intensive field 
and access to exact information is essential to making informed decisions about crop management, pest 
control and soil fertility. QAS can provide quick and easy access to this data, which helps researchers; 
farmers and other stakeholders make knowledgeable decisions. Efficiency: QAS can provide fast access 
to data that can save time and resources, especially for farmers who do not have the resources to access 
and analyze large amounts of data. This efficiency can help increase the productivity of the agricultural 
sector [2]. 26 Accessibility: QAS can be designed to be accessible and usable even by people with limited 
technical knowledge. It ensures the relevant information is available to all agricultural stakeholders, 
including smallholders who may be located in remote or rural areas. 27 Integration with other 
technologies: QAS can be integrated with other technologies [3] such as mobile applications and 
precision farming tools to provide a more broadly to the challenges facing the agricultural sector. 28 
Opportunities to address global food security: By 2050, the world population is hoping to reach 9.7 
billion and the demand for food will increase by 50%. The agricultural industry needs to be more 
productive and efficient to meet this demand, and a quality assurance system can help address some of 
the challenges facing the industry [4]. QAS system uses machine learning techniques to gather and 
explore data from various sources such as agricultural databases, scientific publications and social media. 
In the previous work [6], The importance of automated question pairings has grown significantly, aiming 
to reduce the effort and time needed for manual question generation [5]. A method has been devised to 
automatically generate question-answer pairs for patient education, enabling the transformation of 
various patient education videos into corresponding question-answer pairs with accompanying streaming 
video. 
In [7] When responding to a consumer's query[15], the program will identify an appropriate response. 
However, the computation time has tripled because the software must wait for the same set of questions 
to be submitted by multiple consumers. This is necessary as the software needs to offer simultaneous 
answers to multiple consumers on a regular basis. To address this, the 'PLANE' method has been 
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developed to temporarily prioritize consumers selected first from the relevant query group. When a 
consumer poses multiple questions, the software will present responses in a hierarchical format, 
recommending the most relevant assessment response first. In [8], The objective of an Intelligent 
Question-Answering framework is to deliver precise responses to textual queries. Such frameworks 
heavily rely on text analysis, which often comes with a significant computational load [9]. Recently, 
Knowledge Graphs have emerged as an effective approach for these frameworks. 
 
RESEARCH METHOD (10 PT) 
A query processing module that finds the query type and the expected response type for certain semantic 
queries [10]. The proposed research is presented as follows A feature-aware gradient boosting model is 
proposed for the query processing module [11]. The model proposed is trained using the Kisan call 
center dataset, based on which the model predicts the expected reply to a specific query asked by farmer. 
In addition, the feature-aware gradient boosting model carrying out for query type detection is 
investigated. Here total of three categories such as vegetables, fruits and flowers are discussed. The 
classification task [12] is performed using various standard machine learning models. SGD achieves 
88.03% perfectioness in comparison with other models and the proposed feature-aware gradient boosting 
model 94.1% correctness. 
 

Figure 1. Architecture of QA System 
A cutting-edge model known as the FAGB has undergone rigorous training using the Kisan call center 
dataset. This innovative model, named the Feature-Aware Gradient Boosting model outlined to cater to 
the unique information requirements [13] of users currently facing with daunting task of sifting through 
copious load of facts and information to facilitate well-informed decisions, improve productivity, and 
curtail expenses associated with crop cultivation. 
Expanding on this, the Feature-Aware Gradient Boosting model has been meticulously crafted to 
recognize and prioritize the key features and attributes within the vast agricultural data [14] landscape. 
This feature- awareness is instrumental in streamlining the decision-making process for farmers. By 
discerning the most pertinent information, the model empowers farmers to make more accurate and 
timely choices, be it in crop selection, pest and disease management, irrigation scheduling, or soil 
nutrient optimization. 
Furthermore, the model's potential extends beyond data-driven insights. It holds the promise of reducing 
the cognitive burden on farmers by providing interpretable and actionable recommendations. For 
example, it can suggest [15] optimal planting dates based on historical weather data or offer tailored 
advice on fertilizer application, thereby directly contributing to increased yields and cost savings. 
In a broader context, this pioneering model represents a significant step forward in the agricultural 
technology landscape, bridging the gap between data-driven decision-making [16] and the practical 
requirements of stakeholders. Its adaptability and capability for blending into being farming practices 
position it as a valuable tool in the modern agricultural arsenal, helping farmers to not only navigate the 
sea of data but also thrive in an ever-evolving agricultural environment. 
In the era of modern farming, the agricultural landscape [17] is filled with a plenty of data and 
information resources, making it an information-rich yet daunting realm for farmers to navigate. The 
sheer complexity and volume of available information [18] can often prove overwhelming. This is where 
Question and Answer Systems (QAS) emerge as indispensable tools. Custom-tailored to the specific 
needs of the agricultural sector, these QAS provide farmers with a good interface through which users 
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pose the questions [19] and receive information finely tuned to their unique requirements. Farmers 
confront a multitude of challenges, including limited access to vital information, the intricacies of 
comprehending technical details, and resource constraints. Hence, the development of an effective 
agricultural [20] QAS should be rooted in the ambition to alleviate these challenges, ensuring that 
farmers can effortlessly access the resources they need. 
Feature-Aware Gradient Boosting model specifically tailored for the agricultural Q&A system. We 
evaluate its performance based on accuracy, recall, and the F1 score. 

Figure 2. Boosting Method 

Figure 3. FAGB Boosting Model 
 
XGBoost, ML method stands out as an ideal choice for agricultural question-answering systems [21]. 
This powerful tool that effectively combines several decision trees to make precise predictions. What sets 
XGBoost apart is its remarkable [22] aptitude for handling extensive and intricate datasets commonly 
found in agriculture. Whether dealing with numerical or categorical data, XGBoost demonstrates 
remarkable efficiency. Additionally, one of its standout features that provides key relevance insights, 
which allows users to discern the critical factors impacting crop production. 
By integrating the model into an agricultural question-and-answer system, stakeholders can gain real-
time retrieval of data [23] concerning crops, weather situations, and other elementswhich influences 
productivity of agricultural. This invaluable information empowers farmers and other industry players 
to make proper decisions regarding crop selection, cultivation practices. Consequently, this guides to the 
taking on to more fruitful farming practices, enhancing the overall health and prosperity of the farming 
sector. 
Furthermore, the FAGB model [24] builds upon the strengths of XGBoost. It introduces a feature-aware 
gradient enhancement model, a novel approach to identifying and prioritizing the key element within 
an agricultural dataset. The model accounts for the complexities of data dimensions in the farming 
domain. 
To delve into the technical details, let's consider the equation: 
E = {(a_1, b_1), (a_2, b_2), …, (a_m, b_m)} ..................................................................................... (2.1) 
In this equation, 'j' represents the individual samples [25] within the dataset. For each sample 'j,' the 
corresponding 'b_j' denotes the binary class identifier, which could be {-1, 1}, reflecting the outcome for 
thatspecific sample. The n-dimensional vector 'a_j' encapsulates the observable properties of sample 'j.' Given 
the multitude of features, a dataset can become quite complex. When the sample dataset size is 'm,' which 
might contain fewer samples differentiating to the full dataset 'n,' accurately predicting the outcomes 
becomes challenging. 
To direct this challenge, a predictive model 'G ̂' is constructed and analyzed using the below 
equation: g: A → B ......................................................................... (2.2) 
In this equation, 'A' symbolizes the independent characteristics within sample 'j,' while 'B' represents the 
predicted outcome. By leveraging this feature-aware gradient enhancement model, it becomes possible to 
make precise predictions and understand the crucial attributes influencing agricultural decisions. This, 
in turn, empowers farmers and stakeholders to make data-informed choices for better farming practices. 
XGBoost classification algorithm creates a prediction model, with the objective of minimizing a specified 
objective function. The XGBoost technique, a widely adopted Gradient-Tree-Boosting (GTB) method, 
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is instrumental in addressing various classification problems. This is detailed by the following equation: 
Z ̂_j = G(Y_j) = ∑_(l=1)^L g_l(Y_j), where g_l∈α ........................................................................... (2.3) 
In the above equation: 
Y_j constitute the 'j^th' sample in the dataset. 
'L' signifies the size of the tree in classification process 
Z ̂_j reflects the classification outcome of the multi-label classification model with various dimensions. 
The 'l^th' dimension indicates the probability that a specific class be included in the 'l^th' class. 
α denotes the set of different decision trees for the given equation: α = {g(y) = x_t(y)}............. (2.4) 
In this context, all individual trees 'g(y)' are consistent with one another concerning leaf mass 'x' and 
structural parameter 't.' The XGBoost classification model endeavors to minimize the loss parameter 
defined by the equation below: 
M(G) = ∑_j m(z ̂_j, z_j) ∑_l β(g_l) ......................................................................................... (2.5) 
Here, 'z ̂_j' represents to the predicted values, 'z_j' signifies the actual labels, and 'β(g_l)' is connected with 
the individual classifiers. The objective is to minimize this loss parameter, resulting in an optimized 
classification model that can effectively categorize data into the desired classes. This approach, rooted in 
the principles of ensemble learning, is a robust framework for enhancing the accuracy and performance 
of agricultural question- answering systems, ultimately benefiting farmers and agricultural stakeholders 
in their process of taking a decision. 
Equation (2.5) introduces the penalty term 'β(g_l),' which is represents the constants 'δ' and 'μ,' 
controlling the intricacy of the calculation. The 'U' parameter signifies the leaf size within the tree. This 
penalty term gains a important a role in the optimization process. 
In the FAGB model, a weight functions given to train the data 'y,' with 'm' defining the selected sample. 
The model employs the negative log-likelihood loss function, represented by equation (2.7), to calculate 
the loss: m(z ̂_j, z_j) = -∑_k z(k) log⁡ẑ(m) = -log⁡ẑ(m) .................................................... (2.7) 
In this equation: 
- 'z(k)' denotes the 'k^th' feature of the sample. 
- 'z ̂(m)' represents the 'z ̂k^th' dimensions of the sample's result. 
An iterative optimization process is applied to minimize the loss function for a given iteration 'u,' as 
described in equation (3.8): 
M^j = ∑_(j=1)^o m(z _̂ j^((u-1)) g_u (y_j), z_j) β(g_u) ........................................................................... (2.8) 
In equation (2.8), 'g_u' is determined through an iterative process that greedily minimizes the loss. To 
further minimize this loss, equation (3.9) is used: 
M^u≅∑_(j=1)^o [m(z _̂ j^((u-1)) z_jh_jg_j (y_j) 1/2 i_j g_u^2 (y_j)] β(g_u) ........................................ (2.9) 
In this equation: 
- 'h_j' signifies the first gradient term of m(z ̂_j^((u-1)) z_j). 
- 'i_j' represents the order of the second gradient (z ̂_j^((u-1))z_j). 
Equation (2.9) demonstrates the process for minimizing the tree 'g_u.' It's important to note that the 
choosing of features that impacts classification performance when using the standard XGBoost (XGB) 
algorithm. 
In contrast, logistic regression (LR), as a linear method [26], given to classify and predict datasets. This 
predictive modeling method relies on regression and is grounded in probability. LR is often employed 
for binary data to determine outcomes based on one or more attributes. The choice of cost functions vary 
based on the regularization method employed, including L1 and L2 standard and elastic network 
regularization [28]. The regularization strength is defined by the regularization factor 'C,' 
Additionally, the Multinomial NB classification algorithm is widely used in text classification 
applications. It leverages Bayes' theorem to estimate the probability that a sample exhibits properties 
associated with a particular class. 
Support Vector Machine (SVM) is a versatile supervised learning technique that is effective for solving 
both classification and regression problems. SVM maps data points from a lower-dimen-sional space to a 
higher- dimensional space, enabling them to be linearly separated. A hyperplane is then built to 
provide as a classification boundary, effectively separating data points into different classes. SVM is 
known for its robustness and ability to handle complex data, making it a popular choice for various 
machine learning tasks. SVM objective function, considering 'n' data points, is defined by equation 
(2.13). It encompasses both normalization and a loss function. The primary hyperparameters governing 
SVM models are the normalization vector (ω) and the regularization factor (C). There is a delicate trade-
off between penalties for inaccurate predictions and the margin of discrimination, which is regulated by 
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the internal parameter 'C' initialized during SVM training. Additionally, SVM employs a kernel function 
'f(x)' to assess the degree of similarity between pairs of data points ('x_i' and 'x_j') selected from a range of 
kernels. Common kernel types include the sigmoid, polynomial, linear, and radial basis function (RBF), 
with the gamma coefficient acting as a hyperparameter in the sigmoid, RBF, and polynomial kernels. The 
gamma parameter [29] determines the curvature of the decision boundaries. 
Random forest is a favoured technique in machine learning for addressing classification and regression 
problems. It operates as an ensemble method, employing the outputs of multiple decision trees to reach 
a final prediction. 
Decision trees are a versatile ML algorithm applicable to both regression and classification tasks. The 
model's structure forms a tree-like hierarchy, where each internal node represents a decision based on a 
function, each branch symbolizes a possible value of that function, and each leaf node signifies an 
expected outcome. 
Equation (2.15) provides the mathematical representation of a decision tree 
model: y = f(x)… ................................................................................ (2.15) 
Here, 'y' denotes the predicted result for a given data sample 'x.' A decision tree structure can be mapped 
into a series of if-else statements that collectively form a function, making it a valuable tool for solving 
various machine learning problems. 
AdaBoost, an adaptive boosting technique, is a machine learning approach that leverages several weak 
classifiers and amalgamates them into a single robust classifier. AdaBoost is centered around the concept 
of training weak classifiers, each of which is trained on a modified version of the training dataset, with 
increased emphasis on samples that were significantly misclassified by previous weak classifiers. The 
process involves iteratively training a set of feeble classifiers, with each feeble classifier operating on a 
dataset containing more wrongly classified examples than the previous dataset. 
SGD classifier, utilizes a one-to-all approach to combine multiple binary classifiers. SGD has gained 
popularity for its access to all data in each iteration, making it suitable for large datasets. Its underlying 
principle shares similarities with regression methods, making it relatively easy to comprehend and 
implement in practical applications. Regularization in the context of the loss function serves as a penalty 
that encourages model parameters to approach zero, with regularization [30] options such as L2 (squared 
Euclidean norm), L1 (absolute norm), or a combination of the two (elastic). One crucial hyperparameter 
in SGD is the regularization factor 'alpha,' which controls the extent of regularization and influences the 
learning rate. Properly configuring this hyperparameter is essential for obtaining reliable results. 
The Kisan-Call-Center (KCC) database is a valuable resource for agricultural question-answering systems, 
collecting a set of questions and answers related to agriculture, soil management, disease and pest 
prevention, climate change, and government agricultural initiatives. It encompasses approximately 5,000 
questions and answers in various Indian languages and developing algorithms for the agricultural sector. 
Researchers and developers exploring question-answering system technology [27]in agriculture can access 
this database from the Open Government Data policysupported by the Government of India, making it 
a critical resource for advancing agricultural technology and providing farmers support in the country. 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4. Data set of Kisan call center 
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TruePositive + FalseNegative 
Below equation determines the model's F1 − score. 
 

Recall × Precison 
F1 − Score = 2 × 

Recall + Precision 
Accuracy 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5. Accuracy 
Three categories such as vegetables, fruits and flowers are discussed. Classification task is performed by 
various ML algorithms. Compared to all other algorithms I,e logistic regression, multinomial naïve bayes, 
K nearest neighbor , support vector machine , random forest, decision tree, adaboost, SGD , FAGB 
model proposed which produces the accuracy of 94.1%. 
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Figure 6. Precision 
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Here a total of three categories such as vegetables, fruits and flowers are discussed. Compared to all other 
algorithms I,e logistic regression, multinomial naïve bayes, K nearest neighbour , support vector machine 
, random forest, decision tree, adaboost, SGD , the proposed FAGB model produces the accuracy of 
0.94. 
The classification task is performed using various standard machine learning models. SGD achieves a 
higher recall of 0.86, However, the proposed the proposed FAGB model produces the higher recovery 
value of 0.93. 
 
F1Score 
 
 
 
 
 
 
 
 
 
 
Figure 8. F1-Score 
 
F1 score performance is evaluated to know the type of question. The task of classification is performed 
using various ML algorithms. Proposed FAGB model produces the higher F1 score of 0.95 compared 
with other existing models. 
The table below illustrates a comparison of results obtained from various algorithms. For the question 
processing module, a Feature-Aware Gradient Boosting Model has been introduced. This model has 
been trained on the Kisan Call Center Dataset to predict the expected answer for queries posed by 
farmers. 
Moreover, the performance of the Feature-Aware Gradient Boosting Model has been evaluated for 
identifying the type of question. Three classes, namely fruits, vegetables, and flowers, were considered 
for this task. Classification was carried out using different standard machine learning models. While SGD 
achieves a higher accuracy of 88.03% compared to other models, the proposed Feature-Aware Gradient 
Boosting Model achieves even higher accuracies, reaching 94.1%. 
 
Table 1 shows comparison table of the proposed model and other algorithms. 

Methods Validity (correctness) 

Random Forest 86 % 
Support Vector Machine 87.2 % 
LR algorithm 86.01 % 
Multi Nomial NB algorithm 72.61 % 
KNN algorithm 69.1 % 
Decision Tree 80.9 % 
AdaBoost 48.8 % 
SGD Classifier 88 % 
FAGB (Feature Aware Gradient Boosting 
Method) (Proposed) 

94.1% 

 
1. CONCLUSION (10 PT) 
Table 1. Shows that 48.8% accuracy produced by Adaboost algorithm, KNN algorithm and Multi Nomial 
NB algorithms accuracy were 69.16% and 72.61%, respectively. Additionally, 80.93 percent accuracy 
produced by the decision tree algorithm. In addition, accuracy produced by Random Forest and Logistic 
Regression are 86% and 86.01%. The SVM and SGD classifier algorithm produces better accuracy 
compared to the other previous methods and the proposed FAGB produced an accuracy of 94.1%. Thus, 
the proposed trait-aware gradient amplification model that gives exact solution to the particular 
questions of farmers. 
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